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Abstrat

This thesis is dediated to solve the loalization problem in mobile wire-

less sensor networks. It works mainly with �ngerprints features and iner-

tial movements information. The former takles the RSSIs values between

sensors while the latter deals with the objets movement attitude by using

aelerometer and gyrosope. The ombination of both information is per-

formed in terms of interval analysis, or Kalman �ltering. The proposed

work introdues three orders mobility model to approximate nodes trajeto-

ries using aelerations, ombined then to the weighted K nearest neighbors

algorithm in a entralized sheme. Then the mobility models are extended

up to the inertial information taking into onsideration the rotations of the

nodes. A lusterized loalization method is also proposed in the following

in view of the working mehanism of large sale sensor networks. Finally,

this thesis proposes a zoning loalization method aiming at determining the

zones in whih the nodes reside. The proposed method addresses the zoning

problem by using both the belief funtions theory and the interval analysis.

Keywords: Sensor networks; estimation theory; interval analysis

(mathematis); Kalman �ltering; aelerometers; gyrosopes.





Résumé

Ce manusrit est dédié à la résolution du problème de loalisation dans les réseaux de

apteurs sans �l mobiles. Les méthodes développées se basent prinipalement sur des

aratéristiques de �ngerprints ainsi que sur des informations de mobilité. Les premières

s'attaquent aux valeurs de RSSI entre apteurs tandis que les deuxièmes prennent en

onsidération la mobilité des apteurs mesurée à l'aide d'aéléromètres et de gyro-

sopes. La ombinaison des données olletées est e�etuée dans le adre de l'analyse

par intervalles, ou bien du �ltrage de Kalman. Les travaux proposés introduisent des

modèles de mobilité d'ordres un, deux ou trois, permettant d'approximer au mieux

les trajetoires des apteurs à l'aide des aélérations mesurées. Ceux-là sont ouplés

à l'algorithme des K plus prohes voisins, d'abord dans un système entralisé. En-

suite, les modèles de mobilités sont améliorés pour prendre en ompte les rotations des

n÷uds. Une méthode de loalisation lusterisée est également proposée dans e qui suit,

s'adaptant au méanisme fontionel des réseaux de apteurs de grande éhelle. En�n, e

manusrit propose une méthode de zonage visant à déterminer les zones dans lesquelles

les apteurs résident. La méthode proposée aborde le probléme de zonage en utilisant

à la fois la théorie des fontions de royane et l'analyse par intervalles.

Mots-lés : Réseaux de apteurs (tehnologie); estimation, théorie de l';

alul sur des intervalles; Kalman, �ltrage de; aéléromètres; gyrosopes.
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I
Introdution
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I.1 Researh bakground

I.2 Illustration of the loalization problem

I.3 Content Organization

Referenes

W

ireless sensor networks have been promoted and prosperously evolved

sine the last two deades. They were voted as one of the ten break-

through tehnologies ten years ago with ontinuous improvements towards

faster, larger and stronger apabilities. Nowadays, the wireless sensor

networks are applied for all walks of life, as for instane in monitoring mahinery

in the fatories, traking the patients in the hospitals, geologial disaster reliefs,

migration surveillane or spae exploration and so on. Grateful for the massive ad-

vanes in the �eld of miro-eletromehanial systems, embedded miro-proessors

and wireless ommuniations, these networks are designed with omponents of low-

ost, low-onsumption, tiny volume and a variety of funtions to meet the require-

ments of the various appliations. However they have meanwhile irresistible defets

of limited storage and omputational apability, leading to onstraints that all the

operations in a network should obey. A fundamental issue in wireless sensor net-

works is the self-loalization of the sensors, whih o�ers the geographial loations of

networks nodes. This issue in�uenes a priori and eventually the networks ultimate

performane sine almost all sensors measurements are position-related. There exist

amounts of researhes on loalization algorithms relevant to di�erent senarios and

appliations. In this thesis, the objetive is to solve the problem of loalizing the net-

works nodes in an indoor environment while ahieving higher positioning auray

with less osts. This hapter begins with a desription of wireless sensor networks.

Next, it illustrates the loalization problem then presents several existing methods.
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I. INTRODUCTION

I.1 Researh bakground

All the tehnologies are reated and developed to improve the world's lifestyle. With

no exeption, Wireless Sensor Networks (WSNs), born in the 1990's, have never gave

up to revolutionize the livings life. During the dozen years, WSNs develop generations

after generations, from simple and rigid to more �exible and intelligent, along with

the rapid developments of miro-eletromehanial system, embedded miro-proessors

and wireless ommuniation tehniques [Akyildiz et al., 2002; Zhao and Guibas, 2004℄.

WSNs provide an intelligent solution for many appliations sine they are easy to de-

ploy with the uselessness of a �xed infrastruture to onnet their nodes. This setion

introdues �rst general information about WSNs then it disusses the involved problem

about loalization.

I.1.1 Desription of WSNs

PSfrag replaements

Coverage Area

Base Station

Terminal Devie

Figure I.1: An example of a wireless sensor network

WSNs are networks omposed of a large number of wireless sensor nodes. These sensors

have small sizes, low-ost and low-onsumption, they are able to sense, proess and

ommuniate with other nodes via typially radio frequeny [Ilyas and Mahgoub, 2004℄.

They are also alled smart sensors, essentially onsisting of sensation, omputation,

ommuniation and power supply units [Bharathidasan and Ponduru, 2002℄. Sensors

in WSNs are universally motivated by arrying a power resoure like nonrenewable

batteries. This leads to their limited energy supplies, implying limited sensing and

ommuniation ranges. They have also limited omputational apabilities, beause of

their small volume. The wireless nodes ould be largely and densely deployed in the

area of interest. See Figure I.1 for an example. They are prone to failure by reasons of

hardware breakdown, exhausted batteries, radio interferene or environment fators as

for the network topology ould hange frequently. The topology ould also hange with

spei� intentions like extending the interest overage or having additional sensors.

However WSNs still have high level of fault tolerane due to the massive number of

nodes, ooperation e�orts between sensors and the strong self-organizing apabilities,

allowing the ompensation of the in�uene of failure of minority nodes and improving

the sensing quality [Akyildiz et al., 2002; Stojmenovi, 2005℄.

There exist essentially three styles of topology arhitetures in WSNs: entralized, dis-

tributed and hybrid [Mourad, 2010℄, eah orresponding to the provided servies. In the

entralized networks, all the sensed data are transmitted to the entral fusion station

2

1_introduction/figures/wsnblue.eps


I.1 Researh bakground

and omputed over there. Normally nodes in that kind of networks are only apable

of sending and reeiving measurements therefore they do not perform omputation or

proessing. These networks ould provide high quality proesses but onsume extremely

large energies, espeially for the nodes nearby the entral station. The distributed arhi-

teture permit nodes to exeute spei�ed omputations at the node itself. They ould

exhange the signals among their neighbors within their ommuniation range and arry

out neessary omputations at appointed nodes. This kind of network is muh more

robust to failure than the former in the ase of failure of the fusion enter or interfer-

ene of measurements during the transmission. It also permits the parallel omputing

and allows to introdue the individual agents proving muh more privay protetion for

deentralized data. However, suh a topology needs distributed algorithms that might

be more omplex to develop and sometimes less aurate than the entralized ones. The

third topology ombines the ideas of entralized and distributed arhitetures. Prati-

ally, information transmission onsumes more energy than omputation. Under this

rule, the whole network is partitioned into several groups, or lusters. Eah of them

owns a head or luster-head that plays the role of entral fusion station. Providing

an optimum balane between energy onsumption and proessing apaity, the hybrid

topology mostly �ts the large-sale and ompliated organized wireless sensor networks

[Bandyopadhyay and Coyle, 2003℄. Figure I.2 illustrates the three types of network

arhiteture.

PSfrag replaements

sensors

lusters

luster2

luster3

luster4

PSfrag replaements

sensors

lusters

luster2

luster3

luster4

PSfrag replaements

sensors

lusters

luster2

luster3

luster4

(a) - entralized (b) - distributed () - hybrid

Figure I.2: Three topologies of wireless sensor networks

On the basis of networks arhiteture, WSNs ommuniation is established through

spei�ed transmission medium to maintain the networks onnetivity. Radio frequeny

ommuniation is a basi ommuniation mode. Based on the modulation and demod-

ulation tehniques, it ahieves low energy onsumption with simple hardware but with

low data rate during the signal transmission. Moreover the path loss of the transmitted

signals between two nodes in the ommuniation range ould be seriously up to fourth

order exponent of the distane between them [Akyildiz et al., 2002℄. The redution of

the path loss in�uene is always a hallenge issue from the views of onrete hardware

design and abstrat signal transmission [Zhang and Pathirana, 2013℄. Zigbee tehnique

3
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I. INTRODUCTION

[Cheong et al., 2011℄ based on IEEE 802.15.4 protool ould be an alternative hoie in

ase of deploying a large number of nodes, whih is also in low-onsumption, low-rate

and low-ost but with weak penetrating ability in indoor surroundings. Comparatively,

the Ultra-WideBand (UWB) [Chehri et al., 2009℄, whih serves for the measurements

of time arrival, is apable of penetrating thik walls and insensitive to hannel fading,

however in ost of relatively higher onsumption. Bluetooth [Erasala and Yen, 2002℄

is anti-inferene but requires additional devie and onsumes and osts more than the

latter. Therefore it is not suitable for a large-sale sensor network where equipping mas-

sive nodes with additional devies osts a lot. Comparing with the tehnique mentioned

before, WiFi, based on IEEE 802.11 protool, is highly reliable but relies on powerful

ommuniation station and aess nodes [Li et al., 2011℄. Other options exist suh as

that the use of Radio-Frequeny IDenti�ation (RFID) [Choi et al., 2011℄, infrared [Gao

and Guo, 2010℄ or ultrasound [Shahid et al., 2010; Runge et al., 2011℄. This kind of ap-

proah requires orrespondingly additional devies embedded to the sensor. They ould

ahieve rather good preision and normally are limited to some spei�ed senarios like

underwater, jungles or hand-hold terminals. Pratially, no matter what kind of om-

muniation protool is adopted in a wireless sensor network, the key issue is how well

it suits for the exposed environment to serve for the transmission and measurements.

As the Frenh proverb says, "haun son métier".

I.1.2 Appliations of wireless sensor networks

Researh ultimately omes down to pratie. The appliation area of WSNs falls in a

wide range involving military, environment, medial, biology, ivil life, spae exploration

and so on, performing a set of ompliated information proessing tasks ategorized pos-

sibly into monitoring and traking. This part ites as follows several lassial examples

of WSNs appliations existing in that diverse domains [Akyildiz et al., 2002; Yik et al.,

2008℄. Figure I.3 illustrates some appliations of WSNs.

Figure I.3: Di�erent appliation �elds of wireless sensor networks

Military appliations : The harateristis of rapid deployment, self-organization

4
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I.1 Researh bakground

and high fault tolerane of WSNs promise to make quik response to the onstant

hanges in the battle�eld environments. In the �rst plae, it helps in monitoring

and further managing the status of friendly troops, equipments or ammunitions

by attahing to them the smart sensors. All the sensed information are gathered

and aggregated in the networks, then forwarded to the ommanders to make the

proper deision of ation. Similarly, deploying the sensors in ritial areas with

enemy troops, vehiles and supplies ould keep a lose wath of all the movements

of opposing fores, reognize the possible attak intension early and response

quikly. In ase of ruial ombat onditions where the nulear, biologial or

hemial attak our, the multifuntion sensor ould sense polluted areas timely

and aurately, detet the onentration levels, warn the friendly fores and pre-

vent the human exposure in suh areas. A ounter-sniper systems is proposed in

[Simon et al., 2004℄ aiming at the detetion and the loalization of the snipers. It

measures the time of arrival between muzzle blast or shok waves then omputes

shooter's hiding loation. The army of US have arried out a set of tests using

WSNs at the desert of California [Hill, 2003℄. The DARPA (Defense advaned

researh projets ageny) of US has early launhed the SensIT (Sensor informa-

tion tehnology) projet to onstrut ubiquitous sensor networks for realizing all

kinds of measurements like light, sound, vibration, magnetism, humidity, pressure,

temperature, pollution, aeleration, et.

Environmental appliations : The most famous projet in reent years onerning

the wildlife habitats is the great duk island projet [Mainwaring et al., 2002℄. This

projet is onduted by the the team of omputer engineers from the university

of California Berkeley to improve the researh of the biologists at the ollege

of the Atlanti on the nesting behaviors of seabirds. Traditionally, in order to

make their studies, the biologists have to travel through the island frequently and

in person, whih probably have disturbed the seabirds regular nesting behaviors

and even indued them to abandon their home. With this projet, the networks

onsisting of 190 wireless sensors at the island take plae of man-work at the

stage, biologists ould hek on the birds in their o�e a few tens kilometers

o� the island, browsing data from the sensors linked with satellite and sharing

their observations with their olleagues. Another similar appliation is ZebraNet

[Juang et al., 2002; Zhang et al., 2004℄, where sensors are attahed to the zebras

ollars to study their migration as well as their interation with other speies. At

the university of Hawaii, the PODS projet [Biagioni, 2001; Biagioni and Bridges,

2002℄ uses WSNs to observe and further determine the ritial fators in�uene

on the growth of endangered speies of plants. Based on aousti tehniques

integrated with TinyOS systems, a ase of underwater monitoring is developed

in [Vasilesu et al., 2005℄ to monitor oral reefs and �sheries in a long term.

In Sonoma California, WSNs partiipate into the study of redwood trees [Tolle

et al., 2005℄ by measuring several kinds of physiologial signs like air temperature,

relative humidity, solar radiation and more at di�erent spaial gradients around

the tree. Besides the appliation about �ora and fauna, some other sensors, like

5
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seismi sensors, ould detet the ourrene of an earthquake and monitor the

earthquakes diretion and magnitude. Others ould monitor the air quality, trak

water pollution, detet forest �res or toxial leakage. In 2001, Kris Pister and his

Berkeley team onduted an imitated experiment in the Mojave desert of southern

California based on the UAV (unmanned aerial vehiles). They air-dropped six

wireless sensors along a road over the viinity of the aident site. One the

network is self-organized, it initiates the detetion of passing vehiles then reports

to the UAV.

Health are appliations : Biomedial WSNs are designed to measure a variety of

vital signs for a patient in bed for in-time surveillane in [Hande et al., 2006℄.

The sensors are integrated with the devie of eletroardiogram (ECG) for mea-

suring the blood pressure. Additionally, it is equipped with the solar ells panels

failitating self-harging in need. Patients equipped with the sensors, as a on-

sequene, are ideally under 24h non-intermittent supervision even though they

move around freely and independently. More over, in ase of aidents suh as

sudden slip or falls, sensor would notify the base station immediately and all for

immediate medial attention suh as alerting a dotor to make a quik response

to the emergeny. Another appliation [Shwiebert et al., 2001℄ adopts a kind

of gluose meter, embedded within patients to ontinuously observe blood-sugar

level trends for diabetes surveillane. Meanwhile the indiator of orresponding

measurements is relayed to the wristwath display to remind the host in ase an

abnormal onentration of blood-sugar ours. The biomedial WSNs highly im-

prove the health are quality. They ould serve equally for monitoring �re-�ghters

vital signs, alerting the disabled abnormal event in a unattended environment, en-

suring the baby-sitting, traking the ativities of people with alzheimer disease,

et.

Civil appliations : The smart sensors networks promise an intelligent lifestyle. That

involves the surveillane of residene, transportation, industry and all kinds of

ritial infrastrutures in daily life. Spei�ally, energy ontrol in o�es buildings

redues energy onsumption by two quadrillion british thermal units, in the US,

saving up to 55 billion dollars per year and reduing 35 million metri tons of

arbon emissions [Rabaey et al., 2000℄. [Viani et al., 2011℄ proposes a WSN-

based system for early alert of road inident by reason of wildlife road rossing.

[Dagher et al., 2014℄ oneives an ubiquitous navigation system based on WSNs

and smart ity onept. It provides a loal navigation servie for the itizens

driving a vehile with aid of the smart street lightning system. Last but not least

an industrial sensor network is designed in [Krishnamurthy et al., 2005℄ for the

view of equipment maintenane.
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I.2 Illustration of the loalization problem

Handling with the issue of surveillane or traking, WSNs reports eventually the loation

where the deteted event ours in real-time. This objetive requires in fat the prior

knowledge of sensors loation themselves, whih are in most real ases kind of unknown.

The problem of determining the nodes loations is referred to the loalization problem

[Yik et al., 2008℄.

I.2.1 De�nition of the problem

In some appliations of WSNs, sensor nodes ould be deployed manually beforehand at

expeted positions. However, on request of the appliation in diverse domains as men-

tioned above, sensors nodes are generally randomly sattered into a spei�ed plae, suh

as in the air-drop manner, afterwards they self-organize into an e�ient ommuniable

network. Moreover, in some ases, the sensors move in requirements or unexpetedly

by unontrolled outside fators suh as the air�ow or the vibration nearby. As a on-

sequene, sensors stay generally in the statue of unawareness of their atual positions

at the very beginning of organizing networks or during the period of reonstruting

networks. Hene, the apability of sensor nodes for self-loalization is expeted to be a

key issue in playing the role of monitoring or traking.

Figure I.4: Sensors equipped with GPS

One intuitive solution to this problem is to equip all the sensors with Global Positioning

Systems (GPS) [Hofmann-Wellenhof et al., 2004℄ to make an absolute positioning as

shown in Figure I.4. However, this solution implies two impratial fats, one severely

onstrained with the plae where the WSN is applied and the other with the hardware

support. Namely, in ase of obstales blokage between the satellite and the sensors,

GPS is inapable to obtain the aurate ommuniation signals between the sender and

the reeiver. This is the ase in indoor environments where GPS signals are ompletely

not reliable or aeptable. In the other hand, a full set of GPS reeivers would be needed

to equip all sensors, whih is highly-osting, extremely energy-onsuming during working

and also requiring speial design. That devie is thus bulky for the tiny sensors and too

muh expensive to furnish in a large-sale network.

7
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Beause of the impratiality of GPS, alternative solutions serving for loalization in

WSNs have emerged. A majority of suh approahes solve this problem with the help of

anhors, whih are sensors having positions known in advane. That ould be by means

of GPS in ase of mobile outdoor networks as shown in Figure I.5-(a), or anhors ould

have �xed loations as in Figure I.5-(b). The other remaining sensors are alled nodes,

having unknown loations no matter �xed or moving. The key idea of loalization here

is to make use of the internodes ommuniations, the sensors measurements and/or

the information exhanged with the anhors, suh as temperature, signal strengths,

transmission time or angles, or even 1 or 0 denoting a detetion of anhors or not, to

determine nodes' loations.

Let us de�ne the loalization problem in an indoor senario where a node j moves in

a D-dimensional spae inluded in ℜD
, with D = 2 or D = 3. Suppose there are

NA anhors and NX nodes, that is j ∈ {1, ..., NX}. Eah anhor i is denoted o-

ordinately by ai = (ai,1, ..., ai,D), i ∈ {1, ..., NA}. Eah node j is denoted similarly

by xj(t) = (xj,1(t), ..., xj,D(t)), where t denotes the disrete time-step. We assume also

that anhors are �xed and that nodes use the exhanged information with anhors to be

loalized. Let mj,i(t) be the measurement of node j related to anhor i. Then mj(t) =

(mj,1(t),mj,2, ...,mj,i, ...,mj,NA)
T
is the measurements vetor olleted by the node j at

time t. We also denote in the following bym(t) = {m1(t),m2(t), ...,mj(t), ...,mNX (t)}
the set of all measurements vetors olleted at time t. Then, the objetive is to om-

pute xj(t) while having the positions ai and the orresponding measurements mj(t).
Di�erent anhor-based tehniques have been proposed to meet the diverse requirements

of sensors in WSNs, suh as those based on distane estimation, onnetivity measure-

ments, senario information olletion et. In the following part, ouples of suh kinds

of existing methods are introdued suessively.

I.2.2 Solutions of the loalization problem

The measurements m(t) provide pratially kinds of possibilities to loate a wandering

node. Some measurements ould be transferred to distane information, others re�et

the onnetivity information. In the following, basi solutions are introdued �rst to give

an intuitive reognition of sensors positions in the network. Then the onnetivity based

8
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methods and other range based methods follow. Other types of loalization methods

suh as signal-strengths-based and senario-based approahes are also inluded.

I.2.2.1 Basi solutions

Intuitively, aording to the geographial geometry, it is possible to infer a node's loa-

tion when its distanes to at least three anhors are available. Meanwhile, the loaliza-

tion proess is ahieved under the assumption ofm(t) relying on onrete measurements,

that ould be periods of elapsed time, relative angles, signal strengths, radio hops or

other features obtained by all means of measurements between the sensors. In basi

loalization methods, the measurements are used to ompute the relative range (or dis-

tane) between nodes and anhors, namely in the ranging phase, whih is followed by the

ombination phase to obtain the nodes' positions. Methods using the distanes between

sensors in networks are alled range based loalization methods. At the very beginning,

it is reommended to desribe the lassial ways in terms of di�erent types of measure-

ments tehniques serving for range measurements. The ombination of range is variant

and presented later. There exist ouples of fundamental ranging methods for distane

estimation, based on Time of Arrival (ToA) [Guven and Chong, 2009℄, Time Di�erene

of Arrival (TDoA) [Priyantha et al., 2000; Savvides et al., 2001℄, Angle of Arrival (AoA)

[Niulesu and Nath, 2003; Priyantha et al., 2001℄, Reeived Signal Strength Indiator

(RSSI) [Kaemarungsi and Krishnamurthy, 2004; Bahl and Padmanabhan, 2000℄ or radio

hop-ount whih is illustrated later.
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Figure I.6: Illustration of fundamental ranging methods

The ToA method reords the traveled time of signals emitted by the anhors and reeived

by the nodes. These signals ould be radio frequeny, aousti, infrared, ultrasound and

so on [Pal, 2010℄. By knowing the propagation veloity of the emitted signal and its

travel time, the ToA method onsists of omputing the distane separating the two sen-

sors. The problem here is that ToA measures the absolute time of arrival at the reeiver

aording to its lok, whih needs exat synhronous loks at both sensors. Inau-

ray in the synhronization proess leads to inaurate distanes estimates. Respetive

distanes of eah node to three anhors are normally needed to get then the position

estimates. When the synhronization of emitter and reeiver loks is not possible, two-

ways-travel ToA ould be applied, where an anhor sends �rst a signal to a node, then

9
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at reeption, the node sends a signal of the same type (ultrasound for instane) bak

to the anhor. Here the absolute time of arrival is measured by the anhor and then

divided by two to be used to get their separating distane. An illustration is given in

Figure I.6-(a) and Eq. I.1. In order to overome the multiple ambient environment fa-

tors, multipath, pathloss, interferene and the like, the Ultra Wideband (UWB) signals

ould be used here due to their �exibility and their �ne properties, speially in indoor

ommuniations, whih bene�ts the �nal loalization preision [Denis et al., 2006℄.

d = 0.5 ∗ ν ∗ ((T1 − T0) + (T3 − T2)), (I.1)

where T0, T1, T2 and T3 are known values denoting respetively the emission time of the

�rst signal of the anhor, its reeption time by the node, the emission time of the seond

signal of the node and its reeption time by the anhor and ν denotes the veloity of

the signals.

The TDoA method expands ToA method by using the time di�erene of arrival of

signals traveling between two sensors. Indeed, it onsists of sending two di�erent kinds

of signals from an anhor at the same time then measuring at a reeiving node the

di�erene of their two times of arrivals as shown in Figure I.6-(b). The distane between

the two sensors is omputed by using the di�erene of arrival times and the individual

propagation speeds of the signals, as shown in Eq. I.2. This method is impressively

aurate under ondition of LoS (light of sight) at the expense of equipping the sensors

with additional hardware. Nevertheless, adopting the sound signal is not aurate to

ranging on aount of the varied sound speed in environment with air temperature,

humidity and other environmental fators [Stojmenovi, 2005℄.

d = ((T3− T1)− (T2− T0))/(1/νultrasound − 1/νradio), (I.2)

where T0 and T2 denote the emission times of both signals, T1 and T3 their respetive

reeption times and νradio and νultrasound their respetive veloities with known values.

The AoA method measures the relative angles of arrival of signals exhanged between

two anhors and a node as shown in Figure I.6-(). That ould be obtained through

antennas phase interferometry or amplitude response [Rappaport et al., 1996; Koks,

2007℄. Using the trigonometry laws of sine and osines, one an get the position of the

node by drawing the triangle onstituted of the anhors and the node [Kulaib et al.,

2011℄. Then the relative distane between node to eah anhors are determined.
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Figure I.7: Illustration of RSSI ranging methods

Other ranging methods based on the Reeived Signal Strength Indiators (RSSI) exist.

These methods bene�t of the property of the signal degradation while traveling, that
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I. INTRODUCTION

methods ome into being. These methods are more robust against signal perturbations,

than the basi methods, sine they use omparison results of signals information instead

of their exat values. In the following, several onnetivity-based methods are disussed.

• Unlike the basi solutions, onnetivity-based methods do not need the ranging

phase where distanes to anhors or angles are omputed. The ontribution of

[Bulusu et al., 2000℄ is suh a method. It only takes into aount the anhors

that are in the ommuniation range of eah node. It then estimates a node's

position by the entroid of the geographial oordinates of the onneted anhors

around it as shown in Figure I.9-(a). This tehnique leads to a blinding simpliity

of algorithm no matter in terms of omputation proessing or hardware design.

However, it results in a oarse estimation due to blind average operation, parti-

ularly when the density of anhors in networks is low, or in ase of outliers where

the node falls outside the onvex of all its truly onneted anhors as shown in

Figure I.9-(b).

*
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Figure I.9: Illustration of the di�usion method

In this ontext, works of [Bulusu et al., 2001, 2002℄ manage to improve the perfor-

mane by an adaptive plaement of anhors beforehand. Additionally, [Savvides

et al., 2002℄ reommends to plae several anhors around the edges of the full

sensor networks in onsidering the network topologial struture.

• Similarly to the desribed method, the gradient introdued in [Bahrah et al.,

2004℄ employs equally the onnetivity with anhors around a node. Furthermore,

it onstruts gradient information and estimates the distanes between the node

and at least three nonlinear anhors roughly by utilizing the minimum hop-ount

value hj,i from node j to anhor i and maximum sense range r assoiated with

one single hop. Consequently, node j is at most distane of gradient value hj,i ∗ r
from anhor i. Then all of the gradient values ould be ombined to estimate the

nodes position by multilateration algorithm.

• Another loalization method that prevents the use of ranging proessing is intro-

dued in ontribution [He et al., 2003℄. As a range free loating method, moreover,

it performs equally well even though when nodes and anhors are irregularly de-

ployed over surveillane area due to its area-based idea ooperating also with

12
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anhors loation information Figure I.10. The theoretial lue of this idea lies in

that a node detets all of its onneted anhors and then tests if it resides in any

triangle omposed by any arbitrary three deteted anhors. This test, denomi-

nated the Point-In-Triangulation (PIT) test, onsists of onsidering that a node

is outside a triangle of three anhors if moving the node in any diretion would

inrease/derease its distanes simultaneously to the three anhors. It is inside

the triangle otherwise. By exhausting all the possibilities, the node de�nes the

triangles where it resides and then by aggregating these triangles, it narrows down

the possible triangular area where it is loated. Its position is then estimated by

the enter of gravity of the obtained area. This method, alled APIT, is illustrated

in Figure I.10. This method has shown good estimation results, however the PIT

test is not appliable when the node ould not be moved in a ontrollable manner

and here an approximated version of PIT is needed.

Figure I.10: Illustration of APIT method

• The onnetivity idea ould also be realized by implementing hop-ount through-

out the sensors topologial network. [Niulesu and Nath, 2001℄ proposes a dis-

tributed style, similarly with the ontributions presented above, however using

hop-by-hop and Distane Vetor (DV-Hop) routing as well as Landmarks of an-

hors to infer nodes loation, namely the DV-Hop propagation algorithm divided

into the following ations as shown in Figure I.11 .

� The objetive node builds a table Xi, Yi,Hj,i denoting the oordinates of the

i-th anhor (or landmark as denoted in [Niulesu and Nath, 2001℄) and the

path length obtained by ounting the number of hops onneting the node

to its neighboring anhor Lj .
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� Eah anhor or landmark Li estimates its own distane indiator per hop

with help of the real distanes as well as hop ounts between its neighboring

landmarks, whih then �ood the orretion over the whole network.

Ci =

∑

k 6=i

√

(Xi −Xk)2 +
√

(Yi − Yk)2
∑

k 6=iHi,k

. (I.4)

� Node estimates separately its distanes to at least three anhors by multi-

plying the path lengths with a distane indiator omputed by the losest

anhor.

d̂j,i = Hj,i ∗ Cclosest. (I.5)

� One the distanes to at least three anhors/Landmarks are available, node

ould estimate its position by trilateration or multilateral method as intro-

dued in the basi solution part.

The DV-Hop method takes advantage of simpliity of hop measurements there-

fore it is very easy to arry out in a onnetable networks. It performs well in

isotropi networks where the property of graph remains the same in all diretion,

onsequently however it brings onstraints in appliation when the property of

graph hanges.

• The distane inferred by hop-ount may also be obtained by another way. The

ontribution of [Nagpal et al., 2003℄ proposes a similar positioning method alled

Amorphous with DV-hop but with a di�erent way of estimating the average dis-

tane per hop dhop employing the loal neighborhood nlocal and ommuniation

range r, as shown in Eq. I.6,

dhop = r · (1 + e−nlocal −
∫ 1

−1
e−

nlocal
π

(arccost−t·
√
1−t2)dt). (I.6)

Then the distane dj,i separating the node j from anhor i is approximated to be

dhop ∗ hj,i where hj,i denoting the hop-ounts from node j to anhor i. This on-
tribution makes also theoretial analysis that a minimum average neighborhood

size of 15 is required for ahieving good auray. Meanwhile, the resolution of

the oordinate system is also limited due to the strit determination from loal

ommuniation.

• Contribution [Doherty et al., 2001℄ solves the loalization problem by a distint

exploration. For instane, if two sensors are able to sense eah other, it is on-

luded that their separation are de�nitively less than the ommuniation range r.
It represents then this geometri onstraints, existing between two sensors in the

networks, as linear matrix inequalities(LMIs). In this ase, the radio onstraints

expression between sensors positions a and b at left is represented as equivalent

LMIs [Boyd et al., 1994℄ at right in Eq. I.7,

‖a− b‖2 ≤ r ⇒
[

I2r a− b
(a− b)T r

]

≥ 0. (I.7)
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where I2 is the two-dimensional identity matrix. In a onvex topology, onne-

tivity of the network an be represented as a set of onvex position onstraints.

The set of individual LMIs an be then ombined/staked in diagonal bloks to

form one single semi-de�nite program (SDP) for the entire network. Note that

the intersetion of the onvex sets is also a onvex set. Hene, the loalization

problem is transferred to solve the onvex SDP problem as Eq. I.8,

Minimize cTx,

subjet to F (x) = F0 + x1F1 + ...+ xnFn < 0,

Ax < b,

Fi = F T
i ,

(I.8)

where x = [x1 y1 ... xm ym xm+1 ym+1 ... xn yn]
T
, eah ouple of terms denoting

the position (x, y) of one sensor. The prinipal of suh evolution ould be illus-

trated by graphs as shown in Figure I.12-(a). For node N , it possesses the radio

onstraints as area within the irle A and irle B. After ombining/interseting
the individual geographi onstraints sets A with B, the feasible area dereases to
be smaller and more preise area as the overlapped shaded area. Then the rest of

question remains to solve this optimized semi-de�nite program. The SDP problem

is possible to be simpli�ed to a retangular bounding box whih represents the

possible set of this problem as shown in Figure I.12-(b).
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Figure I.12: Illustration of SDP

• Instead of semi-de�nite program, [Shang et al., 2003℄ solves this positioning prob-

lem by mathematial tehnique multidimensional saling (MDS) whih inludes

three steps.

1. For all the sensor nodes, ompute the shortest path length between all of

possibilities of two pairs of nodes over the network and form a global path

matrix.

2. Construt a relative map by applying MDS tehnique to the path matrix

obtained in the last step.

3. Transform the relative map to absolute position with aid of known loations

of at least three anhors partiipating in the global map.
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This method utilizes the full onnetivity information all over the network, �exible

when additional information is introdued. However it is exeuted in entralized

sheme when gathering path map information thus leads to tehnial limitations

in most appliations. [Shang and Ruml, 2004; Shang et al., 2004℄ improves the

original method by a MDS-P algorithm whih builds loal maps and then pathes

them into global map in a deentralized sheme. The latter aquires more auray

than the former even when few anhors exist.

I.2.2.3 Propagation to range-based method

Considerably, the range-based methods are fundamentally based on the possibility of

onnetivity between sensors. Intuitively developed from this point of view, several

methods mentioned above ould be propagated to range-based methods even ahieving

better performane. Comparatively, ouples of other original range-based methods are

introdued in the following.

• As for the DV-Hop method [Niulesu and Nath, 2001℄, this ontribution also

proposes that the distane between neighboring nodes is able to be propagated

by the Reeived signal strength instead of the distane vetor hops. In that ase,

distane vetor is in fat aumulated with signals traveling. It obtains higher

auray omparatively with DV-Hop but it is inevitably kind of sensitive to

measurements errors.

A third sheme based on the true Eulidean distane propagation from anhor/landmark

L is equally developed in [Niulesu and Nath, 2001℄, in whih the position is even-

tually omputed through quadrilateral relation existing in a quad. As shown in

Figure I.13, node A resides in the neighborhood of nodes B and C where B and

C are neighbors also. Additionally, distane estimates from landmark L of B and

C are also available through distane measurements. In that ase, all of the outer

edges of ABLC are already known as well as one diagonal BC, onsequently
the distane AL is possible to be estimated by applying Pythagoras� generalized

theorem in triangles ACB, BCL, and ACL of the quadrangular ABLC. This

method is onsidered to give the losest estimates ompared to GPS method.
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The ranging measurements diretly between neighboring nodes tehnially leads

to more aurate estimates. Nevertheless, some estimates are aquired with a-

umulation of ranging errors as mentioned above. [Savvides et al., 2002℄ proposes

using a ooperative multilateration for the purpose of relieving the error au-

mulation. It performs when the density of anhors over the networks is higher,

stritly when a nodes hears at least three anhors or even more. The initial rough

estimates are also improved by least square estimation at the end.

Furthermore, [Rabaey and Langendoen, 2002℄ proposes an in-house DV-Terrain

method. A �rst hop step is taken over the network to overome the sparse anhors

embarrass. Then the algorithm gives the initial estimates by the way similar to

DV-hop, followed by an iterative re�nement algorithm whih yields more aurate

nodes positions through solving the least square triangulation equation using its

own and neighborhoods estimates.

• A ranging-oriented semi-de�nite program (SDP) method is alternatively disussed

in [Biswas and Ye, 2004℄, where the measured distane between neighboring nodes

is employed to formulate further the semi de�nite program problem with tighter

onvex onstraints. As a onsequene, the loalization problem is resheduled as

Eq. I.9,

‖xi − xj‖2 = d̂2i,j, ‖ak − xj‖2 = d̂2k,j,∀(i, j), (k, j) ∈ Ne,

‖xi − xj‖2 ≥ r2i,j, ‖ak − xj‖2 ≥ r2k,j,∀(i, j), (k, j) ∈ Nl,

‖xi − xj‖2 ≤ r2i,j, ‖ak − xj‖2 ≤ r2k,j,∀(i, j), (k, j) ∈ Nu.

(I.9)

where ak ∈ R2, k = 1, ...,m, denotes anhors with known positions, xj ∈ R2, j =

1, ..., n, denotes nodes with unknown positions. d̂i,j is the measured Eulidean

distane between nodes xi and xj whereas d̂k,j is that between anhor ak and

xj . ri,j and ri,j denotes separately the distane lower and upper bound between

nodes xi and xj whereas rk,j and rk,j denotes that between anhor ak and node

xj . Ne, Nl and Nu stands respetively for the set of indies whih lead to the nodes

distane to nodes, or anhors, satisfy the preeding equations or inequations. The

loalization problem remains to �nd a suh xj satisfying the onditions above.

Contribution [Liang et al., 2004℄ further improves the SDP-ranging results by a

gradient searh proedure.

• The MDS approah is similarly extended to inorporate distane measurements

into loation deision as in [Ji and Zha, 2004℄. In that ontribution, the whole

network is required to be divided into several small parts in advane, where the

adjaent groups may share ommon sensors. Then the pairwise distane is ol-

leted by RSSI measurements between all pairs of sensors in that part. Whereafter

the MDS algorithm is used to estimate the relative loation between sensors using

the estimated distane. The loal relative maps built in eah part are stithed

together to form a global relative map by utilizing the ommon sensors existing
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between adjaent loal maps. The position alignment tehnique is employed at

the last step to map the relative oordinates to physial oordinates.

• Similar to the idea of stithing small areas together, there exists ontribution

[Meertens and Fitzpatrik, 2004℄ whih employs the same framework but di�ers

in solutions. In this ontribution, loal map derived from distane information is

onstruted in eah area at the beginning. Then align and reonile a loal map

with its nearby maps whih have some nodes in ommon but di�er on the positions

by minimizing the disrepanies between them throughout the transformation of

translation, rotation and optional re�etion.

discrepancy(L,M)
.
=
∑

p∈C
|Lp −Mp|2, (I.10)

Eq. I.10 shows the omputation of disrepany between map Lp and Mp, where C

is the set of ommon nodes appearing in both maps. Other relative stithing based

method ould also be referened in [�apkun et al., 2002; Moore et al., 2004℄. In

the former, a loal oordinate system is onstruted with aid of range of internodes

and known anhors positions. Then the diretion of the loal oordinate systems is

adjusted to obtain the same diretion for all nodes. Finally, aording to the nodes

residing along the same diretion, the unknown nodes position ould be estimated

simply as a sum of two vetors like

~il = ~ik+ ~kl as illustrated in Figure I.14. In the
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latter ontribution, the node and its set of neighbors are onsidered as a luster.

Nodes �rst loalize themselves in the oordinate system of their own luster under

the onstraints of properties of the quadrilateral. In this step, they further restrit

the quadrilateral to be robust by identifying the triangles satisfying the inequality

as Eq. I.11 whih bounds the probability of worst-ase of a �ip error for eah

triangle.

b ∗ sin2θ > dmin, (I.11)

In the inequality above, b is the shortest side length, θ is the smallest angle and

dmin is the set threshold. A numerial optimization suh as spring relaxation
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or Newton-Raphson ould be optionally applied whereafter in order to re�ne the

estimates with the full set of distane onstraints in terms of reduing and redis-

tributes any aumulated error. Finally, lusters are aligned with help of ommon

nodes existing in two neighboring lusters as well as the transformation operation

like rotation, translation and re�etion.

• Besides the range-propagated methods ited above, there exist also some other

loalization approahes based on ranging measurements. Simulated Annealing

(SA) [Kannan et al., 2005℄, utilizing the measured distane of internodes, solves

the loalization problem by a stohasti optimization approah whih is in detail

a generalization of Monte Carlo method in ombinatorial optimization. Applying

this idea to loalization issues, the loation estimation problem is formulated

into an approximated optimization framework as minimizing the ost funtion as

Eq. I.12,

CostFuntion =
∑

i=1

N ∑

j∈Ni

(d̂ij − d̃ij)
2, (I.12)

where N denotes the nodes number, Ni denotes the set of neighbors of nodes i,
d̃ij is the measured distane between nodes i and nodes j estimated in simulation

by blurring the true distane by Gaussian noise, d̂ij is the estimated distane

obtained by omputing Eulidean distane of the estimated oordinates of node i
and node j. This ost funtion re�ets pratially the quantitative measure of the

goodness of the estimated oordinates. The minimization problem of this funtion

is solved by using Simulated Annealing tehniques to make out the meaningful

estimates. The ore of simulated annealing relies in seleting empirially the

annealing parameter (temperature T , ooling rate α and perturbation distane

∆d) whih perturbs a node in a random diretion then evaluating the hange

of ost funtion by ∆CF = CFnew − CFold. Aording to the value of ∆CF ,
optional deisions ould be made. Another framework utilizing Monte Carlo idea

to loalize mobile nodes is introdued in a onnetivity based way in [Hu and

Evans, 2004℄. Moreover, the Simulated Annealing loalization method is further

improved in [Kannan et al., 2006℄ by a phase of optimization performing on the

nodes that are likely to have �ip ambiguity problem.

• A bounding box thinking is proposed in [Savvides et al., 2002℄. In this ontribu-

tion, the possible loation for a node is onstrained in a region with aid of measured

distanes between node and anhors. Then the initial estimate is deided as the

enter of the bounding box. The bounding box positioning priniple is shown in

Figure I.15. As a onsequene, the oordinate of node C along x axe, XC , is

assumed to be loated in the interval of [XA− a,XB + b+ c], similarly applied on

the y oordinates. Then it only needs to take the enter of interval values as nodes

position. [Savvides et al., 2002℄ also re�nes the initial estimated positions using

spei�ally Kalman Filter instead of the standard least squares methods. This

method employs ollaborative multihop information ombined with the known

anhors loation to estimate aurately nodes positions.

19



I. INTRODUCTION

PSfrag replaements

a

b



b+

A

B

C

XA − a

XB + b+ c
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An optional framework is desribed in [Savvides et al., 2001; Simi and Sastry,

2002℄. The priniple of this positioning sheme relies in the fat that node resides

within the intersetion of all its anhors squared bounding boxes. The bound-

ing box of anhor A is entered at the anhors position with height and width 2d,
where d is possibly to be the measured nodes distane or some other representative

range value. The �nal estimate is then taken as the enter of the �nal interseted

bounding box as shown in Figure I.16. The bounding box is a rather omputation-
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ally saving and simple method. It works best among massive loalization method

when the sensor network is extremely limited by apaity of omputation.

I.2.2.4 Senario based method

Regarding to the variety of the loalization methods disussed above, either onnetivity-

based or range-based, they all adopt a thinking that infers a node's position straight-

forward from the measurements mj(t), either by hop-ount, distane value or other

onnetivity indiator. In most ases, measurements mj(t) are possibly in�uened and

interrupted by various surrounding fators suh as additive noise, obstales, tempera-

ture, pressure, et. Even the signal itself has some in�uenes like multi-path, hannel

fading, system lok synhronization, et.

Cite the ase of RSSI in real environment whih is usually serving for estimating the dis-

tane or other harateristis owning to its simpliity for implements. RSSI is supposed

to be a funtion of the distane separating the internodes. However, an exat model of

RSSI as a funtion of the distane is more omplex and unontrollable in reality thus

it is pratially not easy to obtain. That is to say, the pathloss model is supposed to

20

1_introduction/figures/bd1.eps
1_introduction/figures/bd2.eps


I.2 Illustration of the loalization problem

be apable of desribing the trend of the relation between distane and signal strength,

but not able to re�et an exat degradation in a real environment, due to the fators

of additive noise, obstales, multi-path, hannel fading, et. An example of RSS values

with various distanes in real ase [Ilyas and Mahgoub, 2004℄ is shown in Figure I.17.

The plot shows a slight tremulous urve of variation of RSS not stritly following the

logarithmi distribution.
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Figure I.17: Reeived signal strength with inrease of distane (�gure from [Ilyas and

Mahgoub, 2004℄)

Consequently, there emerged kinds of improvements on the RSSI-based methods. Suh

works perform improvements by adjusting transmission power, onstruting loaliza-

tion error models, generating onnetivity measurements or an empirial method in

ontribution [Jiang et al., 2013℄. The ombination of the distanes onstraints ould

be solved using di�erent approahes, suh as Sequential Monte-Carlo algorithm [Hu

and Evans, 2004; Baggio and Langendoen, 2008℄, interval analysis [Mourad et al., 2008,

2009℄, variational �lter [Teng et al., 2010℄, et.

Another type of improvement for RSSI-based method takes the senario harateristis

into onsideration. It is based on the idea of pattern mathing as shown in Figure I.18,

whih tries to ompare the measured signal strength in real time with the training ones

reorded in the database in advane and determine the likelihood between them, de�ned

as �ngerprinting method [Bahl and Padmanabhan, 2000; Lorinz and Welsh, 2005℄. A

further improvement method is exeuted by a full olletion of senario information,

whih indiates gathering the surrounding signi�ant harateristis, inluding but not

limited to olors, edges, humidity, temperatures, magneti �eld [Tapus and Siegwart,

2006; Robles et al., 2010; Haverinen and Kemppainen, 2009℄, as well as RSSI, to model

the environment as far as possible. The �ngerprinting methods typially onsist of two

phases, o�ine phase and online phase. One a omparison between the data of the

two phases is made, the similarity of the measured data with the training positions

ould be determined by several di�erent methods, suh as the nearest neighbor and

the K-nearest neighbor algorithms [Bahl and Padmanabhan, 2000; Quan et al., 2010;

Chuenurajit et al., 2013℄, probability-based algorithms [Ilyas and Mahgoub, 2004; Castro

et al., 2001℄, fuzzy logi suh as in [Suroso et al., 2011; Liu et al., 2012; Rozyyev et al.,

2012℄ or learning algorithms suh as neural networks [Gogolak et al., 2011℄ or mahine
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learning [Farjow et al., 2011; Mahfouz et al., 2013b,a℄ that are further introdued in

Chapter IV.

PSfrag replaements ?

Figure I.18: An example of pattern mathing

The �ngerprinting methods are very prospetive, allowing on�gurations of omplex

senarios with high �exibility in real appliations. This method irumambulates the

unertainty of diret onversion of the signal strength to the distane as mentioned

before. Instead, it diretly employs the values of signal strength whih ould be on-

sidered as modeling of senario re�eting muh more real environment. Therefore, it

is also onsidered as range-free method. Note that, although utilizing onnetivity in-

formation is more robust than estimating distanes using RSSIs, the distribution of

anhors and nodes would highly a�et the auray of the positioning algorithms. Un-

like onnetivity-based methods, the �ngerprinting methods perform well even with

low-density anhors in the network.

In order to improve the estimation auray, it is pratiable to ombine di�erent meth-

ods, like inertial navigation measurements to improve the preision of loalization. In

the appliation of indoor loalization, it is possible to use the additional lightweight

devies for example aelerometer or gyrosope for loalizing and traking the objet

moving in indoor environment [Hsu and Yu, 2009℄ along with the �ngerprinting meth-

ods as disussed in the following hapters.

I.3 Content Organization

This thesis onentrates on the loalization problem settled in an indoor environment.

It explores ouples of methods around the RSS based loalization method, for instane

the �ngerprinting as mentioned above. It also manages to ombine other useful measure-

ments that would help loalize an unknown node in the ase of movements, for instane

the inertial information derived from aelerometer and gyrosope to orret and further

re�ne the measurement preision. With regarding to the solution, it equally introdues

the interval analysis tehnique and Kalman �lter with whih all the measurements are

dealt in respetive way to infer an approximated position estimation.

In what follows, at the very beginning, Chapter II introdues a new trend mathematial

tehnique, the interval analysis. This theory is able to inlude all solutions of sets of

inequalities, nonlinear equations even non onvex global optimization problem. It is

proposed sine 1960's and developed until nowadays owning its own journal and regular

international onferenes. It pursues the guaranteed results depending on rather simple

omputations whih are feasible and appliable in real proessing platform. The ore
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of this tehnique relies on the onept of an interval [x] = [x,x], in whih lower bound

and upper bound onstrain the possible solution into a box.

Chapter III presents a entralized loalization method using radio-�ngerprints and a-

eleration measurements. In this method, all measurements are olleted and proessed

at the entral fusion station. The omputations lead to two estimates, the �rst o�ered

by a pattern mathing approah based on RSSI and the seond o�ered by the mobility-

based 2-nd order integration equation. The solution is given using the interval analysis

tehnique. This framework takes all the measurements unertainties into onsideration

leading to an interval box of loation estimates.

In Chapter IV, the loalization algorithm is extended to the lusterized sheme. Indeed,

lusterized algorithms are more feasible and �exible in a large sale sensor network of-

fering muh more opportunity in a variety of appliations. In this ase, the whole

surveillane area is divided into several small areas on request where a alulator is

settled separatively serving as individual entral station. The loalization is then exe-

uted at the relative individual stations at eah small area. The omputation at these

small areas is similar to that of the entralized algorithm mentioned in Chapter III. The

solution is given using either interval analysis or Kalman �lter. Moreover, the attitude

of node is possibly to hange suh as in the ase of pith, yaw and roll diretions. This

hapter makes an additional extension to the primary movement model by onsidering

the rotation of nodes, equipped with gyrosopes in addition to their aelerometers.

In view of urrent trend and appliation requests nowadays, Chapter V proposes a loal-

ization method based on senario of zoning applying on the area addressing loalization.

Instead of loating a node at an exat point, it addresses the indiator of room or part

of the area where the node atually resides. This method is nominated as zonage in

frenh or zoning as normally speaking. In this part, several zoning attempts are illus-

trated and ompared with some fashionable lassi�ation methods sine ategorizing a

node to a orresponding zone is possibly onsidered as lassi�ation initiatives. This

part employs also interval tehnique with mobility measurements to help deiding the

probability of an area where a node drops in as well as testing with real data.

Chapter VI �nally makes a onlusion and desribes the perspetives. This thesis dis-

usses a hybrid loalization method making use of measured RSSI and mobility informa-

tion. Interval tehnique and Kalman �lter are both introdued to solve the loalization

problem from di�erent views. This work is not an ending but many perspetive fats

remain to be onsidered and improved. Espeially in real ases, the online measure-

ments are empirially blurring due to the surrounding fators. It always remains a great

hallenge for the researhers in this domain to estimate orretly the real loations with

minimal errors.
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I

n a majority of engineering appliations, the nonlinear problem is fre-

quently enountered and addressed in reality however looking forward to

a robust solution. Suh kinds of mathematial problems are normally rep-

resented in terms of solving a set of non-linear equations, non-linear in-

equalities, or a global minimization for a non-onvex ost funtion. Interval analysis

provides a framework for solving suh problems in a guaranteed way. The basi idea

lies in enlosing all the possible salar or vetor solutions of the problem, leading

to intervals or pavings/boxes, ensuring guaranteed results unlike some lassial nu-

merial approahes, even with strong nonlinearities and disontinuities. Instead of

performing an inner approximation of the solution by omputing single estimates,

interval analysis onsists of performing an outer approximation leading to paving

boxes. The solution boxes ideally and onsequently inlude the exat solutions of

the problem, and also all omputation and measurement inertitude. Not to mention

that it is extremely simple and easy to implement in on-board equipments suh as

distributed wireless sensor networks. This hapter gives a general view of interval

analysis, inluding the basi operations, funtions and funtional solvers.
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II. INTERVAL ANALYSIS

II.1 Introdution

For various reasons, interval analysis have been with limited impat in engineering

appliations until early 90's last entury. Sine then, it has turned bak to the ating

stage de�nitively. Interestingly, issuing from 1950s and 1960s, the notion of interval

was one motivated by the proedure of alulating

√
2 [Sunaga 1958; 2009℄. It is thus

reommended to �rstly glane at the demonstration of proedure of square rooting of

numeral 2 as in Figure II.1.

Figure II.1: Proedure of alulating

√
2

As inferred in that ontribution [Sunaga 1958; 2009℄, �rstly it is alulated up to numeral

1 , as 1 is the maximum real number whose square value is inferior than objet 2. Then
it is proeeded to sign at the follow deimal plaes as 1.4, 1.41, 1.414 et. The author

questioned the meanings of this sequene of numerals and proposed that numeral 1 does
not simply denote a rational number, moreover it implies that, in the onsequene steps,

one value from 0 to 9 is de�nitively piked up as the following deimal plae under the

deimal numeral system. Namely, the obtained numeral 1 implies in fat an interval

ounting initially from 1 and up to next integer numeral 2, onluded as the interval

[1, 2] ontaining all numbers from 1 to 2. By suh analogy, renewed 1.4 denotes interval
[1.4, 1.5], 1.41 denotes [1.41, 1.42], and 1.414 denotes [1.414, 1.415] et. This proedure
of alulating

√
2 gives a hint that the inferene of

√
2 is aquired pratially under the

assumption of series of intervals.

Thereout, as onluded, the onept of an interval is onsidered more fundamental and

illustratable than that of a real number. Furtherer, suh kind of interval ensemble is

possibly to be derived simply from only one rational number rather than two rational

numbers, suh as the numeral 1.414 whih atually signi�es an interval, for instane

[1.4135, 1.4145] by rounding o�. Therefore, what do all of this inferene mean? To

desribe a physial quantity, the representation of an interval is more suitable than a

onrete real number. This transition also allows a ertain breadth for the physial

quantities desription. The interval onept is also onsidered as an appliable tool

whih is apable to link the pure mathematis with reality, as well as pure analysis with

applied analysis.

In onsequene, interval analysis arose and promoted at histori moments [Sunaga 1958;

Moore 1966; Kearfott et Kreinovih 1996; Jaulin et al. 2001℄. This analysis is an ap-

proah of mathematial omputation aiming at operating sets, instead of numerial

numbers. It is attahed to solve the unsolvable problems by many normal ways, suh
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II.2 De�nition of intervals

as solving a set of nonlinear equations [Neumaier 1990℄, a set of nonlinear inequalities

[Moore 1992; Jaulin et Walter 1993; Walter et Jaulin 1994℄ as well as global opti-

mization problems for non-onvex ost funtions [Hansen et Walster 2003℄ as shown in

Figure II.2. It provides then guaranteed onlusions enlosing all the solutions of the

addressed problem, even works with strong nonlinearities or disontinuous sets. All of

the guaranteed operations rely on the robust properties of interval or paving(boxes)

whih will be introdued in the following setions.
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Figure II.2: Problems attahed. (a) demonstrates the ase of two urves with rossing

points, (b) demonstrates the ase of a urved plan ut by a urve and () demonstrates the

ase of non-onvex surfae.

II.2 De�nition of intervals

The set of all variables ξ satisfying the ondition of α ≤ ξ ≤ β is alled an interval. It

is denoted by [α, β]. An example is shown in Figure II.1 below.
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Figure II.3: Two examples of interval

Interval A is denoted by [3, 4], also interval B is denoted by [5, 7]. Generally, in a real

spae R, a real interval [x] is a onneted subset inluded in R, de�ned as in Eq. II.1

below,

[x] = [x, x] = {x ∈ R | x ≤ x ≤ x}, (II.1)

where x and x denotes respetively the lower bound inf [x] and the upper bound sup[x]
of interval [x]. Both of the bounds ould be �nite or in�nite. An empty set ∅ is

onsidered also as an interval if indiator ∅ represents the absene of solution for ertain

problem. Note that, the ensemble of all the real interval is denoted by IR. There are

ouples of terms very useful in applied ases suh as width and center. The width of

an interval [x] 6= ∅, one of the distintions of [x], is de�ned as in Eq. II.2,

w([x]) = x− x. (II.2)
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II. INTERVAL ANALYSIS

w([x]) owns equally the attribute of denoting the size of interval [x] whih is determined

by the unertainty of the quantity x. The interval is degraded as null if its width is equal
to zero, onsequently denoted and identi�ed by real number x. Another distintion of

[x] is its enter de�ned as in Eq. II.3,

c([x]) =
x+ x

2
. (II.3)

Based on these notations, a very useful formula is introdued to present the interval [x]
in another modality. In fat, any interval [x] is able to be transformed as the expression

of Eq. II.4,

[x] = c([x]) + [−1

2
· w([x]), 1

2
· w([x])] = c([x]) +

1

2
· w([x]) · [−1, 1]. (II.4)

This equation is quite handy and appliable in need of using interval analysis whih will

be demonstrated in the following.

The onept of interval in one dimensional spae as in Figure II.1 is further required to

be extended into multidimensional ase. In a two dimensional ase, a planar box [x] is
onstruted by aligning two intervals [x1] at axis x1 and [x2] at axis x2 paralleled as in

Figure II.4. This ould be equalized as [x] = [x1]× [x2]. Generatively, an interval vetor
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[x] denoting a subset of Rn
an be derived by the artesian produt of n intervals [xi]

whih is de�ned as losed. The n-dimensional interval or vetor [x], also alled paving

or box, is written as in Eq. II.5 below,

[x] = [x1]× [x2]× ...× [xn], i = 1, ..., n, (II.5)

where [xi] = [xi, xi] denotes the i-th interval omponent projeted onto the ith axis of

vetor [x]. Note that an empty set of Rn
is denoted as ∅1×∅2× ...×∅n if and only if all

of the interval omponents are empty. This assumption guarantees the unique notation
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II.3 Calulus of interval analysis

of a given box. Extensively, the lower and upper bounds of a box [x] are both bound

vetors omposed of all the omponents' lower or upper bounds as in Eq. II.6,

x = (x1, x2, ..., xn)
T ,

x = (x1, x2, ..., xn)
T .

(II.6)

Similarly, the width of [x] is de�ned as the maximum width existing in the set of all

the omponents, as in Eq. II.7,

w([x]) = max1≤i≤nw([xi]), (II.7)

whereas the enter of a box is taken as the vetor enter strethed along eah projeted

axis as in Eq. II.8,

c ([x]) = (c([x1]), c([x2]), ..., c([xn]))
T . (II.8)

II.3 Calulus of interval analysis

One the onept of interval is de�ned, it is feasible to apply the usual operation rules

of sets to the interval framework, sine interval analysis theory is founded on the set

theory and its omputation is in fat a speial ase of omputation on sets. Based on

this attribute, kinds of useful algorithms are developed and de�ned as onsequene. In

this setion, basi operations are �rstly put into disussion to get a prior knowledge,

then they are followed by the inlusion funtion and subpaving whih are deemed to be

used in interval analysis algorithm SIVIA and the determination of ontrators.

II.3.1 Basi tools

On the basis of the disussion of preeding setions, the real interval virtually possesses

double natures, represented as real number as well as set, whih bene�t eventually in

applying the normal set and number operations on interval spae. As a onsequene, it

is possible to de�ne the onrete operation rules in interval framework [Moore et Moore

1979; Kearfott et Kreinovih 1996; Jaulin et al. 2001℄. On aount of this nature, basi

interval operations are divided into two ways, one based on set/ensemble operations

and another based on arithmetial operations.

II.3.1.1 Set/ensemble operations

Similar with the set theory, the basi set operations are equally suitable to an interval

[x] of R. For two real intervals [x] and [y] of R, if the ondition of x ≥ y and x ≤ y is

satis�ed, it is naturally onluded the inlusion relationship of [x] and [y] as in Eq. II.9,

[x] ⊆ [y], if ∀x ∈ [x], x ∈ [y]. (II.9)

The intersetion of [x] and [y] is de�ned as in Eq. II.10 whih is also an interval,

[x] ∩ [y] =

{ ∅, if x < y or y < x,
[

max{x, y},min{x, y}
]

, otherwise.
(II.10)
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II. INTERVAL ANALYSIS

The interval union of [x] and [y] is nevertheless an exeption, whih is not the ase of

their union as [x] ∪ [y] = {z ∈ [x] or z ∈ [y]}. Indeed, [x] ∪ [y] is not neessarily a

onneted interval. As onsequene, a new interval union of [x] and [y] is de�ned as

[x] ⊔ [y] and expressed as in Eq. II.11,

[x] ⊔ [y] =
[

min{x, y},max{x, y}
]

. (II.11)

The relationship of [x] deprived of [y] is de�ned as [x]\[y] = [{x ∈ [x]| x /∈ [y]}]. Alter-
natively it is expressed also as in Eq. II.12,

[x]\[y] =















∅, if [x] ⊆ [y],
[x, y], if x ≤ y ≤ x ≤ y,

[y, x], if y ≤ x ≤ y < x,

[x], else

(II.12)

Example 1 The ensemble operations of intervals are illustrated as follows:

[1, 6] ∩ [4, 9] = [4, 6],

[−1, 2] ⊔ [4, 5] = [−1, 5],

[1, 4] \ [3, 5] = [1, 3].

II.3.1.2 Arithmeti operations

The real interval is atually omposed of real numbers. The double natures of real

number and set also permit to apply rules of arithmetis on intervals. There exist four

fundamental operators suh as addition (+), substration (−), multipliation (∗) and
division (/) possibly extended to intervals. For generalizing, let symbol ⋄ denote any

binary operator among (+,−, ∗, /) bridging [x] and [y] as in Eq. II.13,

[x] ⋄ [y] = [{ x ⋄ y ∈ R | x ∈ [x], y ∈ [y]}], with ⋄ ∈ {+,−, ∗, /}. (II.13)

More spei�ally, the assoiated operation is performed using the real numbers, namely

the lower bounds and upper bounds of individual intervals, de�ned as in Eq. II.14,

[x] ⋄ [y] = [min{x ⋄ y, x ⋄ y, x ⋄ y, x ⋄ y},max{x ⋄ y, x ⋄ y, x ⋄ y, x ⋄ y}]. (II.14)

Note that this de�nition is true for division in only ases where [y] does not inlude 0.
Otherwise, one or the two bounds of the resulting interval would be in�nite. Eq. II.14 is

possibly simpli�ed in further for the addition and substration operations as in Eq. II.15,

[x] + [y] = [x+ y, x+ y],

[x]− [y] = [x− y, x− y].
(II.15)

Additionally, the operations of negation (−) and square (2) are also appliable to interval
omputations as in Eq. II.16,

−[x] = [{−x| x ∈ [x]}] = [−x,−x],
[x]k = {xk| x ∈ [x]}, k ∈ {1, 2, ...}.

(II.16)
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II.3 Calulus of interval analysis

As for the operations of multipliation and division, under the ondition of both bounds

are absolutely positive, the relative interval omputations is possible to be inluded as

in Eq. II.17,

[x] ∗ [y] = [x ∗ y, x ∗ y],
[x]/[y] = [x/y, x/y],

[x]2 = [x2, x2].

(II.17)

Note that, in Eq. II.16, [x]2 6= [x] ∗ [x]. For instane, [−1, 2]2 results in the interval

[0, 4] rather than [−1, 2]∗ [−1, 2] = [−2, 4] that should be distinguished in omputations

applied on intervals.

Example 2 The arithmetis of intervals are illustrated as follows:

[1, 2] + [4, 5] = [5, 7],

[−1, 5] − [1, 3] = [−4, 4],

−[−5, 6] = [−6, 5],

[−1, 3] ∗ [−2, 5] = [−6, 15],

[−2, 4]/[−1, 2] =]−∞,+∞[, sine 0 is inluded in [-1, 2℄,

[1, 2]2 = [1, 4].

II.3.1.3 Operations extension to interval vetors

Sine an interval vetor [x] ∈ IRn
is derived from the artesian produt of n one-

dimensional intervals [xi], i ∈ 1, 2, ..., n as in Eq. II.5, the basi operations of one-

dimensional interval [x] is equally appliable to eah dimension modifying the orre-

sponding multidimensional interval [x]. Aordingly, the basi notions on sets and

arithmetis for ordinary intervals are extended into interval vetors as follows.

In the �rst plae, a vetorial set/ensemble, denoting a paving or a box, [x] ∈ IRn

is onsidered to be inluded in another vetorial set/ensemble [y] ∈ Rn
if all of the

omponents in [x] are inluded in assoiated omponents of [y], as in Eq. II.18,

[x] ⊂ [y], if ∀ i, [xi] ⊂ [yi], 1 ≤ i ≤ n. (II.18)

Intersetion of [x] and [y] of IRn
is also a vetor of IRn

de�ned as in Eq. II.19,

[x] ∩ [y] =

{

∅n, if ∃ i, 1 ≤ i ≤ n, [xi] ∩ [yi] = ∅,
([x1] ∩ [y1])× ([x2] ∩ [y2])× ...× ([xn] ∩ [yn]), otherwise.

(II.19)

For example, the intersetion of [−1, 2] × [2, 3] and [1, 5] × [6, 9] leads to [1, 2] × ∅.
This result ould be onsidered orret but inonsistent as the resulted interval [1, 2] is
supposed to be the projetion onto the �rst axis. It is also possible to onsider that the

intersetion interval vetor is ∅n sine the seond omponent is empty.
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The union of [x] and [y] of IRn
is the artesian produt of all unions ⊔ of all omponents

of intervals [x] and [y], denoted as in Eq. II.20,

[x] ⊔ [y] = ([x1] ⊔ [y1])× ([x2] ⊔ [y2])× ...× ([xn] ⊔ [yn]). (II.20)

The vetor [x] deprived of [y] is also a vetor denoted by [z] = [x]\[y], whose om-

ponents [zi], 1 ≤ i ≤ n, are further illustrated in ondition as shown in Eq. II.21,

[zi] =

{

[xi]\[yi], if ∀ j 6= i, 1 ≤ j ≤ n, [xj ] ⊆ [yj],
[xi], otherwise.

(II.21)

Example 3 The set operations applied on interval vetors are illustrated as follows:

[1, 3] × [2, 5] ∩ [2, 4] × [−1, 4] = [2, 3] × [2, 4],

([−1, 1] × [3, 5] × [2, 4]) ⊔ ([1, 2] × [4, 7] × [0, 1]) = [−1, 2]× [3, 7] × [0, 4],

([1, 5] × [1, 4])\([2, 5] × [0, 6]) = [1, 2] × [1, 4].

Another extension to the interval vetors is the appliation of lassial arithmeti opera-

tion equally due to the double natures as mentioned above. The notions of arithmetial

operations (+,−, ∗, /,ˆ) are all onsidered in terms of a symbol of binary operator ⋄ for
the interval vetor omputations as in Eq. II.22.

[x] ⋄ [y] = ([x1] ⋄ [y1])× ([x1] ⋄ [y1])× ...× ([xn] ⋄ [yn]). (II.22)

Additionally, some lassial algebrai properties on arithmetis suh as ommutativity

and assoiativity applied on addition and multipliation are equally suitable for the

interval vetors, suh as in Eq. II.23,

[x] + [y] = [y] + [x],

[x] ∗ [y] = [y] ∗ [x],
α · [x] = (α · [x1])× (α · [x2])× ...× (α · [xn]),

[x]T ∗ [y] = [x1] ∗ [y1] + [x2] ∗ [y2] + ...+ [xn] ∗ [yn],

(II.23)

where α ∈ R, T denotes the transposition operation. The distributive law of ordinary

arithmetis fails to apply. However it is dropped into a sub-distributive law as in

Eq. II.24,

[x] ∗ ([y] + [z]) ⊆ [x] ∗ [y] + [x] ∗ [z]. (II.24)

Moreover, the properties of inlusion of sets operations is ombined with the intervals

operators with attribute shown as in Eq. II.25,

[x1] ⋄ [y1] ⊆ [x2] ⋄ [y2], if [x1] ⊆ [x2] and [y1] ⊆ [y2]. (II.25)

All these properties provide thus the feasibility and the theoretial foundation in ap-

plying interval analysis on solving the approximation problem.
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II.3.1.4 Inlusion funtions

In this setion, the interval analysis is further explored leading to the interval funtion

oriented analysis. Consider suh a ase often enountered in signal proessing system,

with an existing variable x whih is a vetor of Rn
. It is required that variable x ∈ Rn

is

alled for being mapped into another de�ned spae Rm
, leading to a mapping funtion

f(x) assoiated to the argument x. This proedure is de�ned as in Eq. II.26.

f : x ∈ Rn 7→ f(x) ∈ Rm. (II.26)

If the argument x is a vetor inluded in an interval vetor [x] ∈ IRn
, then its funtion

f(x) turns to be an interval funtion with argument [x] de�ned as in Eq. II.27,

f([x]) = {f(x) | x ∈ [x]}. (II.27)

Here it omes to the following question: towards the funtion f([x]) with interval vetor
argument [x], is there any general method to de�ne exatly the overage area of suh

a funtion? The problem here is that f([x]) is not neessarily an interval. To resolve

this query, the onept of inlusion funtion [f ](◦) orresponding to original funtion

f(◦) is introdued here and de�ned as in Eq. II.28 satisfying ondition shown also in

Eq. II.28.

[f ]([x]) = [{f(x) | x ∈ [x]}], satisfying
∀[x] ⊂ IRn, f([x]) ⊂ [f ]([x]),

(II.28)

where [f([x])] ∈ IRm
. A physial signi�ation of inlusion funtions with n = m = 2

is illustrated expliitly in Figure II.5. The inlusion funtion [f∗]([x]) is the minimal
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Figure II.5: Illustration of inlusion funtions

funtion if, for any input [x], [f ]([x]) is the smallest or the most ompat box ontaining

f([x]), uniquely denoted as [f∗]([x]). Aording to the illustration above, it is obvious

that there exist many possibilities of inlusion funtion [f ]([x]) sine it is possible to

be an arbitrary interval paving/box that is able to enlose the original sets of solutions.

Conerning this, the seletion and onstrution of inlusion funtions will in�uene

the purity of resulted enlosing funtion. Consider a speial ase of inlusion funtion
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[f ]([x]) ∈ IR with input argument x ∈ R, the most �tted inlusion funtion ould be

simply abstrated by Eq. II.29 as below,

[f∗]([x]) = [min{f(x), f(x)}, max{f(x), f(x)}]. (II.29)

Additionally, an inlusion funtion [f ] is onsidered to be inlusion monotoni funtion

if it satis�es the ondition as shown in Eq. II.30,

[x] ⊂ [y] ⇒ [f ]([x]) ⊂ [f ]([y]). (II.30)

This de�nition is true in only ases where the funtion f owns the monotoniity property,

either inreasing or dereasing with inreasing argument x. An example ould be given

by the extensive exponential funtion expressed in terms of intervals as in Eq. II.31,

[exp∗]([x]) = [exp(x), exp(x)]. (II.31)

as well as the logarithmi funtion as in Eq. II.32,

[log∗]([x]) = [log(x), log(x)]. (II.32)

It is also nevertheless possible to de�ne a restrited non-monotoni funtion as a renewed

monotoni one. For example, the funtion sin is restrited as monotoni with input [x]
limited in interval [−π

2 ,
+π
2 ] as shown in Eq. II.33,

[sin∗]([x]) = [sin(x), sin(x)]. (II.33)

The inlusion vetor funtion f , de�ned at the very beginning of this setion, mapped

from Rn
to Rm

is alternatively expressed by the artesian produt of m inlusion fun-

tions [fi] ∈ IR, i ∈ {1, 2, ...,m} mapped from sets of inputs of IRn
. Thus an inlusion

funtion f is given atually as in Eq. II.34,

[f ]([x]) = [f1]([x]) × [f2]([x])× ...× [fm]([x]). (II.34)

This de�nition of [f ] hints that the inlusion funtion [f ] is onvergent (thin, minimal,

inlusion monotoni), if all its oordinates funtions [fi]([x]), i ∈ {1, 2, ...,m} are on-

vergent (thin, minimal, inlusion monotoni) respetively. Moreover, omprehensively,

this nature permits and failitates the interval analysis in multidimensional funtional

bakground in many real ases.

Example 4 This example shows four di�erent formal expressions of the same ontin-

uous funtion f(x),

f1(x) = x ∗ (x+ 1),

f2(x) = x ∗ x+ x,

f3(x) = x2 + x,

f4(x) = (x+
1

2
)2 − 1

4
.
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The evaluation of their separate inlusion funtions with input [x] = [−1, 1] is given in

the following and also illustrated in Figure II.6.

[f1](x) = [x] ∗ ([x] + 1) = [−2, 2],

[f2](x) = [x] ∗ [x] + [x] = [−2, 2],

[f3](x) = [x]2 + [x] = [−1, 2],

[f4](x) = ([x] +
1

2
)2 − 1

4
= [−1

4
, 2].

Aording to the plot, [f4] is the minimal inlusion funtion, leading to the smallest

interval. However, all other intervals inludes the resulting interval of [f4].

The information reveals from the various results that the inlusion funtion ould be

a variety of frames. On the other hand, auray of interval omputation muh relies

on the formal expression of funtion f . Analytially, interval [x] partiipates only one

in the interval equation f4, the orresponding inlusion result thus enloses tightly the

real solution as [−1
4 , 2], illustrated as interval [f4] in Figure II.6.
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Figure II.6: Variety of formal inlusion funtions resulting in di�erent resulting intervals

II.3.1.5 Inlusion tests

The inlusion tests are introdued to �gure out whether all elements of a given box [x]
satisfy a given property orresponding to the set, or none of them does. Generally, a

test leads to a boolean result taken from any value of B = {true, false} or equivalently
B = {0, 1}. Let IB be the set of all subsets of B, that is

IB = {∅, 0, 1, [0, 1]}, (II.35)

where ∅ means empty, 0 means false, 1 means true and [0, 1] means indeterminate. Sine

a test is de�ned from domain Rn
to B as a funtion t, an inlusion test is performed from
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domain IRn
to IB as a funtion [t]. For any [x] ∈ Rn

, [t] is determined by Eq. II.36.

([t]([x]) = 1) ⇒ (∀x ∈ [x], t(x) = 1),

([t]([x]) = 0) ⇒ (∀x ∈ [x], t(x) = 0).
(II.36)

Example 5 Let the test t for [x] = [x1]× [x2]: R2 → {0, 1} given by

t(x) =

{

1, if x1 − x2 ≥ 0,
0, if x1 − x2 < 0.

(II.37)

An inlusion test assoiated to t is given by

[t]([x]) =







1, if x1 − x2 ≥ 0,
0, if x1 − x2 < 0,
[0, 1], otherwise.

(II.38)

Now let A be a set of Rn
. The test tA(x) denotes whether x ∈ A or not. An inlusion

test [tA] assoiated to tA is programmed in Eq. II.39.

([tA]([x]) = 1) ⇔ (∀x ∈ [x], tA(x) = 1) ⇔ ([x] ⊂ A),

([tA]([x]) = 0) ⇔ (∀x ∈ [x], tA(x) = 0) ⇔ ([x] ∩ A = ∅),
([tA]([x]) = [0, 1]) ⇔ [x] ∩ A 6= ∅ but [x] * A.

(II.39)

If there exist two inlusion tests [tA] and [t
′

A] ∈ IB satisfying,

∀[x] ∈ IRn, [tA]([x]) ⊂ [t
′

A]([x]), (II.40)

the inlusion test [tA] is said to be more aurate than [t
′

A]. Couples of properties

on set/ensemble operation are equally able to be applied on inlusion test [t�], suh
as union, intersetion or omplementation. If, ∀ ∈ Rn, [tA](x) 6= [0, 1], then test [tA]
is supposed to be thin. For two suh thin inlusion tests [tA]([x]) and [tB]([x]), the
inlusion tests for their integrated sets A ∩ B, A ∪ B and ¬A = {x ∈ Rn | x /∈ A} are

de�ned onseutively in Eq. II.41.

[tA∩B]([x]) = ([tA] ∩ [tB])([x]) = [tA]([x]) ∩ [tB]([x]),

[tA∪B]([x]) = ([tA] ∪ [tB])([x]) = [tA]([x]) ∪ [tB]([x]),

[t¬(A)]([x]) = ¬[tA]([x]) = 1− [tA]([x]).

(II.41)

II.3.1.6 Subpavings

A paving or a box is denoted by an interval vetor [x] of IRn
. From the view of extreme

approximation in optimal analysis, any form of [x] is possible to be rede�ned as a union

of su�ient small pavings [x]k of IRn
. A subpaving [Jaulin 1994; Kie�er 1999; Sam-

Haroud et Faltings 1996℄ is onsidered as a set of non-overlapping pavings/boxes of IRn
,

subpaving =
⋃

k

[x]k, with [x]k ∩ [x]i = ∅, k 6= i. (II.42)

42



II.3 Calulus of interval analysis

When a suession of �nite operations of bisetion and seletion is arried out on an

interval vetor [x], smaller and more spei� boxes are deemed to be generated. The

set of suh attentive boxes is onsidered to be a regular subpaving of [x] illustrated in

gray in Figure II.7. To formulate the onept of subpaving preisely and illustratively,
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Figure II.7: A regular subpaving

onsider �rst an interval vetor [x] of IRn
,

[x] = [x1]× [x2]× ...× [xn]

= [x1, x1]× [x2, x2]× ...× [xn, xn],
(II.43)

Then selet the j−th interval [xj ] who owns the maximum width among all interval

omponents through Eq. II.44,

j = min{ i | w([xi]) = w([x])}. (II.44)

Then, the �rst bath of subpaving is obtained by alulating as in Eq. II.45, where L
and R respetively denote the left side and the right side of [x]. This is alled the

bisetion proess. By making a fusion of both sides L[x] and R[x], one obtains the

parent paving [x].

L[x] = [x1, x1]× ...× [xj,
xj + xj

2
]× ...× [xn, xn],

R[x] = [x1, x1]× ...× [
xj + xj

2
, xj ]× ...× [xn, xn].

[x] = L[x] ⊔R[x].

(II.45)

Conseutively ondut and repeat the phases of bisetion as above, the generations of

paving of [x] are then produed in notions of LL[x], RL[x], RR[x],..., et. Refer to the
box in Figure II.7 supposing that 1 unit equals to 1, a subpaving of [x] = [0, 2] × [0, 2]
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is generated as follows,

L[x] = [0, 1] × [0, 2],

LL[x] = [0, 1] × [0, 1],

LRR[x] = [1,
3

2
]× [1, 2],

LLRRR[x] = [
3

2
,
7

4
]× [1,

3

2
],

LLRRRR[x] = [
3

2
,
7

4
]× [

3

2
,
7

4
].

Alternatively, the bisetion proedure ould be represented by a binary tree struture in

an omputer environment sine the partitioned parent and the desendant groups look

extremely similar with a tree. A binary tree is omposed of a �nite set of nodes. This

nodes set ould be empty, ould be a single node namely the root of the tree, or may

additionally ontain two binary subtrees downside whose intersetion is supposed to be

empty. Aording to this assumption, an example of a tree struture is illustrated in

Figure II.8 whih is apable to give more detailed bisetion rules. In the illustration of
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subpaving, suppose one unit equals to numeral 4. Node A, the root of the tree, stands
for the initial box [x] = [0, 8] × [0, 8] partitioned as follows. B and C are the left and

right generations of A, orresponding respetively to the sub-boxes [0, 4] × [0, 8] and
[4, 8] × [0, 8]. The sub-box B is also partitioned leading to the sub-box [0, 4] × [0, 4] or
notation D. D has no following subtree thus it is onsidered as a leaf in the tree. Putting

1 next to D means that D is seleted in the subpaving. In the part of right generation,

node C further produes next generation at right side, or subtree, denoting part of

right-up orner [4, 8] × [4, 8] or notation E. Generation E owns the next generation

of double sides, denoted respetively by [4, 6] × [4, 8] (seleted with 1 next to it) and

[6, 8] × [4, 8], further biseted leading to additional sub-boxes. Subdivision of the tree

ontinues until all sub-boxes are seleted, as shown in Figure II.8. The number of the

neessary steps of bisetions from the root node to form a box is de�ned as depth of the

box. For example, box E goes to depth of three. A tree is onsidered to be minimal if

it has no sibling leaves whih ould be obtain by utting the leaves of any non-minimal

tree representing a subpaving of initial box x.
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The basi operations on regular subpavings is likewise willing to be presented here

with aid of binary tree sine the subpaving represents and illustrates alternatively the

available box [x]. There exist four basi operations paving-oriented enumerated as

reuniting the sibling subpavings, interseting subpavings, taking the union of subpavings

and testing whether a box is inluded in a subpaving.

The sibling subpavings as mentioned above are atually situated at the same level with

the parents. It is volunteered to be reunited to form a new family/tree. The reunite

algorithm is trivial to implement and is desribed as follows. The set of all the regular

subpavings of box [x] is denote by RSP ([x]).

Algorithm 1 The reunite algorithm: existing initial box [x] and its two regular sub-

pavings X ∈ RSP (L[x]) as well as Y ∈ RSP (R[x]) of the �rst generation of parent [x],
the omputation of reunited subpaving Z = (X,Y) ∈ RSP ([x]) is as followed.

• if X = L[x] and Y = R[x], then the reunited subpaving Z = [x];

• else if X = ∅ and Y = ∅, then Z = ∅;

• else, LZ = X and RZ = Y.

If interseting two regular subpavings X ∈ RSP ([x]) and Y ∈ RSP ([x]), the interseted
result leads to the shared nodes in both trees, or boxes. This proedure is illustrated

as follows.

Algorithm 2 The intersetion algorithm:

• if X = ∅ or Y = ∅, then Z = ∅;

• else if X = [x], then Z = Y;

• else if Y = [x], then Z = X;

• else, Z = (INTER(LX, LY, L[x]), INTER(RX, RY, R[x])).

If uniting two arbitrary subpavings X ∈ RSP ([x]) and Y ∈ RSP ([x]), a new expanded

subpaving Z = X ∪ Y ∈ RSP [x] is obtained simply by putting all nodes together.

Algorithm 3 The union algorithm:

• if X = ∅ or Y = [x], then Z = Y;

• else if Y = ∅ or X = [x], then Z = X;

• else, Z = (UNION(LX, LY, L[x]), UNION(RX, RY, R[x])).

To make a judgement whether a box [z] is inluded in a subpaving X ∈ RSP [x] or
not, tests are �rstly applied to the root of tree [x], then to its left and right subtrees in

sequene and denoted by 1 and 0 if the inside judgement result is true or false.
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Algorithm 4 The inside algorithm:

• if [z] = ∅ or if (X is a box [x] and [z] ⊂ [x]), then t := 1;

• else if X = ∅, then t := 0;

• else, t := (INSIDE([z] ∩ L[x], LX) ∪ INSIDE([z] ∩R[x], RX)).

II.3.2 Basi algorithms

Under the basi knowledge on the operations and properties of interval ensemble, vetor,

inlusion funtion and regular subpavings, it is possible to go further into introduing

two basi algorithms of interval analysis, whih are able to be largely applied in the real

engineering problems. In this setion, the inversion algorithm SIVIA and some ompat

ontrators are going to be disussed aiming to solve the non-linear equations problem.

II.3.2.1 Set inversion SIVIA

In many ases, the problem often enountered is solving the inversion funtion given

a range of the funtion values. For example, let f be a funtion with argument x

respetively in real spaes of Rm
and Rn

. The inversion funtion of funtion f is

obtained as shown in Eq. II.46,

y = f(x) ⇋ x = f−1(y). (II.46)

Similarly, given a possibly non-linear funtion f : Rn → Rm
and a subpaving Y ⊂ Rm

obtained from f . A set inversion operation is de�ned as omputing a subpaving in Rn

denoted as in Eq. II.47,

X = {x ∈ Rn| f(x) ∈ Y} = f−1(Y). (II.47)

In order to approximate the solution of subpaving X, for any funtion f admitting a

onvergent inlusion funtion [f ](·), two regular subpavings denoted by X and X whih

onstrain the inner and outer bounding approximations for X as in Eq. II.48,

X ⊆ X ⊆ X, (II.48)

are to be worked out. An algorithm alled SIVIA (set inverter via interval analysis) is

invented to solve this problem [Jaulin et al. 2001℄. To aquire a guaranteed subpaving

of X, SIVIA algorithm demands a very large database denoted as searh box [x]0. The
proedure of SIVIA algorithm to infer a solution of X and X is illustrated in a simpli�ed

example as Figure II.9 where four ases possibly enountered are expliated as follows.

• If the intersetion of [f ]([x]) and Y is not empty and the former is not entirely

inluded in the latter, then [x] is onsidered to be ontaining a partial solution

set. This box is �rstly assumed to be under-determined. If the width w([x]) is
greater than a threshold parameter ǫ, then it is deided to be biseted and tested

reursively one updated. Figure II.9-a
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• If the intersetion of [f ]([x]) and Y is an empty set, then [x] atually does not

belong to X. As onsequene, this value ould be ut o� from the solution tree.

Figure II.9-b

• If the [f ]([x]) is entirely inluded in Y, then [x] is onsidered as belonging to the

solution subpaving X and stored in two bounding subpaving of X and X. Figure
II.9-

• If [x] is determined as ambiguity box but with a small enough value of width

w([x]) sentened by ǫ, then it is aeptable and stored in the outer approximation

X of X. Figure II.9-d

X x spae y spae X x spae y spae
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Figure II.9: SIVIA

Algorithm 5 SIVIA algorithm based on an inlusion funtion:

• if [f ]([x]) ∩ Y = ∅, return; Figure II.9-b

• if [f ]([x]) ⊂ Y, then {X = X ∪ [x],X = X ∪ [x], return; }; Figure II.9-

• if w([x]) < ǫ, then {X = X ∪ [x], return; }; Figure II.9-d

• SIVIA (f ,Y, L[x], ǫ,X,X),SIVIA (f ,Y, R[x], ǫ,X,X). Figure II.9-a

The reursive algorithm is summarized as the Algorithm.5 SIVIA above. Note that, the

inner and outer subpavings X and X are initialized as emptysets.
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II. INTERVAL ANALYSIS

II.3.2.2 Contrators

The SIVIA algorithm pursues stithed subpavings playing the role of inner and outer

approximations for the non-linear problem. Alternatively, as regard to another thinking,

onsider �rstly a funtion f of Rm
whose oordinates vetors are omposed of funtions

fj, j ∈ 1, 2, ...,m, whih are in form as in Eq. II.49,

fj(x1, x2, ..., xn) = 0, j ∈ {1, 2, ...,m} (II.49)

where the arguments of funtion fj , namely vetor x, is expressed as x = (x1, x2, ..., xn)
whose prior domain is also determined as [x] = [x1] × [x2] × ... × [xn]. Aording to

this, the funtion f ould be written in vetor form as f(x) = 0, whih orresponds to

a onstraint satisfation problem(CSP) H formulated as in Eq. II.50,

H : (f(x) = 0, x ∈ [x]). (II.50)

Thus this problem is only �nding the solution set of Rn
as in Eq. II.51,

S = {x ∈ [x] | f(x) = 0}. (II.51)

Normally, suh CSP problems are likely to involve equality and inequality onstraints

operated both in disrete domains, like the values taken from xi belongs to �nite sets,

as well as in ontinuous domains, like subsets of R or intervals [Clowes 1971; Cleary

1986℄.

In the framework of sets, a possible solution of CSP problem ould be de�ned as an

outer approximation of the real S. The interval based methods do not only provide a

guaranteed enlosure [x] of S in time and spae, espeially, it o�ers an opportunity of

ontrating the solution of H into smaller domain [x′], whih means,

S ⊂ [x′] ⊂ [x]. (II.52)

If [x] is able to be ontrated into a smallest box ontaining S, that is onsidered as

an optimal ontration of H. Aordingly the ontration operator is nominated as

ontrator denoted by C.
Aiming to solve some spei� lasses of CSP problems, there exist several basi on-

trators whih are e�ient even for a muh larger lass of CSPs. In the following

setion below, the basi ontrators, CGE, CGs, CK and C↓↑, used to get e�ient inter-

valized/interval �nite solvers are presented to deal with various optimization problems

and resolution of equations and inequalities.

Consider the CSP H : (f(x) = 0, x ∈ [x]), a �nite subsolver ould be obtained by

omputing the values of some variables xi while some other variables xj , j 6= i, are
known. The formal de�nition of a subsolver is determined in virtue of the de�nition

of a subvetor of a given vetor x. The vetor u = (u1, u2, ..., unu) is a subvetor

of vetor x = (x1, x2, ..., xn) if there exists a subset I = {i1, i2, ..., inu} belonging to

set {1, 2, ..., n} suh as u = (xi1 , xi2 , ..., xinu ) equally possibly written by u = xI .
Meanwhile, if there is a subset J = {j1, j2, ..., jnφ} of the same vetor x arrying
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subvetors v = xJ satisfying I ∩ J = ∅, then a �nite subsolver of H is de�ned as a

�nite set-values algorithm φ : u 7→ φ(u) making Eq. II.53 hold true.

f(x) = 0 ⇒ v ∈ φ(u). (II.53)

The omponents of subvetor u are the inputs of φ where those of v are the orrespond-

ing outputs. More often, funtion φ(u) is a singleton, translating Eq. II.53 to Eq. II.54,

v = φ(u). (II.54)

Notion of subsolver φ is equally applied on interval ounterpart. An inlusion funtion

[φ] of φ transformed from Rnu
to Rnφ

satis�es for all pavings/boxes u,

φ([u]) ⊂ [φ]([u]), where φ([u]) = ∪u∈[u]φ(u). (II.55)

As a onsequene, if [φ] is an inlusion funtion of φ, a ontration of H an be derived

by updating eah domain [xj ], j ∈ J by the domain [xj]∩ [φj ]([u]), suh as in Eq. II.56.

[xj ] = [xj ] ∩ [φj ]([u]). (II.56)

One lassial Gauss elimination ontrator is proposed to solve the CSPs of square linear

systems of interval equations. For a spei� CSP problem shown as in Eq. II.57,

H :

(

A ∈ [A], b ∈ [b],p ∈ [p]
Ap− b = (0)

)

, (II.57)

with

A =







a11 a12 · · · a1np
.

.

.

.

.

.

anp1 anp2 · · · anpnp






, b =







b1
.

.

.

bnp






. (II.58)

The Gauss elimination proedure is onsidered as a �nite subsolver permitting to om-

pute p when input vetor u = (a11, a12, ..., anpnp , b1, b2, ..., bnp) is known inferred from

the set of variables of H x = (a11, a12, ..., anpnp , p1, p2, ..., pnp , b1, b2, ..., bnp). The oper-
ator of Gauss elimination is de�ned as in Eq. II.59,

CGE([A], [b], [p]) 7→ ([A], [b], [p] ∩ [φ]([A], [p], [b])), (II.59)

where [φ](·) is given by Algorithm 6. GE denotes Gauss elimination ontrator for CSP

problem H.

Algorithm 6 Gauss elimination ontrator:

1. for i = 1 to np − 1

2. if 0 ∈ [aii]

3. ([p1], ..., [pnp ]) = Rnp
; return;
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4. for j = i+ 1 to np

5. [αj ] = [aji]/[aii];[bj ] = [bj ]− [αj ] ∗ [bi];

6. for k = i+ 1 to np

7. [ajk] = [ajk]− [αj ] ∗ [aik];

8. for i = np down to 1

9. [pi] = ([bi]−
∑n

j=i+1[aij ] ∗ [pj])/[aii].

A Gauss-Seidel based ontrator is also proposed to solve the same CSP problem,

H :

(

A ∈ [A], b ∈ [b],p ∈ [p]
Ap− b = (0)

)

, (II.60)

where the matrixA is assumed to be square matrix. A is then deemed to be deomposed

as the sum of a diagonal matrix and its orresponding matrix making all the omponents

on diagonal equal to zero as shown in Eq. II.61,

A = diag(A) + extdiag(A). (II.61)

Consequently, Ap− b = 0 is equivalent to

diag(A)p + extdiag(A)p − b = 0. (II.62)

Assuming that there exists the inverse matrix (diag(A))−1
orresponding to diag(A),

Eq. II.62 is rewritten as Eq. II.63,

p = (diag(Ab))−1(b− extdiag(A)p). (II.63)

Then formulate a �xed-point subsolver for H as

ψ





A

b

p



 =





A

b

(diag(A))−1(b− extdiag(A)p)



 . (II.64)

Applying the inlusion funtion on ψ then leads to

ψ





[A]
[b]
[p]



 =





[A]
[b]

(diag([A]))−1([b]− extdiag([A])p)



 . (II.65)

The Gauss-Seidel ontrator is generated aordingly as

CGS : [ψ]





[A]
[b]
[p]



 7→





[A]
[b]

[p] ∩ (diag([A]))−1([b]− extdiag([A])[p])



 . (II.66)
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Another basi ontrator is proposed based on Krawzyk [Neumaier 1990℄. Considering

the CSP H : (f(x) = (0),x ∈ [x]), the Krawzyk ontrator CK utilizes the �xed-point

subsolver in the same manner as CGS. If satisfying nf = n and a di�erentiable f , for

any matrix M ,

f(x) = (0) ⇔ x−Mf(x) = x. (II.67)

The subsolver ψ(x) is then de�ned as in Eq. II.68,

ψ(x) = x−Mf(x). (II.68)

Applying the entered inlusion funtion on ψ leads to Eq. II.69,

[ψ]([x]) = ψ(x0) + [Jψ]([x]) ∗ ([x]− x0), (II.69)

where [Jψ] is an inlusion funtion for the Jaobian matrix of ψ. x0 is the enter point

mid([x]) of [x]. Then a Krawzyk ontrator reduing [x] is obtained by Eq. II.70,

CK : [x] 7→ [x] ∩ (ψ(x0) + [Jψ]([x]) ∗ ([x]− x0)). (II.70)

Substituting Eq. II.68 into Eq. II.70 leads to

CK : [x] 7→ [x] ∩ (x0 −Mf(x0) + (I −M [Jf ]([x])) ∗ ([x]− x0)). (II.71)

where notion I is the identity matrix, [Jf ] is an inlusion funtion for the Jaobian

matrix of funtion f . The matrix M is often de�ned as the inverse funtion J−1
f (x0)

omputed at value x0. The relative algorithm is illustrated as Algorithm.7.

Algorithm 7 Krawzyk ontrator:

1. x0 = mid([x]);

2. M = J−1
f (x0);

3. [Jψ] = I −M [Jf ]([x]);

4. [r] = x0 −Mf(x0) + [Jψ] ∗ ([x]− x0);

5. [x] = [x] ∩ [r].

The fourth ontrator, forward-bakward ontrator C↓↑, is a problem solver on basis of

the prinipal of onstraint propagation [Waltz 1972; Cleary 1986; Davis 1987; Benhamou

et al. 1999℄, enabling to redue the domain of the CSP H : (f(x) = 0,x ∈ [x]) by

iterating all the onstraints onseutively with assumption of any fi(x1, x2, ..., xn) = 0.
The dimension of f is not any long neessarily equaling to n in this ase. Eah iteration

on onstraint give a di�erent �nite subsolver. Consequently the ontrator C↓↑ performs

the intersetion of all various subsolvers to redue paving/box [x].
However, for eah onstraint in form of fi(x1, x2, ..., xn) = 0, fi is possible and deemed to

be deomposed into a sequene of operations, involving the basi operators (+,−, ∗, /)

51



II. INTERVAL ANALYSIS

or funtions (sin, cos, log, ...). Alternatively speaking, a onstraint is deomposed into

the primitive onstraints [Waltz 1972℄ whih are in fat single onstraints involving just

one single operator inluded in (+,−, ∗, /), or single funtion (sin, cos, log, ...). The

ontration proedure is atually performed at eah of the primitive onstraints until

the ontrator degrades to be ine�ient.

Consider an example of onstraint equation f(x) = 0 where f(x) = x1·exp(x2)+sin(x3).
The objeted domains of variables x1,x2 and x3 are denoted as [x1],[x2] and [x3]. To

ontrat suh domains by the forward-bakward method, it needs �rstly to write down

an imaginary �nite sequene of elementary operations in interval ounterpart to apply,

for example as in Eq. II.72,

[a1] = exp([x2]);

[a2] = [x1] ∗ [a1];
[a3] = sin([x3]);

[y] = [a2] + [a3].

(II.72)

The forward-bakward algorithm is onduted and onluded as in Algorithm.8.

Algorithm 8 Forward-bakward ontrator:

1. [a1] = exp([x2]);

2. [a2] = [x1] ∗ [a1];

3. [a3] = sin([x3]);

4. [y] = [a2] + [a3];

5. [y] = [y] ∩ [0];

6. [a2] = ([y]− [a3]) ∩ [a2];

7. [a3] = ([y]− [a2]) ∩ [x3]

8. [x3] = sin−1([a3]) ∩ [x3];

9. [a1] = ([a2]/[x1]) ∩ [a1];

10. [x1] = ([a2]/[a1]) ∩ [x1]

11. [x2] = log([a1]) ∩ [x2].

Besides these basi ontrators, there exist also some extended and ollaborative on-

trators, as well as that for sets operations. Contrator is a very useful notion of interval

analysis sine it is apable to downsize the searh paving/box by a variety of thinking

nevertheless without any loss of all the possibilities. It also serves basially for an ad-

vaned funtion alled solvers in onrete analysis, whih is not inluded in this paper.

For more information about ontrators, please refer to [Moore 1966; Moore et Moore

1979; Moore et al. 2009; Kearfott et Kreinovih 1996; Jaulin et al. 2001℄.
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II.4 Conlusion

Interval analysis tehnique is a guaranteed numerial approximation approah on sets

operations appliable on the unsolvable non-linear problem enountered many often

in the area of engineering. The main theoretial foundation relies on a rather simple

oneption of enlosing real numbers in intervals, or real vetors in boxes ensuring guar-

anteed results and numerial proessions. This hapter brie�y introdues the onept of

interval analysis. Based on the basi operations suh as on ensembles and arithmetis,

inlusion funtion is founded and employed to help produing the outer approximation

of problem solutions. Equally, subpaving, an inverse evaluation of funtion on basis

of subpaving planning of box [x], is then introdued in name of SIVIA leading to a

union of possible sets overing the real set of inner and outer approximations whih

are generated from ∅. Supplementally, with the aid of ontrators based on inlusion

funtions, the initial possibly large searh box [x] in solving onstraint problems is able

to be redued up to satisfy spei�ation, however without any loss of possible sets of

solution of the optimal problem.

The next hapter will illustrate a ombined entralized loalization method with aid of

interval analysis showing how the interval analysis tehnique is employed to help loalize

a mobile sensor in a wireless sensor network. Meanwhile, the orresponding reliability

is also analyzed.
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Chapter

III
Centralized loalization

Contents

III.1 Introdution
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III.3 Centralized loalization algorithm

III.4 Analysis and simulations

III.5 Conlusion

Referenes

T

he apability of sensors for self-loalization is one of the basi and ru-

ial requirements in ad-ho wireless sensor networks. People prefer the

robust, �exible and reliable loalization algorithms to ensure a guaranteed

estimation of sensors positions. Interval analysis tehnique, presented in

the preeding hapter, is apable to solve this loalization problem in the interval

framework by introduing the unertainties of relevant measurements in wireless sen-

sor networks. Measurements used in the method introdued in this hapter inlude

both �ngerprints and aelerometer information as nodes move freely. The former,

in terms of RSSI measurements, serves for two phases of measurements. It is �rstly

used to on�gure a priori a global power map over the surveillane area, then om-

pute the �rst estimate by the way of pattern mathing one the seond measurements

are aquired in the real-time phase. A seond estimate relies on the latter, namely

aeleration values measured from aelerometer devie, as well as the last renewed

estimate. Both instant estimates are then integrated using interval analysis, yielding

solutions in a form of boxes inluding the real positions of the nodes.
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III. CENTRALIZED LOCALIZATION

III.1 Introdution

Reent developments in eletronis miniaturization suh as miro-eletromehanial sys-

tems, embedded miro-proessors, as well as in wireless ommuniation tehniques en-

able the emerging and boosting of the Wireless Sensor Networks (WSNs) tehnology

[Akyildiz et al. 2002; Zhao et Guibas 2004; Conner et al. 2004℄. WSNs onsist of ad-ho

networks omposed of a large number of smart and tiny devies, alled also sensors, hav-

ing sensing, omputation and ommuniation apabilities [Akyildiz et al. 2002℄. Sensors

are autonomously driven by their light embedded power soures, i.e. on-board batter-

ies. Suh power soures are generally non-renewable, hene all ommuniation protools

and proessing algorithms should be low-energy onsuming to extend the lifespan of the

whole network. WSNs have been widely applied for surveillane and traking in many

domains surrounding peoples, like agriulture, industry, mediine and military �elds,

making meaningful and great ahievements [Shorey et al. 2006; Czubak et Wojtanowski

2009℄. In this ontext, position awareness of the sensors is ruial, sine all sensed data

are tightly related to the geographial loations where measurements are made.

One solution to this problem is to equip all sensors with Global Positioning Systems

(GPS) [Hofmann-Wellenhof et al. 1993℄. It is quite e�ient with regard to loalization.

Nevertheless, this kind of heavily-armed large sale ad-ho WSNs means meanwhile

the energy-onsuming, high ost and bulky burden for tiny sensors. Moreover, GPS

reeivers are onstrained in an indoor or large overed bakground, hene they turn to

be impratial in these situations, GPS signals not being reliable any way.

Massive alternative solutions have been proposed sine the passed last deades. Many

lassial solutions are already roughly desribed in Chapter I. They use two types of

sensors: anhors, having known positions, and nodes, having unknown positions. Suh

various loalization approahes are able to be ategorized into distane estimation, on-

netivity measurements or senario information olletion based methods [Mao et al.

2007℄, or in term of proessing sheme, into entralized or deentralized methods [Stoj-

menovi 2005; Pal 2010℄, or in term of adopted signals, into aousti based, opti assisted

and Reeived Signal Strength Indiator (RSSI) [Shweinzer et Syafrudin 2010; Sifuentes

et al. 2011; Kaemarungsi et Krishnamurthy 2004; Bahl et Padmanabhan 2000℄, et.

Considering the simpliity and �exibility of implementation aligned with the reason-

able positioning auray, RSSI based tehniques are taken into aount more often.

To improve the positioning auray of RSSI-based methods, instead of onverting

straightforward RSSI to distanes, several novel ideas based on onnetivity make a

omparison between the reeived signal strength and a power threshold leading to dis-

tanes onstraints. Combinations of suh onstraints have been made diversely, suh

as using Sequential Monte-Carlo algorithm [Hu et Evans 2004; Baggio et Langendoen

2006℄, interval analysis [Mourad et al. 2008; 2009℄, variational �lter [Teng et al. 2010℄,

et. Another novel idea is based on olleting senario information [Tapus et Siegwart

2006; Robles et al. 2010℄ whih also make omparison between signal strengths but in

a di�erent whole-area-searh and pattern mathing way. This approah is ommonly

known as �ngerprinting method, using the information olleted, whih indiates gath-
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ering the surrounding signi�ant harateristis, like olors, edges or RSSI, to model

the atual environment of features. With suh onsiderations, �ngerprinting methods

are onsidered very prospetive due to their high �exibility to various surroundings.

In ase of mobile sensors in a WSN, �ngerprinting methods are also adaptive to loalize a

mobile node sine its dependene on atual ambient matters no matter what time instant

it is. In fat, the mobility of mobile sensors introdues the di�ulty to positioning sine

the movements of sensors are often unregulated and unpreditable, ourring to any

diretion or any displaement, espeially when the sensors are not equipped with preise

instrument for reading the relevant movement data. However, one ould improve the

loalization auray by having some mobility information, suh as ertain attributes

of movement, possibly onstrained by sensor itself or environmental fators, like the

maximum veloity that a mobile sensor ould possibly have (patients walking speed),

or an angle when a robot ould turn around within a time period. Researhes on

the mobility models are made in [Camp et al. 2002℄ where entity mobility models and

group mobility models are proposed o�ering hoies for researhers to loalize a mobile

sensor. Some e�orts regarding the mobile sensors are proposed with exploiting both

the onnetivity and mobility onstraints, suh as solutions by Monte-Carlo [Hu et

Evans 2004; Baggio et Langendoen 2006℄, interval analysis [Mourad et al. 2008; 2009℄

and Hidden Markov [Fraile et Maybank 1998; Arthi et Murugan 2010℄. The ranging

information is also used with mobility to loalize the nodes throughout mobility adaptive

RSSI �lter by [Chandra-Sekaran et al. 2009℄.

Sensors ould also be equipped with additional devies for movements measurements.

For instane, by having magnetometer, a varying magneti �ngerprinting similar to RSSI

is onstruted and solved alternatively by Monte-Carlo in [Haverinen et Kemppainen

2009℄. Moreover, [Choi et al. 2011℄ loalizes mobile robots by utilizing radio-frequeny

identi�ation (RFID) tags [Ni et al. 2004℄ and ultrasoni sensors proessing in a hierar-

hial sheme. If the installed devie is an inertial measurement unit, it yields diretly

an estimation for the displaement of the mobile sensor, suh as in [Hsu et Yu 2009℄

whih equips a robot with an aelerometer. Suh a method o�ers aurate estimation if

perfet measurements are presented. Otherwise, the devie aelerometer is ommonly

onsidered to be espeially suseptible to the interruption whih leads probably to a

rather rough loalization in normal ases.

This hapter introdues a novel loalization tehnique based on both �ngerprints and

aelerometer information, whih ompensates estimation error. The proposed method

is an anhor-based method exeuted in a entralized sheme undertaking the �nger-

prints olletion. It performs �rstly a on�guration phase, preeding the loalization of

the nodes. In the on�guration phase, RSSI �ngerprinting information are olleted to

model the network, leading to a power map. In the loalization phase, a �rst position

estimate is omputed using the onstruted power map. A seond estimate is meanwhile

omputed using instantly measured aelerometer information. Both instant estimates

are then ombined using interval analysis [Jaulin et al. 2001; Mourad et al. 2009℄, lead-

ing to boxes inluding the atual positions of the nodes. Beside the basi idea, two

alternative mobility models are equally proposed to apply on the seond estimation,
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either eonomizing the time-onsuming or re�ning the estimation auray. Conerning

the �rst estimate, several di�erent omputations of weight fators are equally shown and

disussed. Furthermore, the interval analysis tehnique is applied in various optional

ways whih will be illustrated in the end of the hapter.

III.2 Problem statement

This hapter proposes a entralized algorithm for sensors loalization. It thus onsid-

ers the entralized topology of WSNs, shown in Chapter I Figure I.2, having a single

base-station. Sensors in this topology are uniquely apable of sending and reeiving

measurements, laking of the apabilities of omputation and proessing. As a onse-

quene, all of the sensed data are required to be transmitted to the entral fusion station

where all the omputations are onduted. Suh network ould ollet high quality mea-

surements to provide high auray proessing result. Nevertheless, the ost lies in that

sensors digest muh more energies, espeially for the sensors nearby the entral station,

due to the fat that energy onsumed in transferring one bit is higher than the energy

needed to proess one bit. Based on suh a network, a entralized loalization method

is designed using �ngerprinting tehnique and aelerometer measurements. In the fol-

lowing, the network omponents are �rst presented. The loalization problem using

either �ngerprints or sensors'aelerations is then desribed. The proposed algorithm

ombining all the measurements is provided in Setion III.3.

III.2.1 Con�guration of the network

The proposed method is an anhor-based loalization tehnique performing �nger-

printing olletion. Consider a surveillane area of RD
, with D = 2 or D = 3 for

a two-dimensional or a three-dimensional area. The network has two types of sen-

sors: anhors and nodes, the former with known �xed positions denoted by ai =
(ai,1, ..., ai,D) , i ∈ {1, ..., NA}, and the latter having unknown positions, denoted by

xj(t) = (xj,1(t), ..., xj,D(t)) , j ∈ {1, ..., NX}, NA and NX being the number of an-

hors and nodes in the network. The loalization problem onsists then on �nding

xj(t), j ∈ {1, ..., NX}, using measurements and information related to the ai, i ∈
{1, ..., NA}. Moreover, being based on radio-�ngerprints, the proposed method per-

forms RSSI olletion to de�ne a power or RSSI map over the network. To do this, NP

uniformly deployed referene positions are generated over the whole network, denoted

by pk = (pk,1, ..., pk,D) , k ∈ {1, ..., NP }. An example of suh a on�guration is shown

in Figure III.1.

One the basi network is built up, a olletion of power information is performed at all

these referene positions. To this end, anhors, denoted as irles in the plot, broadast

signals in the network with the same initial power ξ0. It is noted that their signal

powers are inversely proportional to transmission distanes, namely they derease with

the inrease of the distane separating the sensors. Aording to this attribute and by

putting test nodes at the referene positions, one is able to measure the Reeived Signal
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Figure III.1: A on�guration of a entralized network

Strength Indiators (RSSI) of anhors signals reeived at these exat positions denoted

as small points in the plot, onstruting the referene RSSIs. Let ξP k, k ∈ {1, ..., NP }
be the referene RSSI vetors, given by

ξP k = (ξP k,1, ..., ξP k,NA) , k ∈ {1, ..., NP }, (III.1)

where ξP k,i is the strength of the signal emitted by the anhor i and reeived at the

referene position pk. The on�guration phase leads then to a �ngerprints database,

also alled power map [Robles et al. 2010℄. This database onsists of NP ouples, eah

one denotes a ouple of a referene position and its assoiated RSSI vetor (pk, ξP k),
k ∈ {1, ..., NP }. The �ngerprints database is stored at the entral fusion station, also

alled omputation enter, to be used with the real-time measurements in order to

perform the loalization omputation. This phase is thus performed o�ine, before the

start of the loalization proess.

III.2.2 Loalization using �ngerprints database

During the online positioning proedure, nodes travel freely through the network and

ollet signals of all anhors. At every time-step t, eah node j measures the strengths

of its reeived signals, sent from all anhors. The real-time RSSI vetors is generated

and denoted as follows,

ξX j(t) = (ξX j,1(t), ..., ξX j,i(t), ..., ξX j,NA(t)) , j ∈ {1, ..., NX}, (III.2)

where notation ξX j,i(t) stands for the signal strength at reeption of the signal emitted

by the anhor i and reeived by the node j at time t. Then, in order to loalize a

node j, one looks for a pattern mathing with the �ngerprints database. To this end,

the proposed method is based on the K-nearest neighbors algorithm [Navarro et al.

2010℄. It thus omputes for eah node j the Eulidean distanes ‖ξX j(t), ξP k‖ between
its instantaneously obtained vetor ξX j(t) and all referene RSSI vetors ξP k, k ∈
{1, ..., NP }. Aording to that, the K smallest distanes are seleted. Let Ij(t) denote
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the set of indies of the referene positions yielding these K smallest power distanes.

Sine signals RSSI are tightly related to geographi distanes between sensors, then

Ij(t) ould be onsidered as the set of indies of the K nearest referene neighbors to

the node j at time t. Aordingly, the �ngerprints based position estimate of node j is
omputed as in Eq. III.3,

x̂f,j(t) =
∑

k∈Ij(t)
ωj,k(t)pk, (III.3)

where ωj,k(t) is the weight fator assoiated to the seleted referene position k. The

weights ωj,k(t), k ∈ Ij(t), are hosen in the way of inversely proportional to the Eu-

lidean RSSI distanes. Indeed, the smaller a distane between RSSI vetors is, the

nearer the node is to the orresponding referene position, thus the greater the weight

should be. Also, the weights should be normalized as

∑

k∈Ij(t) ωj,k(t) = 1. One ould

hoose an inverse omputation of weights as in Eq. III.4,

ωj,k(t) =
‖ξX j(t), ξP k‖−α

∑

u∈Ij(t) ‖ξX j(t), ξP u‖−α
. (III.4)

where α is a �xed parameter of weight fator whih ould be hosen empirially. Another

formula expressing the inverse relation existing between distanes and RSSIs ould also

be used for the weights. Eq. III.5 below shows the omputation of suh weight fators,

alled exponential weights.

ωj,k(t) =
exp

(

−α‖ξX j(t), ξP k‖
)

∑

u∈Ij(t) exp
(

−α‖ξX j(t), ξP u‖
) . (III.5)

The exponential weights in fat amplify the di�erene among all omputed distanes.

The adaptivity of both weights omputations will be disussed later. Note that the

omputation in this setion is performed using exat measured data, and thus it does

not take the measurement inertitude into onsideration. In the Setion III.3, the om-

putation inluding measurements inertitude, as well as ombination to aelerometer

measurements are presented.

III.2.3 Loalization using aelerations

Eah node j is assumed to be equipped with an aelerometer devie [Hsu et Yu 2009℄,

yielding, at eah time-step t, its aeleration values over all the oordinates, denoted by

γj,1(t), ..., γj,D(t). Based only on this information, node j omputes another estimate

of its position as in Eq. III.6 using a seond-order mobility model,

x̂γ,j(t) = x̂γ,j(t− 1) + νj(t− 1)∆t+
1

2
γj(t)∆t

2, (III.6)

where γj(t) = (γj,1(t), ..., γj,D(t)) is the aeleration vetor of node j at time t, νj(t) is
the node's veloity vetor, ∆t is the time interval between two onseutive time-steps

and x̂γ,j(t− 1) denotes the previous position estimate of node j obtained at time t− 1
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while using only aelerations. Veloities νj(t) are also omputed at eah time-step

using aelerations as in Eq. III.7,

νj(t) = νj(t− 1) + γj(t)∆t. (III.7)

Note that the model of Eq. III.6 and Eq. III.7 assumes that the aelerations are onstant

between time-step t− 1 and time-step t. With slightly varying urves of aelerations,

this sheme leads to aurate estimates. However, with abrupt hanges in aelerations

or muh noisy interrupted aelerations, estimates x̂γ,j(t) might be sensitively deviated

from the exat trajetory, due to umulative errors from γj(t) over time aumulation.

One �rst-order more simpli�ed model is an optional hoie to ompute aeleration-

based estimates. Aording to this model, instantaneous veloities are �rst omputed

using Eq. III.7. Then, the position estimates are given by Eq. III.8,

x̂γ,j(t) = x̂γ,j(t− 1) + νj(t)∆t. (III.8)

Here, aelerations are �rst assumed to be onstant between time-steps t − 1 and t
to ompute veloities at time t. Then, an additional approximation is performed by

assuming that the veloities are onstant between time-steps t− 1 and t. Clearly, this
model is less aurate, but runs faster than the �rst one. In some appliations, it is

more e�ient sine the estimation error stays within an aeptable range.

Having the values of aelerations at time-steps t− 1 and t, one ould propose a better

third-order model taking the variation of the aelerations into onsideration. Indeed,

suh a model is more suitable to trajetories where the measured aelerations have

abrupt hanges. The position estimates are formulated by the third-order model as in

Eq. III.9,

x̂γ,j(t) = x̂γ,j(t− 1) + νj(t− 1)∆t+
1

2
γj(t− 1)∆t2 +

1

6

γj(t)− γj(t− 1)

∆t
∆t3, (III.9)

where νj(t − 1) is the veloity vetor of the node j at time-step t − 1 omputed at

iteration t as Eq. III.10,

νj(t) = νj(t− 1) + γj(t− 1)∆t+
1

2

γj(t)− γj(t− 1)

∆t
∆t2. (III.10)

It is worth noting that this model assumes that, between two onseutive time-steps

t − 1 and t, the aelerations are linear going from γj(t − 1) to γj(t), with a slope

of

γj(t)−γj(t−1)

∆t
. With a small value of ∆t, this model works very well, sine the ap-

proximated aeleration urves beomes very lose to the real ones. In the following,

the ombination of both estimations using �ngerprints and aelerations, as well as

measurements inertitude, is presented.

III.3 Centralized loalization algorithm

Nodes ollet RSSI information and measure their aelerations while moving in the

network. Under suh onsideration, the real-time measured RSSI are used with the
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�ngerprints database to ompute �rst estimates of nodes positions, whereas measured

aelerations meanwhile are used to ompute seond positions estimates. The ombi-

nation of the �rst, �ngerprints-based, and the seond, aelerations-based, estimates,

is performed in the interval framework [Jaulin et al. 2001; Mourad et al. 2009℄. Based

on interval analysis, the ombination employs interval information whih ould inlude

all inertitude over measurements and omputations data. Pratially, instead of tak-

ing the exat estimated positions omputed above, one ould take the inertitude over

measurements and omputations into onsideration leading to estimated boxes inlud-

ing the atual positions of the nodes inside. In the following, the omputations using

�ngerprints and aelerations shown above are reformulated in the interval framework.

III.3.1 Reformulation over aelerations

Let ±δγ be the inertitude over the measured aeleration values, then one ould de�ne

aeleration boxes (or interval vetors) as follows.

[γj ](t) = [γj,1](t)× · · · × [γj,D](t) = [γj,1(t)− δγ , γj,1(t) + δγ ]× · · · × [γj,D(t)− δγ , γj,D(t) + δγ ].
(III.11)

[γj](t) is a D-dimensional box, assumed to inlude the atual value of the aelerations

vetor of node j at time t with extension down to lower boundary γj(t) − δγ1 and up

to upper boundary γj(t) + δγ1 where 1 is a vetor of D ones.

The quantity δγ is taken as the measurement inertitude de�ned by the manufaturer

of the used aelerometer devie. Alternatively and more pratially, it ould also be

de�ned by a prior alibration of the aelerometer, before the loalization proedure,

where it would be set to its maximal measurement error. More details for omputation

of δγ are given in Remark 1 below. Under suh assumption, it is possible to rewrite

the aeleration-based position estimates of the seond-order model of Eq. III.6 using

[γj](t) in the interval framework as follows,

[x̂j ]γ(t) = [x̂j ](t− 1) + [νj](t− 1)∆t+
1

2
[γj ](t)∆t

2, (III.12)

where the previous aeleration-based position estimate of node j is replaed by the

previous �nal estimated box [x̂j ](t−1), obtained after the ombination with the �nger-

printing estimate. [νj ](t) is its boxed veloity, omputed as follows,

[νj](t) = [νj ](t− 1) + [γj ](t)∆t. (III.13)

It is also possible to rewrite the �rst-order simpli�ed model as follows,

[x̂j ]γ(t) = [x̂j ](t− 1) + [νj ](t)∆t, (III.14)

where veloities boxes are �rst updated using Eq. III.13.

Similarly for the third-order mobility model, nodes movements are reformulated into

interval framework as follows,

[x̂j]γ(t) = [x̂j ](t− 1) + [νj ](t− 1)∆t+
1

2
[γj ](t− 1)∆t2 +

1

6

[γj ](t)− [γj ](t− 1)

∆t
∆t3, (III.15)
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where νj(t) is equally boxed by

[νj](t) = [νj ](t− 1) + [γj](t− 1)∆t+
1

2

[γj ](t)− [γj ](t− 1)

∆t
∆t2. (III.16)

Remark 1 Computation of δγ
The reliability of �nal estimation relies on the unertainties introdued to the measure-

ments, while applying the interval omputations. Applying the interval analysis, it is

hoped that all the inertitude is inluded inside the onstruted measurements boxes.

The quantity δγ is either onsidered to be the measurement inertitude de�ned by the

instrument manufaturer, or determined by an antiipated alibration proedure of the

aelerometer. Considering the impats possibly generated at surroundings, the latter is

supposed to be more aurate and omprehensive. In other words, one ould arry out

a preliminary measurement over the unertainty of aelerations in spei� senario.

By omparing with the observed aeleration values, it is possible to have a set of a-

eleration errors values. Let γ̃j,ℓ(t), ℓ ∈ {1, ...,D} be the orret noiseless aelerations

of node j among the ℓ-th oordinate at time-step t, and let γj,ℓ(t) be its orresponding

measured noisy value. Then,

γj,ℓ(t) = γ̃j,ℓ(t) + εγ,j,ℓ(t), ℓ ∈ {1, ...,D}, (III.17)

where εγ,j,ℓ(t) is the additional aeleration noise. To get the parameters of εγ,j,ℓ(t),
several values ould be obtained by performing the antiipated alibration phase of the

aelerometer as said before. Consider that εγ,j,ℓ(t) is a zero-mean gaussian noise, with

a standard deviation denoted by σγ . Aordingly, the inertitude δγ ould be taken to

3σγ . It is possible to justify this hoie by omputing the probability of inluding the real

noiseless aeleration γ̃j,ℓ(t) into the aeleration interval to be onsidered [γj,ℓ(t)] =
[γj,ℓ(t)− δγ , γj,ℓ(t) + δγ ] as follows,

Pr (γ̃j,ℓ(t) ∈ [γj,ℓ(t)]) = Pr (γj,ℓ(t)− δγ ≤ γ̃j,ℓ(t) ≤ γj,ℓ(t) + δγ)

= Pr (−δγ ≤ εγ,j,ℓ(t) ≤ δγ)

= erf

(

δγ

σγ
√
2

)

(III.18)

where erf (·) is the Gauss-error funtion. With δγ = 3σγ , Pr(γ̃j,ℓ(t) ∈ [γj,ℓ(t)]) =
0.997, that is a probability of 99.7% ensuring the real aeleration is inluded within the

onsidered interval. One ould also take δγ to the maximal aeleration error value. If

the error has not a zero mean then one ould set an aeleration bias equal to the error

mean and then update the measured aeleration values by subtrating this bias in the

way to have a zero-mean error.

Remark 2 Update of veloity boxes

While the RSSI-based estimation uses only information of urrent time, the aeleration-

based estimation employs previous interval information, leading to inertitude aumu-

lation. Indeed, models of Eq. III.12, Eq. III.14 and Eq. III.15 use boxed veloities
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[νj](t) and [x̂j ](t) where all previous inertitude values are onsidered. While �nal

boxes [x̂j ](t) have variable bit widthes, veloity boxes [νj ] grow with time, leading to

larger aeleration-based position boxes from one time-step to the other. In order to

redue the impat of inertitude aumulation, one ould orret the veloity boxes while

using the seond-order model after omputing [x̂j](t) as follows,

[ν̂j ](t− 1) = [νj ](t− 1) ∩ [x̂j ](t)− [x̂j](t− 1)− 1
2 [γj ](t)∆t

2

∆t
. (III.19)

The orreted veloities substitute previous veloities in Eq. III.13 to ompute veloities

of time t. Similarly with the third-order Eq. III.15, the veloity boxes are orreted as

follows,

[ν̂j ](t−1) = [νj ](t−1)∩ [x̂j](t)− [x̂j ](t− 1)− 1
2 [γj ](t− 1)∆t2 − 1

6

[γj ](t)−[γj ](t−1)

∆t
∆t3

∆t
. (III.20)

For the �rst-order simpli�ed model, the veloity boxes are orreted after omputing

[x̂j ](t) as follows,

[ν̂j ](t) = [νj](t) ∩
[x̂j ](t)− [x̂j](t− 1)

∆t
. (III.21)

In this ase, the orreted veloities are used in the estimation of nodes positions in the

following time-step.

Remark 3 Aeleration-based inertitude δxγ (t) over estimates

By observing Eq. III.11-III.16, one an see that the inertitude introdued to aelera-

tions is in fat inevitably aumulated to the upper omputation until the �nal displae-

ment as time goes on, espeially when ating over the highest order omputations suh

as in Eq. III.15. This means that the aeleration-based position boxes would be wider as

time goes on. By orreting the veloities intervals as in Remark 2, one might possibly

redue the aumulated inertitude. On the other hand, if we refer to Chapter II at Se-

tion II.3.1.4, there exist di�erent ways to represent the inertitude, some more optimal

than the others. The key idea onsists here of omputing the inertitude over the a-

eleration estimated position in a di�erent manner, to hek later whether this solution

is more aurate or not. Let the equations of position estimation using aelerations

Eq. III.6, Eq. III.8 and Eq. III.9 be rewritten as follows,

x̂γ,j,ℓ(t) = x̂γ,j,ℓ(t− 1) +Bj,ℓ(t), (III.22)

where ℓ is the oordinate index having values in {1, ...,D} and Bj,ℓ(t) = νj,ℓ(t)∆t for
the 1st-order model, Bj,ℓ(t) = νj,ℓ(t − 1)∆t + 1

2γj,ℓ(t)∆t
2
for the 2nd-order model or

Bj,ℓ(t) = νj,ℓ(t − 1)∆t+ 1
2γj,ℓ(t − 1)∆t2 + 1

6
γj,ℓ(t)−γj,ℓ(t−1)

∆t
∆t3 for the 3rd-order model,

the veloities νj,ℓ(t) being omputed aording to Eq. III.7 for the 1st-order and the

2nd-order models and Eq. III.10 for the 3rd-order model. When applying the interval

omputations, the aeleration-based estimation equation would be given by

[x̂j,ℓ]γ(t) = [x̂j,ℓ](t− 1) + [Bj,ℓ](t), (III.23)
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where [Bj,ℓ](t) = [Bj,ℓ(t)− δxγ (t), Bj,ℓ(t) + δxγ (t)]. The quantity Bj,ℓ(t) remains salar

and δxγ (t) is the inertitude oming from the aeleration measurements to be omputed

in this setion to over the orresponding model inertitude, in a di�erent manner than

before.

To ompute δxγ (t), let us start with the standard deviation of the veloity error. Having

σγ the standard deviation of the noise ontained in the aeleration measures, it is

possible to ompute the standard deviation of the veloity noise σν . Consider the �rst-

order or the seond-order mobility models, with Eq. III.7, then σν would be funtion of

the time-step t as follows,
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(III.24)

where the initial veloity is null with no noise. This leads to

σν(t) =
√
tσγ∆t. (III.25)

Now if we onsider the position estimation using the �rst-order model, the noise over

the additive quantity Bj,ℓ(t) would result from the urrent time veloity noise and thus

its standard deviation denoted by σxγ(t) is equal to σxγ(t) = σν(t)∆t =
√
tσγ∆t

2
. In

terms of inertitude, the inertitude over Bj,ℓ(t) would then be indued by the veloity

term inertitude and thus

δxγ (t) =
√
tδγ∆t

2, (III.26)

similarly to the expression of σxγ (t).

If the seond-order model is onsidered, the inertitude over the Bj,ℓ(t) term is indued

by the sum of the previous veloity and the urrent aeleration obtained errors, whose

variane σ2xγ(t) = σ2ν(t − 1)∆t2 + 1
4σ

2
γ∆t

4 = (t − 3
4)σ

2
γ∆t

4
, in other words σxγ(t) =

√

t− 3
4σγ∆t

2
. Here the inertitude δxγ (t) is given by

δxγ (t) =

√

t− 3

4
δγ∆t

2, (III.27)

similarly to the expression of σxγ (t).

Consider now the third-order model. The expression of Bj,ℓ(t) ould be rewritten as

follows,

Bj,ℓ(t) = νj,ℓ(t− 1)∆t+
1

3
γj,ℓ(t− 1)∆t2 +

1

6
γj,ℓ(t)∆t

2. (III.28)

Also the veloity expression of Eq. III.10 ould be reformulated as follows,

νj,ℓ(t) = νj,ℓ(t− 1) +
1

2
γj,ℓ(t− 1)∆t+

1

2
γj,ℓ(t)∆t. (III.29)
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Aordingly, the standard deviation of the veloities error for the 3rd-order model σν(t)
is also omputed as follows,
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γ∆t

2 = t
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γ∆t

2.

(III.30)

This leads to

σν(t) =

√

t

2
σγ∆t. (III.31)

Here the inertitude of Bj,ℓ(t) is indued by the sum of the previous veloity and the

previous and urrent aelerations obtained errors, whose variane σ2xγ (t) = σ2ν(t −
1)∆t2 + 1

9σ
2
γ∆t

4 + 1
36σ

2
γ∆t

4 = ( t2 − 13
36)σ

2
γ∆t

4
, in other words σxγ (t) =

√

t
2 − 13

36σγ∆t
2
.

The inertitude δxγ (t) is given here by

δxγ (t) =

√

t

2
− 13

36
δγ∆t

2, (III.32)

similarly to the expression of σxγ (t).
Having the expression of δxγ (t) for eah model, one ould then ompute Bj,ℓ(t) and up-

date the previous position estimate using Eq. III.23 to have the aeleration-based boxed

position estimate, instead of using Eq. III.12, Eq. III.14 or Eq. III.15. The performanes

of the proposed method using the new expression of the estimated position boxes would

be ompared to its other version using δγ in the simulations setion, to hek whether

this new version leads to more estimation auray or not.

III.3.2 Reformulation over �ngerprints

With the purpose of rewriting the �ngerprints-based position estimates in the interval

framework, an inertitude ±δξ is introdued over the measured RSSI values similarly to

aelerations. This quantity ould be determined by performing several measurements

within the surveillane area preeding the loalization proess. Indeed, onsider two

sensors exhanging information in the network with the same initial power. For a

given distane d separating the sensors, a �xed RSSI value is deemed to be obtained

in a perfet environment, whih is not the ase in real environments resulting in the

measurements inertitude. Thus, one an plae the sensors at di�erent distanes, in

di�erent ways for eah distane, and then measure the RSSI of exhanged signals. Let

[ξ]d be the RSSI interval inluding all values of RSSI assoiated to a given distane d.
The inertitude over RSSI then orresponds to the maximal gap between the RSSI per

distane over all distanes. That is to say, δξ is set to be the maximal width of [ξ]d over
all distanes.

Based on this idea, suppose [ξX j ](t) be the boxed RSSI vetor of node j at time t,
[ξP k] be the one assoiated to the referene point k. Then, [ξX j](t) = [ξX j,1](t)×· · · ×
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[ξX j,NA ](t) and [ξP k] = [ξP k,1]× · · · × [ξP k,NA] are atually obtained by introduing δξ
as in Eq. III.33,

[ξX j,i](t) = [ξX j,i(t)− δξ, ξX j,i(t) + δξ],

[ξP k,i] = [ξP k,i − δξ, ξP k,i + δξ],
(III.33)

where i ∈ {1, ..., NA}. Dealing with the unertain RSSI values, the �ngerprints-based

position estimation is reformulated into box as follows,

[x̂j ]f (t) =
∑

k∈Ij(t)
[ωj,k](t)pk, (III.34)

where [ωj,k](t) is the interval weight assoiated to the referene position k, in form of

Eq. III.35 and Eq. III.36 aording to the two de�nitions of inverting distanes as shown

in Eq. III.4 and exponential sheme as in Eq. III.5 given as follows,

[ωj,k](t) =
‖[ξX j](t), [ξP k]‖−α

∑

u∈Ij(t) ‖[ξX j ](t), [ξP u]‖−α
. (III.35)

and,

[ωj,k](t) =
exp

(

−α‖[ξX j](t), [ξP k]‖
)

∑

u∈Ij(t) exp
(

−α‖[ξX j](t), [ξP u]‖
) . (III.36)

These quantities ould be easily omputed using interval tools as presented in Chapter

II. The obtained boxes [x̂j]f (t) are assumed to geographially over the real positions

of the nodes.

An alternative way to obtain the unertain box [x̂j ]f (t) is to introdue another quantity
of unertainty ±δxξ to the �nal estimate x̂f,j(t) by �ngerprints-based method as shown

in Eq. III.3. Indeed, it onsiders the unertainty of loalization over the network instead

of the unertainty of RSSI de�ned at the very beginning of the on�guration. The

quantity of ±δxξ ould be determined by exeuting a prior proedure of loalization. To

do this, generate a set of test positions over the surveillane area, measure their RSSI

and loalize them using the nearest neighbor algorithm. Estimation errors ould then

be obtained with the known test positions. The inertitude over the position estimation

orresponds then to the maximal unertainty in loating the test positions. That is to

say, ±δxξ is set to be the maximum value existing in the error set over all test positions.

Consequently, given the position estimate x̂f,j(t) of node j at time-step t, an estimated

box ould be formulated as in Eq. III.37,

[x̂j ]f (t) = [x̂f,j,1(t)− δxξ
, x̂f,j,1(t) + δxξ

]× · · · × [x̂f,j,D(t)− δxξ
, x̂f,j,D(t) + δxξ

]. (III.37)

The two versions of the method will be ompared in the simulations setion to selet

the most aurate one.

69



III. CENTRALIZED LOCALIZATION

III.3.3 Combination step

One both boxed estimates are omputed for a given node j at time-step t, the �nal

estimated box is given by interseting both estimates as follows,

[x̂j ](t) = [x̂j ]f (t) ∩ [x̂j]γ(t). (III.38)

The enter of [x̂j ](t) yields the desired puntual position estimate of node j at time t.

In ase of empty intersetion, there exist also two hoies. The �ngerprints-based box

[x̂j ]f (t) ould be hosen, sine the �ngerprints-based estimation is more reliable than the

aeleration-based one, the latter making more assumptions to set its model. Otherwise,

take the union ⊔ of these non-overlapped boxes to form a larger box whih inludes both

possibilities inside. The design of the proposed interval based method is visualized in

Figure III.2. It denotes the referene positions in blak points, the anhors positions

in blak irles, the �ngerprinting estimated box in light gray line, the aeleration

estimated box in dark gray dashed line, the �nal estimated box in blak line and in stars

their orresponding estimated exat positions. By interseting the estimated boxes, one

obtains a smaller box with less inertitude, leading to more aurate position estimates.
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Figure III.2: Interval-based loalization

III.4 Analysis and simulations

The performane of the proposed method is illustrated in detail and in all diretions

throughout the following simulation part. To this end, onsider a surveillane area

extending over a two-dimensional plan of dimensions 100m × 100m, where anhors

and referene positions are both uniformly deployed. For simpliity and without loss

of generality, onsider the loalization for only one mobile node, equipped with a-

elerometer yielding relevant readings, and thus, the j index will be withdrawn when

needed in the following. This is possible in that eah node loalizes itself using only
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III.4 Analysis and simulations

anhors information, independently from other nodes on measurements and time-steps.

It is worth noting that all simulations are implemented on Matlab platform of version

7.11.2(R2010B).

In what follows, the performane is put forward to be analyzed by all relevant parameters

impating the loalization proess. Partiularly, optional deisions on the unertainties

δγ and δξ are disussed at the �rst hand. An illustration of the method performanes

with di�erent parameter values is also given. A omparison is made between the pro-

posed method and a onnetivity-based method in the last part.

III.4.1 Generation of simulated data

In order to simulate a node movement trajetory, the aeleration signals are �rstly

generated over the 1st and the 2nd oordinates varying over a period of 100s with time

interval ∆t = 1s using the sine funtion. The trajetory is then obtained by integrating

twie the aeleration funtions at eah axis and setting the initial veloities to null,

meaning that the node is assumed to be �xed at a known position at the beginning of the

loalization. In fat, various trajetories are taken into aount in the simulations. An

example of aeleration signals is shown in Figure III.3, the orresponding trajetory of

the node being shown in Figure III.4. The plot also shows 16 anhors and 100 referene

positions uniformly deployed over the surveillane area.
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Figure III.3: An example of aeleration signals

In order to generate RSSI values, a pathloss model [Medeisis et Kajakas 2000℄ is em-

ployed here. Aording to it, distanes separating the anhors from the referene posi-

tions and the node at all time-steps are required. Then, these distanes and the pathloss

model are used to rekon the RSSI �ngerprints as follows,

ξP k,i = ξ0 − 10nP log10 ‖ai,pk‖+ εξ,k,i,
ξX i(t) = ξ0 − 10nP log10 ‖ai,x(t)‖ + εξ,i(t),

where the interruption onsidered here is presented in terms of noise obeying ertain

probability distribution. In this simulation, all RSSI are in dBm, ξ0 is the initial trans-
mission power in dBm, set to 100dBm, nP is the pathloss parameter, set to 4. εξ,k,i and
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Figure III.4: An example of the node's trajetory

εξ,i(t) are zero-mean gaussian noises added to the original signals, with standard devi-

ations denoted by σξ. A zero-mean gaussian noise εγ,ℓ(t) is also added to aeleration

values, with a standard deviation denoted by σγ :

γℓ(t) = γ̃ℓ(t) + εγ,ℓ(t), ℓ ∈ {1, 2},

where γ̃ℓ(t) denotes the noiseless aeleration signal of oordinate ℓ. The resulting noisy
data are used as input signals in the algorithm during the omputation. The numbers

of anhors NA, referene points NP and neighbors K, as well as standard deviations σγ
and σξ, will be varied in the following. Note that, noises appended to the RSSI and

aeleration values ould also have diverse distributions whih will be disussed in the

next hapter.

Aordingly, the inertitude quantity δγ is set to 3σγ , as illustrated in Remark 1. Sim-

ilarly, δξ is set to 3σξ in simulated data. In real environments where σγ and σξ are

unknown, δγ and δξ are set empirially as shown in the desription of the algorithm.

Nevertheless, there also exist optional adaptive hoies making reform of this proedure

whih will be disussed later.

III.4.2 Illustration of the proposed method

The proposed method is illustrated using the trajetory of Figure III.4 in this setion.

In this ontext, set the number of anhors NA to 49, the number of referene points NP

to 196, the number of neighbors K to be onsidered to 3 and the standard deviations of

noises σγ and σξ to 0.004m.s
−2

and 0.1dB respetively. Figure III.5 shows the estimated

boxes in red using the proposed method. The blue and green boxes respetively denote

the boxes obtained from �ngerprinting and aelerometer. The plot shows as well the

estimated positions and the real trajetory, with the anhors and the referene posi-

tions. Consider that the estimation error is the average distane between the estimated

positions and the real ones. Table III.1 shows the estimation errors in meters obtained
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III.4 Analysis and simulations

using the three aeleration-based mobility estimation models. It also shows the esti-

mation errors using single �ngerprinting information or aelerations. The table shows

the average omputation times in milliseonds per time-step as well. The results show

that the proposed method leads to more aurate estimates than the only �ngerprinting

or aelerometer based methods, at the ost of an inrease of the omputation time that

remains however very small. It also reveals that the third-order aeleration-model is

more aurate than the others, but also less time-saving. In the following, the impats

of the mobility models as well as RSSI parameters will be disussed in details.
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Figure III.5: Estimated boxes using the proposed method

Table III.1: Simulation results using trajetory 1

Fingperints

Aelerometer Combined method

1st ord. 2nd ord. 3rd ord. 1st ord. 2nd ord. 3rd ord.

Error (m) 1.3873 2.8929 2.4772 2.1498 1.0358 1.0347 0.9995
Time (ms) 0.3118 0.0058 0.0060 0.0062 0.3472 0.3515 0.3594

III.4.3 Analysis of measurements inertitude

The auray of the loalization proess depends on the way the inertitude is onsidered

while applying the interval omputations. Indeed, with small inertitude values, the

�nal estimated box ould be empty or not inluding the orret node's position, while

with high inertitude, the �nal box ould be large with its enter far away from the

orret loation, whih leads to high estimation error. As depited in setion III.3.1

and setion III.3.2, measured aeleration vetor γ has an inertitude δγ away from the

atual values, same as RSSI vetors ξP and ξX with an inertitude δξ over measured

RSSI. This setion gives analysis and alternative preditions of the inertitude quantities

to be taken in the interval omputations.
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III. CENTRALIZED LOCALIZATION

III.4.3.1 Aelerations inertitude

Two di�erent ways to onsider the aelerations inertitude are presented in the algo-

rithm desription. The �rst one introdues inertitude δγ over the aelerations, leading
to aeleration boxes, veloity boxes and thus estimated position boxes. The seond

one onsists of keeping salar aelerations and veloities and then adding inertitude

boxes employing the quantity δxγ to the �nal omputed boxes, as shown in Remark 3.

In this setion, the performanes of the proposed method using either δγ in the �rst way

or δxγ are ompared. To this end, six trajetories shown in Figure III.6 are onsidered

with NA = 49 anhors, NP = 100 referene positions, σξ = 0.5dBm, σγ = 0.01m/s2,
K = 3 neighbors and the �rst weights expression with α = 1. The �rst three tra-

jetories have slightly varying aelerations, whereas the trajetories 4 to 6 have more

varying ones. The estimation errors of the only-�ngerprinting based method, the only-

aeleration based method with the 1st, the 2nd and the 3rd order models, and the

ombined proposed method with its δγ version and the δxγ for the three models, are

given in Table III.2 - Table III.7 with trajetories 1-6 respetively. All results are ob-

tained as an average result of 50 implementations ompanying various noises with same

standard deviations. The standard deviations σξ and σγ of noises appended are equal

to be around 2% − 5% of that of measurements ξX j(t), ξP k and γ(t). Parameters

onsidered in the on�guration are set asually here, nevertheless giving a reasonable

estimation. A more detailed analysis on performane with respet to all these relevant

parameters is illustrated in later part. The tables show also the areas of the boxes

obtained with the ombined method while using boxed aelerations, with δγ , or salar
aelerations with δxγ . The estimation results show that the proposed method is more

aurate while using the seond version where inertitude is added using δxγ at the po-

sition estimation. In addition to the smaller errors, this version leads to smaller boxes

with less �nal estimation inertitude, and this for all the trajetories. Results also show

that the 3rd order model in aelerations outperforms the other orders models for all

the trajetories. This is due to the better approximation this model employs while

depiting the node motion.

Consider now the veloity boxes modi�ation shown in Remark 2, aiming at reduing

more the inertitude and thus inreasing the estimation auray. For this, we will

onsider the �rst version of the method using δγ leading to veloity boxes with the

third-order mobility model. Table III.8 shows the estimation errors obtained using the

method with and with veloity modi�ation for all the trajetories. The table shows

that the estimation error slightly varies with the veloity modi�ation. In fat, this

is due to the slight derease of the estimated boxes areas, whih does not derease

signi�antly the inertitude but moves the estimated position that is at the enter of

the box. With slight modi�ation, the enter ould go away or ome loser to the real

positions but with no signi�ant improvement in the estimation. It is obvious that the

version of the method using δxγ is muh more aurate. For this reason, in the following

setions, we will apply the version of the method with δxγ for aeleration inertitude

with the third-order mobility model.
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(d) Trajetory 4
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Figure III.6: Tested trajetories

III.4.3.2 Fingerprinting inertitude

The inertitude over the �ngerprints algorithm is issued from the unertainties of mea-

sured RSSI values in�uened by surroundings. The interval box is employed helping

to inlude suh unertainties inside. To determine the sale of boxes, inertitude must

be �rst deided. It is more reommended that inertitude quantity will be deided

empirially in ertain senarios sine it heavily depends on the atual measured RSSI.

Two possibilities for de�ning inertitude are presented in setion III.3.2. The former

works throughout the omposition of RSSI ξX j(t) and ξP k where j ∈ {1, ..., NX}, k ∈
{1, ..., NP }, however the latter works on an aforehand loalization of test positions. In-

troduing quantity of inertitude δξ to the measured RSSI values forms sequently the

weights in terms of interval, as well as the interval estimations, as shown in Eq. III.35,

Eq. III.36 and Eq. III.34. Aording to Eq. III.35, ‖[ξX j](t), [ξP k]‖ omputes the Eu-

lidean distanes between node j and referene position k by default. In an interval

form, this is omputed as:

‖[ξX j ](t), [ξP k]‖ =

√

∑

i

([ξX j,i](t)− [ξP k,i])
2, i ∈ 1, ..., NA. (III.39)

Here it ould rise an omputational hallenge over the interval alulus with regarding

to the "square� following the subtration. Pratially,

[ξX j,i](t)− [ξP k,i]

= [center([ξX j,i](t))− center([ξP k,i])− 2 ∗ δξ, center([ξX j,i](t))− center([ξP k,i]) + 2 ∗ δξ].
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Table III.2: Aelerations inertitude - Estimation results using trajetory 1

Trajetory 1 Fingerprints

Aelerometer Combined using δγ Combined using δxγ
1st-ord. 2nd-ord. 3rd-ord. 1st-ord. 2nd-ord. 3rd-ord. 1st-ord. 2nd-ord. 3rd-ord.

Error (m) 2.1646 3.3453 3.0157 2.8854 1.6408 1.6072 1.6032 1.4259 1.0681 1.0591

Areas (m

2
) � � � � 92.3933 91.8497 91.3933 50.9640 48.0413 34.7546

Table III.3: Aelerations inertitude - Estimation results using trajetory 2

Trajetory 2 Fingerprints

Aelerometer Combined using δγ Combined using δxγ
1st-ord. 2nd-ord. 3rd-ord. 1st-ord. 2nd-ord. 3rd-ord. 1st-ord. 2nd-ord. 3rd-ord.

Error (m) 1.8511 3.1313 2.8267 2.7198 1.5432 1.3929 1.2554 1.3498 1.0051 0.9720

Areas (m

2
) � � � � 75.8825 73.9108 71.7928 47.7491 43.6521 34.9526

Table III.4: Aelerations inertitude - Estimation results using trajetory 3

Trajetory 3 Fingerprints

Aelerometer Combined using δγ Combined using δxγ
1st-ord. 2nd-ord. 3rd-ord. 1st-ord. 2nd-ord. 3rd-ord. 1st-ord. 2nd-ord. 3rd-ord.

Error (m) 2.0367 3.4681 3.1763 3.1387 1.5657 1.5075 1.4908 1.3184 1.0840 0.9038

Areas (m

2
) � � � � 105.5747 105.5384 102.0451 57.5446 56.0571 42.1305

Table III.5: Aelerations inertitude - Estimation results using trajetory 4

Trajetory 4 Fingerprints

Aelerometer Combined using δγ Combined using δxγ
1st-ord. 2nd-ord. 3rd-ord. 1st-ord. 2nd-ord. 3rd-ord. 1st-ord. 2nd-ord. 3rd-ord.

Error (m) 1.7979 4.1974 3.4003 3.0990 1.5564 1.4023 1.3848 1.5310 1.2172 1.1186

Areas (m

2
) � � � � 80.6611 72.7402 72.3717 32.0660 29.6008 27.2089

Table III.6: Aelerations inertitude - Estimation results using trajetory 5

Trajetory 5 Fingerprints

Aelerometer Combined using δγ Combined using δxγ
1st-ord. 2nd-ord. 3rd-ord. 1st-ord. 2nd-ord. 3rd-ord. 1st-ord. 2nd-ord. 3rd-ord.

Error (m) 2.0254 10.0993 10.0382 2.7566 1.6181 1.5154 1.4694 1.6098 1.5013 1.2935

Areas (m

2
) � � � � 146.0893 127.8510 127.3997 70.0977 63.5796 48.6321

Table III.7: Aelerations inertitude - Estimation results using trajetory 6

Trajetory 6 Fingerprints

Aelerometer Combined using δγ Combined using δxγ
1st-ord. 2nd-ord. 3rd-ord. 1st-ord. 2nd-ord. 3rd-ord. 1st-ord. 2nd-ord. 3rd-ord.

Error (m) 2.0911 10.6784 10.4047 3.0454 1.6733 1.5824 1.5516 1.6212 1.5412 1.5349

Areas (m

2
) � � � � 158.1260 138.4202 137.8966 60.8952 59.6077 40.8662

Table III.8: Estimation errors using trajetories 1 to 6 with veloities modi�ation

Error (m) Trajetory 1 Trajetory 2 Trajetory 3 Trajetory 4 Trajetory 5 Trajetory 6

Without vel. modif. 1.6032 1.2554 1.4908 1.3848 1.4694 1.5516

With vel. modif. 1.5919 1.2839 1.5109 1.3826 1.4123 1.5355

In the ase of two intervals situating very lose, namely they are in fat owning ertain

overlapped region when center([ξX j,i](t))−center([ξP k,i]) < 2∗δξ , the resulting interval

76



III.4 Analysis and simulations

by subtration inludes zero inside. When it is required to alulate the Eulidean

distane, the square operation for an interval inluding zero inside will in�uene the

real interval struture, suh as the displaement of interval enter. In this situation, it

only needs to onsider the enter of the omputed interval, leading to an interval whose

lower bound equals to its upper bound. Then, the Eulidean distane is omputed

by Eq. III.39. Alternatively, instead of using 2-norm (Eulidean distane), use 1-norm

(Manhattan distane) and reformulate it as Eq. III.40.

‖[ξX j ](t), [ξP k]‖1 =
∑

i

|[ξX j,i](t)− [ξP k,i]|, i ∈ 1, ..., NA. (III.40)

whih simpli�es the interval omputation but also keeps the interval struture. One

the distane is obtained, it is possible to ompute the weight fators by Eq. III.35 and

Eq. III.36.

One more thing to notie here is the division operation. When an interval is divided

by another interval, the obtained interval is pratially expanded whih leads to large

inertitude interval. Without loosing the system performane, the terms of denominator

are replaed by the respetive enters of omputed distanes. Consequently, Eq. III.35

and Eq. III.36 are replaed by

[ωj,k](t) =
‖[ξX j](t), [ξP k]‖−α

∑

u∈Ij(t) center
(

‖[ξX j ](t), [ξP u]‖−α
) . (III.41)

and,

[ωj,k](t) =
exp

(

−α‖[ξX j](t), [ξP k]‖
)

∑

u∈Ij(t) center
(

exp
(

−α‖[ξX j](t), [ξP u]‖
)) . (III.42)

alternatively in terms of 1-norm,

[ωj,k](t) =
‖[ξX j](t), [ξP k]‖−α

1
∑

u∈Ij(t) center
(

‖[ξX j ](t), [ξP u]‖−α
1

) . (III.43)

and,

[ωj,k](t) =
exp

(

−α‖[ξX j ](t), [ξP k]‖1
)

∑

u∈Ij(t) center
(

exp
(

−α‖[ξX j ](t), [ξP u]‖1
)) . (III.44)

Besides the de�nition [ωj,k](t) in terms of 1-norm and 2-norm, one ould alternatively

add the inertitude ±δxξ to the salar position estimates as mentioned in setion III.3.2.

To this end, we need to generate a set of randomly deployed test positions and take their

maximal estimation error. In what follows, the performanes are ompared using δξ,
in both 2-norm and 1-norm, and estimated inertitude δxξ with 50 test positions. The

aelerometer method is �xed to the 3rd-order model with applying δxγ for aelerations
inertitude in ombination. The estimation errors are presented sequently in Table III.9

- Table III.14. The number of anhors is set to 49, the number of referene positions to

100, σξ = 0.5dBm, σγ = 0.01m/s2, K = 3 and the weights with distane inversion are

onsidered with α = 1.
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Table III.9: Fingerprints inertitude - Estimation results using trajetory 1

Trajetory 1 A

Fingerprints Combined using δxγ
∗ δξ-2norm δξ-1norm δξ-2norm δξ-1norm δxξ

Error (m) 2.7125 2.1713 2.1480 1.5635 1.9432 1.2857 0.9704

Table III.10: Fingerprints inertitude - Estimation results using trajetory 2

Trajetory 2 A

Fingerprints Combined using δxγ
∗ δξ-2norm δξ-1norm δξ-2norm δξ-1norm δxξ

Error (m) 2.8626 1.8362 1.8594 1.5008 1.6201 1.2248 0.9273

Table III.11: Fingerprints inertitude - Estimation results using trajetory 3

Trajetory 3 A

Fingerprints Combined using δxγ
∗ δξ-2norm δξ-1norm δξ-2norm δξ-1norm δxξ

Error (m) 3.1822 2.0353 2.0053 1.5954 1.6965 1.3206 1.0559

Table III.12: Fingerprints inertitude - Estimation results using trajetory 4

Trajetory 4 A

Fingerprints Combined using δxγ
∗ δξ-2norm δξ-1norm δξ-2norm δξ-1norm δxξ

Error (m) 2.8526 1.7734 1.7917 1.6674 1.7530 1.5028 1.0154

Table III.13: Fingerprints inertitude - Estimation results using trajetory 5

Trajetory 5 A

Fingerprints Combined using δxγ
∗ δξ-2norm δξ-1norm δξ-2norm δξ-1norm δxξ

Error (m) 2.2049 2.0457 2.0058 1.6743 1.8981 1.3220 1.1493

Table III.14: Fingerprints inertitude - Estimation results using trajetory 6

Trajetory 6 A

Fingerprints Combined using δxγ
∗ δξ-2norm δξ-1norm δξ-2norm δξ-1norm δxξ

Error (m) 3.0467 2.0857 2.0776 1.5331 1.7342 1.3115 1.2666
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By observing these tables, the performane varies with the di�erent introdued iner-

titude, as well as with the di�erent tested trajetories. Generally speaking, Eulidean

distane annot always give the suitable distane estimation anymore over the ompu-

tation of intervals. Comparatively, Manhattan distane reovers suh distortion in some

ways. However, using the inertitude over the position estimation ahieves better results

in all ases. In the following simulations, the ombination of �nally added inertitude

with (δxγ , δxξ) is hosen to make further illustrations over the impat of all onerned

parameters.

III.4.4 Impat of parameters

The method performane varies with di�erent parameters onsidered in the loalization

algorithm, suh as the number of neighbors K, the number of anhors NA, the number

of referenes positions NP as well as oe�ient α observed in both types of weights

fators. Some of them are deemed to be determined at advane, while others need to

meet the requirement of the network on�guration. This part disusses the variation of

performanes with respet to these parameters using the fourth trajetory. The relevant

aeleration urves are depited in Figure III.7.
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Figure III.7: Aeleration signals of trajetory 4

III.4.4.1 Impat of K

It is reommended to disuss the hoie of parameter K to be onsidered in the RSSI-

based omputation. To this end, we vary the number of neighbors K from 1 to 10, we

set meanwhile NA to 49 and NP to 100. The noise standard deviations orresponding to

aeleration and RSSI are set separately to σγ = 0.01m.s−2
and σξ = 0.1dBm. While

varying values of K, all orresponding results are performed 50 rounds relying on the

average error. Figure III.8 illustrates the estimation errors as funtions of K, obtained

with the proposed ombined method, the single aeleration-based one and the single

�ngerprinting-based one. When K is higher than 2, errors are slightly varying. The
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proposed method leads to more aurate estimates than the other methods in all ases.

In the following simulations, K = 3 is hosen sine with K = 3 the best results are

obtained.
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Figure III.8: Estimation errors as funtions of K

III.4.4.2 Impat of NA

The number of anhors NA is varied in this setion from 25 to 400, with NP set to 100,
K to 3, σγ to 0.01m.s−2

and σξ to 0.1dBm. Figure III.9 shows the urves of estimation

errors with respet to the inreasing number of anhors, obtained with the ombined

method, the single aeleration-based method and the single �ngerprinting-based one.

As expeted, the estimation error generally dereases with the inrease of the number

of onsidered anhors, with the ombined method outperforming the single methods in

all ases. The error urves however show irregularities around NA = 81. In fat, the

estimation auray is highly in�uened by the proximity of some referene points to the

anhors, due to the logarithmi expression of the RSSI/distane. Indeed the logarithmi

funtion highly dereases with slightly varying argument values when they are small.

That is, when a distane separating a referene point to an anhor is too small, the

orresponding RSSI is very high. A position not too far from this referene point ould

have highly varying RSSI from the referene point one, misleading this way the nearest

neighbors algorithm. This explains why for some NA values, the error inreases instead

of dereasing with inreasing NA.

III.4.4.3 Impat of NP

The number of referene positions NP is varied afterwards from 25 to 400, while setting

K to 3, NA to 49, σγ to 0.01m.s−2
and σξ to 0.1dBm. Figure III.10 shows the urves of

estimation errors with respet to NP . As expeted, the estimation error dereases with

the inrease of the number of onsidered referene positions. The ombined method

ahieves better performane, than the single ones. In all experiments, the referene
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Figure III.9: Estimation errors as funtions of NA

positions are regularly spaed over the surveillane area. We now onsider randomly

distributed referene points aording to a uniform distribution over the whole surveil-

lane area. Figure III.11 shows the urves of estimation errors as funtions of NP ,

obtained with the only-�ngerprinting and the ombined methods with regularly spaed

(RegS) referene points and randomly distributed (RanD) referene points. The simu-

lation is run 50 times and the errors are average over all the results. The plot shows

that with regularly spaed referene points, the loalization is more aurate with all

values of NP . Indeed, with the regular distribution, the network is regularly overed,

without having sub-overed regions.
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Figure III.10: Estimation errors as funtions of NP

III.4.4.4 Impat of σγ and σξ

The additional noises are also an important aspet to assess algorithm adaptability. In

the following, the impats of added noises are disussed. Firstly, we vary the standard

deviation of the aeleration noise σγ from 0.0035m.s−2
till 0.008m.s−2

with �xed K =

81
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Figure III.11: Estimation errors with di�erent distributions of referene points

3, NA = 49, NP = 100 and σξ = 1dBm. The plot of Figure III.12 shows the urves of

the estimation errors obtained with the ombined method, the aeleration-based one

and the �ngerprinting-based one with respet to σγ . As expeted, the estimation error

inreases with the inrease of the noise in the methods using aelerations. However,

the ombined method remains muh more aurate than the other ones.
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Figure III.12: Estimation errors as funtions of noise standard deviations σγ

Afterwards, we vary the standard deviation of RSSI noise σξ from 0.01dBm till 4dBm
with K = 3, NA = 49, NP = 100 and σγ = 0.01m.s−2

. The plot of Figure III.13

shows the estimation errors with respet to σξ. Also, the plot shows that the estimation

errors inrease with the inrease of the RSSI noise. Moreover, the ombined method

outperforms the single ones.
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III. CENTRALIZED LOCALIZATION

III.4.5 Comparison to a onnetivity-based method

In this setion, the proposed method is put forward to be ompared with a onnetivity-

based method, using Monte-Carlo [Baggio et Langendoen 2006℄ where the strength of

a signal is assumed to derease monotonially with the inrease of its traveled distane,

as for the proposed method. Aording to [Baggio et Langendoen 2006℄, eah mobile

node ompares its online RSSI measurements at eah time-step to a ertain threshold

ξr, assoiated to a distane r. If the RSSI of a signal emitted by an anhor i is higher
than ξr, the distane separating the anhor from the node at this time-step is less

than r. In this ase, the anhor i is assumed to be deteted by the node, leading to

a disk onstraint entered on the anhor and having r as radius, inluding the node

position. The solution of the problem is then set by interseting all disks of deteted

anhors. In order to de�ne it using Monte-Carlo, N partiles are generated in the

way to satisfy all deteted anhors onstraints. These partiles are inluded in the

intersetion area of all disks. Finally, the estimated position is given by the baryenter

of all generated partiles. In order to ompare this approah to our proposed method,

set the number of anhors NA to 49, the number of referene points NP to 196, the

number of neighbors K to 3, the standard deviations of noises σγ and σξ to 0.001m.s−2

and 0.1dBm respetively. Aordingly, set the number of partiles N to 100 and the

range r to 15m, leading to a power threshold equal to 53dBm aording to the noiseless

pathloss model with ξ0 = 100dBm and nP = 4. With this value of r, an average of

3.33 anhors is deteted by the node at eah time-step. The onnetivity-based method

yields an estimation error of 3.6986m, ompared to 0.8216m with the ombined method

as shown in Table III.15. The average omputation times are equal to 2.167ms and

0.252ms respetively. It is obvious that the proposed method is more aurate than the

onnetivity-based one using Monte-Carlo. Comparisons to other methods are given in

the following hapter.

Table III.15: Comparison results

Monte-Carlo Combined method

Error (m) 3.6986 0.8216
Time (ms) 2.167 0.252

III.5 Conlusion

This hapter proposed a entralized loalization tehnique for wireless sensor networks.

The proposed method is an anhor-based method, using both �ngerprinting and a-

elerometer information. Based on interval analysis, the proposed method omputes

two interval-estimates, then ombines them, leading to position boxes inluding the a-

tual loations of the nodes. It disussed several possible solutions in terms of di�erent

inertitude modeling. Simulation results show that the proposed method outperforms
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III.5 Conlusion

other methods using only aelerometer information or �ngerprinting measures. It also

illustrates the e�ieny of the proposed approah, ompared to a onnetivity-based

one using Monte-Carlo.

The entralized algorithm is easy to implement sine all omputations are done at the

base station. However, it is more energy onsuming and less robust than lusterized

omputations, espeially in ad ho networks. For this reason, a lusterized loalization

tehnique performing the �ngerprints olletion is further explored in the following

hapter. Moreover, the measured aelerations values are no more reliable if some

rotations our to the mobile node having the aelerometer devie. It is reommended

to introdue some inertial measurements to make sure of the reliability of obtained

movement data. The next hapter will fous on the relevant solutions to these problems.
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C

entralized loalization is takled in a rather simple way, permitting om-

plex omputational task at the entral base station with sari�e over the

ommuniation ost of data immigrations in the network. Tradeo� between

ost of ommuniation and omputation turns to be of weakness one the

network beomes larger or denser. Besides, many appliations are oriented to the

large-sale, or for harsh environmental ontexts where the e�ieny of entralized

algorithms drops enormously. Clusterized loalization irumvents this limitation

by introduing massive parallel omputations at nodes themselves or several om-

putation points distributed over the network. Considering the latter solution, the

surveillane area is required to be divided into several lusters, eah equipped with a

head of luster. The proposed lusterized loalization algorithm employs both RSSI

and inertial information, to ompute �rst estimates using RSSI-�ngerprints, then

orret them using inertial information leading to more aurate estimates. Compu-

tations are performed using both solutions of the interval analysis and the Kalman

�lter tehniques.
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IV. CLUSTERIZED LOCALIZATION

IV.1 Introdution

The new generations of wireless sensor networks (WSNs) tend to be more �exible, with

higher apaity and funtionality. Advanes in wireless networking, mirofabriation

and integration have enabled the massive-sale networks suitable for a range of om-

merial and military appliations [Zhao et Guibas 2004; Roseveare et Natarajan 2012℄.

Loalizing sensors in a entralized manner in suh networks enounters thus a dilemma

on ommuniation ost inherited between sensors. Indeed, the energy onsumption in-

reases rapidly even enormously, espeially for the sensors nearby the entral station,

with the normal growth of network sale in a entralized manner as mentioned in hap-

ter I. Consequently, the lusterized loalization algorithm is notably reommended here,

sine generally sensors are not only able to sense and ommuniate with eah other, but

they are also quali�ed to exeute some omplex omputations and operations by them-

selves.

Tehnially speaking, the entralized arhiteture onsiders only a single fusion enter

that plays the unique role of proessing all the information in the network [Tharmarasa

et al. 2011℄. Suh arhitetures are high energy onsuming sine all information should

be routed to the fusion enter then relayed aordingly bak into the network after

the required analysis and proessing. Nevertheless the fusion enter undertakes all the

omputation task sine it is speially designed. It is worth noting that the ompetition

between omputation apaity and ommuniation ost turns to be unbalaned one the

networks sale inreases largely. By introduing individual agents, whih ould be smart

sensors themselves, in the network, information ould be analyzed and proessed at

hand or nearby, obtaining yet satisfying proessing auray but saving ommuniation

onsumption. Moreover, as the lusterized arhiteture onsiders several olletion and

omputation points, it is usually more e�ient and more robust to failure than the

entralized approah [Tharmarasa et al. 2011; Ferrari et Pagliari 2006℄. Consequently,

lusterized network arhitetures not only relieve the omputation pressure and inrease

the proess e�ieny but also they are espeially suseptible of the unexpeted maliious

nodes.

Working through a lusterized loalization manner, the entire surveillane area as talked

in Chapter III is onsidered to be divided into several small lusters aording to the

loation of individual agents. Under this ontext, ompared with one single estimate

of entralized loating, lusterized algorithm o�ers the network individual loalization

estimates in parallel orresponding to lusters. The individuals then manage to ombine

themselves into one solution in onsidering their relevant importane.

Under this ontext, this hapter presents a novel loalization tehnique based on �nger-

printing and inertial information in lusterized sensor networks. The proposed method

is all the same an anhor-based range-free method performing �ngerprinting olletion

but in a lusterized sheme. The method onsists of the on�guration phase, followed

by the loalization of the nodes. In the on�guration phase, the surveillane area is

divided into several lusters eah of whih equipped with a head of luster. Then RSSI

�ngerprints are olleted to model eah luster of the network, leading to a lusterized
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IV.2 Con�guration of the network

power map. Afterwards, in order to loalize a given node, the power map is used with

the nearest neighbor algorithm to ompute loal position estimates, whose ombina-

tion leads to a global estimate at eah time step [Chen et Chang 2008; Aldhubaib et

Shuley 2010℄. The olleted aelerations [Shuler et al. 1967; Lee et Huang 2002℄ are

then used to orret the global estimate using either the interval analysis [Moore 1966;

Jaulin et al. 2001; Mourad et al. 2009℄ whih allows a guaranteed estimation of the tar-

get node position in terms of interval, or the Kalman �lter [Kalman 1960; Chan et al.

1979; Honghui et Moore 2002℄ whih performs the optimal reursive data proessing

and gives an e�ient estimation by inorporating all information issued from di�erent

soures.

IV.2 Con�guration of the network

Consider the network is omposed of NA �xed anhors and NX mobile nodes, denoted

respetively by ai = (ai,1, ..., ai,D), i = 1, ..., NA, and xj(t) = (xj,1(t), ..., xj,D(t)),
j = 1, ..., NX , t being the urrent iteration and D the dimension of the surveillane

area (D = 2 or 3). The aim of the method is to loalize the nodes with respet to the

anhors using their exhanged information.

˚

PSfrag replaements

Mobile node

Anhors

Head of lusters

Referene positions

luster 1

luster 2

luster 3

luster 4

Figure IV.1: Composition of the lusterized network

Being a lusterized approah, the proposed method onsists of dividing the surveillane

area into several lusters. These lusters ould be set aording to the on�guration of

the obstales in the surveillane area, or by dividing the whole area into equal lusters.

Figure IV.1 shows an example of a network in a 2D environment, having nine anhors

and one mobile node, and divided into four equal lusters. Eah luster is equipped

with a head of luster that ould be a small omputer or an anhor having omputation

apabilities. Let NC be the number of lusters and let h(c) =
(

h(c),1, ..., h(c),D
)

, c =
1, ..., NC , be the head of lusters oordinates. The heads are usually positioned at the

enters of the lusters and they are assumed to have su�ient ommuniation ranges

in the way to be able to ommuniate with eah others. In order to loalize the nodes,

the network is �rst modeled by a olletion of radio-�ngerprints. To this end, NP (c)

uniformly distributed referene positions are generated in eah luster c, c = 1, ..., NC .
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IV. CLUSTERIZED LOCALIZATION

These positions are denoted by p(c),n =
(

p(c),n,1, ..., p(c),n,D
)

, n = 1, ..., NP (c). Then

anhors broadast signals in the network with the same initial power. It is noted that

their signal powers are inversely proportional to transmission distanes. By plaing

a sensor onseutively at referene positions, one is able to reeive the anhor signals

and measure their Reeived Signal Strength Indiators (RSSIs) at these positions. Let

ξP (c),n be the referene RSSI vetor given by

ξP (c),n =
(

ξP (c),n,1, ..., ξP (c),n,NA

)

, (IV.1)

where ξP (c),n,i is the strength of the signal emitted by the anhor i and reeived at

the referene position p(c),n of the luster c. The on�guration phase leads then to a

�ngerprinting database, namely the power map [Robles et al. 2010℄. This map onsists

of the union of NC submaps, having eah NP (c) ouples, omposed of the referene

positions with their assoiated RSSI vetors

(

p(c),n, ξP (c),n

)

, n = 1, ..., NP (c) and c =

1, ..., NC . Eah �ngerprinting submap is stored in the orresponding head of luster, to

be used hereafter with the online data in order to perform the loalization omputation.

IV.3 Clusterized loalization method

One the lusterized on�guration is performed, the algorithm proeeds to both estima-

tions by �ngerprints and inertial readings. In what follows, �rst estimates are presented

by using �ngerprints in a lusterized manner. After, inertial information will be taken

into onsideration to orret the �ngerprints estimates. Solutions are given using inter-

val analysis and Kalman �lter.

IV.3.1 Estimation using �ngerprints

Eah mobile node ollets while moving the RSSIs of the signals it reeives from the

anhors, leading to online RSSI vetors as follows,

ξX j(t) = (ξX j,1(t), ..., ξX j,NA(t)) , j ∈ {1, ..., NX}, (IV.2)

where ξX j,i(t) is the strength at reeption of the signal emitted by the anhor i and
reeived by the node j at iteration t. Then, nodes send their RSSI vetors to the heads

of lusters within their ommuniation ranges. Let IC j(t) be the set of indies of the

heads reeiving the node j RSSI online vetor at iteration t. In order to loalize the node
j, eah head of IC j(t) omputes the Eulidean distanes ‖ξX j(t), ξP (c),n‖ between the

online RSSI vetors ξX j(t) and all referene RSSI vetors ξP (c),n of its luster. Then,

aording to the nearest neighbor algorithm [Chen et Chang 2008; Aldhubaib et Shuley

2010℄, the K referene positions giving the K smallest distanes are seleted. Let

IP (c),j(t), c ∈ IC j(t), be the set of indies of these referene positions. Loal position

estimates are then omputed as follows,

x̂(c),j(t) =
∑

n∈IP (c),j(t)

ω(c),j,n(t)p(c),n, c ∈ IC j(t), (IV.3)
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IV.3 Clusterized loalization method

where ω(c),j,n(t) is the weight assoiated to the referene position p(c),n using the node

j information at iteration t. The weights, de�ned similarly as in Chapter III, are hosen

in the way to be inversely proportional to the RSSI distanes. Indeed, having a small

distane between the RSSI vetors means that the node is lose to the orresponding

referene position, and thus its orresponding weight should be high. Also, the weights

should be normalized,

∑

n∈IP (c),j(t)
ω(c),j,n(t) = 1. One ould hoose for instane the

inverting distane sheme

ω(c),j,n(t) =
‖ξX j(t), ξP (c),n‖−α

∑

u∈IP (c),j(t)
‖ξX j(t), ξP (c),u‖−α

, (IV.4)

where α denotes the parameter of the algorithm, or the exponential sheme

ω(c),j,n(t) =
exp

(

−α‖ξX j(t), ξP (c),n‖
)

∑

u∈IP (c),j(t)
exp

(

−α‖ξX j(t), ξP (c),u‖
) . (IV.5)

Now that loal estimates are omputed at the heads of lusters neighboring the node j, a
�rst estimate is omputed by ombining these loal estimates. To do this, heads use the

strength of the messages inluding the online RSSI vetors they reeive from the node.

Let ξH (c),j(t), c ∈ IC j(t) and j = 1, ..., NX , be these strengths. Heads exhange then

their measured RSSIs. The losest one to the node having the greatest RSSI ollets all

the loal estimates to ombine them. To this end, seond weights λ(c),j(t) are omputed

using the exponential sheme as follows,

λ(c),j(t) =
exp

(

ξH (c),j(t)
)

∑

u∈IC j(t) exp
(

ξH (u),j(t)
) . (IV.6)

A 1st global position estimate is omputed at iteration t for eah node j using loal

estimates as follows,

x̂−
j (t) =

∑

c∈IC j(t)
λ(c),j(t)x̂(c),j(k), j ∈ {1, ..., NX}. (IV.7)

The λ-weight, used to ombine the loal estimates, should be high if the node is lose to

its orresponding head of luster and small otherwise. This way the loal estimates of

the nearest heads are onsidered more than those of far ones. Sine the RSSI dereases

with the inrease of the traveled distane, the higher ξH (c),j(t) is, the loser the node j
is to the head of luster c and the higher its orresponding weight λ(c),j(t) should be.

One ould use for instane the normalized RSSIs as weights. However, by using the

proposed exponential formulation of Eq. IV.6, one gives muh more importane to the

loal estimate of the losest luster to the node, whih has the referene RSSI vetors

generated in the same geographial onditions as for the node at time t.
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IV.3.2 Estimation using the inertial information

Previous Chapter III has disussed three mobility models applied in the loalization

algorithm. In the following, basi solution by these models is revised . Then an extension

to the ase of rotation ourrene is equally disussed.

IV.3.2.1 Basi solution

Eah node is equipped with an aelerometer that yields its instantaneous aeler-

ations over the D oordinates [Lee et Huang 2002; Hsu et Yu 2009℄. Let γj(t) =
(γj,1(t), ..., γj,D(t)) be the aeleration vetor of the node j at iteration t. Using γj(t),
one is able to estimate the position of the node j by using the seond-order mobility

model as follows,

x̂j(t) = x̂j(t− 1) + νj(t− 1)∆t+ 0.5γj(t)∆t
2, (IV.8)

where νj(t) is the estimated veloity vetor of the node j at iteration t, omputed

iteratively by

νj(t) = νj(t− 1) + γj(t)∆t, (IV.9)

with ∆t the time period between two onseutive iterations. The nodes are assumed

to be �xed at t = 0 at known positions with zero veloities. Note that model as

in Eq. IV.8 assumes that the aeleration vetor is onstant between the iterations

t − 1 and t. With slightly varying aelerations, this model performs well. However,

with abrupt hanges in aelerations or noisy interrupted aelerations, estimates might

be sensitively deviated from the exat trajetory, due to umulative errors over time.

Another more approximated model ould also be used as follows,

x̂j(t) = x̂j(t− 1) + νj(t)∆t, (IV.10)

where veloities are omputed using Eq. IV.9. In model of Eq. IV.10, alled �rst-order

model, the veloity vetor is assumed to be onstant between the iterations k − 1 and

k. This model is less aurate, but runs faster than the �rst one. Alors, the third-order

mobility model is equally proposed as shown in Eq. IV.11,

x̂j(t) = x̂j(t− 1) + ν̂j(t− 1)∆t+
1

2
γj(t− 1)∆t2 +

1

6

γj(t)− γj(t− 1)

∆t
∆t3

= x̂j(t− 1) + ν̂j(t− 1)∆t+
1

3
γj(t− 1)∆t2 +

1

6
γj(t)∆t

2,

(IV.11)

where ν̂j(t − 1) is the veloity vetor of the node j at time-step t − 1 omputed at

iteration t as in Eq. IV.12,

ν̂j(t) = ν̂j(t− 1) + γj(t− 1)∆t+
1

2

γj(t)− γj(t− 1)

∆t
∆t2

= ν̂j(t− 1) +
1

2
γj(t− 1)∆t+

1

2
γj(t)∆t.

(IV.12)
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aelerations γj,1, γj,2 and γj,3 in the world oordinates are given by





γj,1
γj,2
γj,3



 = R (ϑj, ψj , φj)





γ′j,1
γ′j,2
γ′j,3



 , (IV.13)

where the �rst olumn of the 3D rotation matrix is de�ned by





cos ϑj cosφj
cos ϑj sinψj sinφj + sinϑj cosψj
− cosϑj cosψj sinφj + sinϑj sinψj



 , (IV.14)

its seond olumn is de�ned by





− sinϑj cosφj
− sinϑj sinψj sinφj + cos ϑj cosψj
sinϑj cosψj sinφj + cosϑj sinψj



 , (IV.15)

and its third olumn is de�ned by





sinφj
− sinψj cos φj
cosψj cos φj



 . (IV.16)

In 2D spae, the expressions of γj,1 and γj,2 ould be obtained by onsidering only the

�rst and the seond oordinates and by setting φj = ψj = 0. Indeed, rotation is only

possible in the plane with the rotation angle ϑj . This leads to the following,

(

γj,1
γj,2

)

=

(

cos ϑj − sinϑj
sinϑj cos ϑj

)(

γ′j,1
γ′j,2

)

. (IV.17)

At eah iteration, eah node measures its aelerations in its oordinate system and

its orientations using its gyrosope and then it omputes its aelerations in the world

oordinate system. These omputed aelerations would be used in the loalization

algorithm by applying Eq. IV.8 - IV.12. In the following two setions, the nodes are

assumed to be rotationally onstraints for simpliity. However, the omputations ould

be easily modi�ed for the other ase, espeially in the interval-based algorithm. Perfor-

mane on the ase of nodes rotation will be illustrated in simulations setion.

IV.4 Resolution using the interval analysis

Resolving the loalization problem using the interval analysis onsists of omputing

the 1st global estimates using intervals and then orreting these estimates using the

aelerations. Indeed, having measurements inertitude over the RSSIs and the ael-

erations, one ould rewrite the RSSIs and the aelerations in the interval framework,

letting possible the omputations using intervals and thus leading to estimated boxes,

instead of salar ones. Let [ξP (c),n], c = 1, ..., NC and n = 1, ..., NP (c), be the refer-

ene power boxes inluding all the RSSIs of the signals emitted by the anhors and

reeived at the referene positions p(c),n. Indeed, due to signals re�etion, multipaths
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or additive noise, signals powers might vary even for the same traveled distanes. The

power map in the interval framework is then omposed of NC submaps having ouples

omposed of referene positions and their orresponding power boxes. Assume that

[ξX j](t), j = 1, ..., NX , are the online power boxes inluding the RSSIs of signals re-

eived at the nodes j at iteration t. Then distanes are omputed between RSSI boxes

leading to distanes intervals ‖[ξX j ](t), [ξP (c),n]‖. The K indies of the referene posi-

tions yielding the smallest enters of distanes intervals are then seleted to de�ne the

IP (c),j(t) set. Loal boxes estimates [x̂(c),j ](t) are then given as follows,

[x̂(c),j ](t) =
∑

n∈IP (c),j(t)

[ω(c),j,n](t)p(c),n, c ∈ IC j(t), (IV.18)

where the weights [ω(c),j,n](t) are intervals obtained using either Eq. IV.4 or Eq. IV.5

in the interval framework with boxed RSSIs instead of vetors RSSIs with aid of δξ
introdued in Chapter III. The 1st global boxed estimate for a node j is then obtained

by

[x̂−
j ](t) =

∑

c∈IC j(t)
[λ(c),j ](t)[x̂(c),j ](t), j ∈ {1, ..., NX}, (IV.19)

where [λ(c),j ](t) are interval weights employing Eq. IV.6 in the interval framework with

boxed RSSIs. Alternatively, as shown in Chapter III, one ould ompute the 1st esti-
mated box by i) generating random test positions in the surveillane area, ii) omputing

their estimated salar positions using �ngerprints, iii) de�ning an inertitude δxξ as the
maximal error obtained over the test positions estimation, afterwards iv) omputing the

salar estimate x̂−
j (t) using non-interval RSSIs, and then v) de�ning the 1st estimated

box by [x̂−
j ](t) =

∏d=D
d=1 [x̂

−
j,d(t)− δxξ , x̂

−
j,d(t) + δxξ ], x̂

−
j,d(t) being the d-th oordinate of

x̂−
j (t) and Π the artesian produt. Simulations of Chapter III showed that this other

way of de�ning [x̂−
j ](t) leads to more aurate estimates. For this reason, it would be

applied in the interval algorithm.

On the other hand, a 2nd estimated position box ould be obtained for eah node

using aelerometer information. Indeed, eah node measures its aeleration vetor

γj(t) = (γj,1(t), ..., γj,D(t)) and de�nes its aeleration box as follows,

[γj ](t) = Πd=D
d=1 [γj,d](t) = Πd=D

d=1 [γj,d(t)− δγ , γj,d(t) + δγ ], (IV.20)

where δγ is the aeleration inertitude set as shown in Remark 1 of Chapter III. The

2nd estimated box at iteration t is then obtained aording to the seond-order model

of Eq. IV.8 as follows,

[x̂+
j ](t) = [x̂j ](t− 1) + [νj](t− 1)∆t+ 0.5[γj ](t)∆t

2, (IV.21)

where [x̂j ](t− 1) is the �nal estimated box, obtained at iteration t− 1 by ombining all

information, and [νj](t) is the box inluding the veloity of node j at iteration t,

[νj ](t) = [νj](t− 1) + [γj ](t)∆t. (IV.22)
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By using the �rst-order model of Eq. IV.10, one obtains

[x̂+
j ](t) = [x̂j ](t− 1) + [νj ](t)∆t, (IV.23)

where [νj](t) remains the same as in Eq. IV.22. Similarly for the third-order mobility

model, nodes mobility is reformulated into interval framework as follows,

[x̂+
j ]γ(t) = [x̂j](t− 1) + [ν̂j ](t− 1)∆t+

1

3
[γj ](t− 1)∆t2 +

1

6
[γj ](t)∆t

2, (IV.24)

where ν̂j(t) is equally boxed by

[ν̂j ](t) = [ν̂j](t− 1) +
1

2
[γj](t− 1)∆t+

1

2
[γj](t)∆t. (IV.25)

Similarly to the 1st estimated box, one is able to ompute the 2nd estimated box in an

alternative manner as shown in Chapter III. Indeed, [x̂+
j ](t) ould be set as [x̂j ](t −

1) + [Bj](t) where [Bj](t) = Πd=D
d=1 [Bj,d(t) − δxγ (t), Bj,d(t) + δxγ (t)]. The quantity

Bj,d(t) is equal to νj,d(t)∆t for the �rst-order model, νj,d(t− 1)∆t+ 1
2γj,d(t)∆t

2
for the

seond-order model or νj,d(t− 1)∆t+ 1
3γj,d(t− 1)∆t2 + 1

6γj,d(t)∆t
2
for the third-order

model, whereas the inertitude δxγ (t) is equal to

√
tδγ∆t

2
for the �rst-order model,

√

t− 3
4δγ∆t

2
for the seond-order model or

√

t
2 − 13

36δγ∆t
2
for the third-order model.

For more details, refer to Remark 3 of Chapter III. Simulations of Chapter III showed

that by using δxγ (t), the algorithm leads to more aurate results. For this reason, the

ombination of �nally added inertitude with (δxγ , δxξ) is hosen to make illustrations

of the interval-based solution.

Having two estimated boxes for eah node j at iteration t, one ould ompute the �nal

estimate by interseting these boxes at eah iteration as follows,

[x̂j](t) = [x̂−
j ](t) ∩ [x̂+

j ](t). (IV.26)

The exat position estimate is given by the enter of the estimated box. If the in-

tersetion of these boxes is empty, one ould hoose to keep only the 1st estimate.

Nevertheless, with this approah, one obtains boxes that usually inlude the exat po-

sitions of the nodes. Figure IV.3 shows an illustration of the proposed interval-based

method. It shows in blak points the referene positions, in blak irles the anhors

positions, in blak triangles the heads of lusters, in light gray line the 1st �ngerprinting
estimated box, in dark gray dashed line the aeleration estimated box, in blak line

the �nal estimated box and in stars their orresponding estimated single positions. By

interseting the estimated boxes, one obtain smaller boxes with less inertitude leading

to more aurate position estimates.

IV.5 Resolution using the Kalman �lter

The proess of ombination ould also be performed using the Kalman �lter, being a

linear estimation based on the riterion of Least squared errors [Kalman 1960℄. The basi
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state equation is de�ned with respet to the mobility model. Considering the �rst-order

aeleration model of Eq. IV.8, the orresponding kalman state equation is illustrated

as,

Xj(t) =

(

xj(t)
νj(t)

)

= A

(

xj(t− 1)
νj(t− 1)

)

+ uj(t) + ζj(t),

=

(

ID ∆tID
0D ID

)

Xj(t− 1) +

(

∆t2γj(t)

∆tγj(t)

)

+ ζj(t),

(IV.28)

where 0D is the (D×D) null matrix. As to the seond-order model, the state equation

is shown as,

Xj(t) =

(

xj(t)
νj(t)

)

= A

(

xj(t− 1)
νj(t− 1)

)

+ uj(t) + ζj(t),

=

(

ID ∆tID
0D ID

)

Xj(t− 1) +

(

∆t2

2 γj(t)

∆tγj(t)

)

+ ζj(t).

(IV.29)

The state equation applying the third-order model is represented nevertheless as,

Xj(t) =

(

xj(t)
νj(t)

)

= A

(

xj(t− 1)
νj(t− 1)

)

+ uj(t) + ζj(t)

= AXj(t− 1) + ua,j(t− 1) + ub,j(t) + ζj(t),

=

(

ID ∆tID
0D ID

)

Xj(t− 1) +

(

∆t2

3 γj(t− 1)
∆t
2 γj(t− 1)

)

+

(

∆t2

6 γj(t)
∆t
2 γj(t)

)

+ ζj(t).

(IV.30)

IV.5.2 Algorithm using Kalman

Resolving the problem aording to the Kalman �lter onsists of two phases. First, the

nodes positions are predited using the previous estimate and the state equation.

X̂+
j (t) = AX̂j(t− 1) + uj(t), (IV.31)

where uj(t) is omputed beforehand at eah iteration as shown in the previous setion,

X̂j(t− 1) is the �nal previous estimate and X̂j(0) is assumed to be known. Then the

predited estimate ovariane re�eting the auray of the state estimate is updated

as follows,

P+
j (t) = APj(t− 1)AT +Q(t) = Pj(t− 1) +Q(t), (IV.32)

where •T denotes the transpose of •, Pj(t− 1) is the �nal previous estimate ovariane

and Pj(0) is equal to the null matrix sine the state is initially known. The matrix Q(t)
is the ovariane of Xj(t) given Xj(t− 1), that is

Q(t) = cov(Xj(t)|Xj(t− 1)) = cov(uj(t) + ζj(t))

= cov(uj(t)) + cov(ζj(t))

= cov(uj(t)) + V,

(IV.33)
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where cov (·) omputes the ovariane matrix of its argument. Now if we onsider

the �rst-order model, and sine eah oordinate aeleration noise has a zero-mean

normal distribution with a standard deviation σγ , and theD oordinates are statistially

independent, the ovariane matrix Q(t) is given by

Q(t) = V + cov

((

∆t2γj(t)

∆tγj(t)

))

= V +

(

∆t4σ2γID 0D

0D ∆t2σ2γID

)

.

(IV.34)

By taking the seond-order model, the ovariane matrix Q(t) is given by

Q(t) = V + cov

((

∆t2

2 γj(t)

∆tγj(t)

))

= V +

(

∆t4

4 σ2γID 0D

0D ∆t2σ2γID

)

.

(IV.35)

As to the third-order aeleration model, the ovariane matrix Q(t) is given by

Q(t) = V + cov (ua,j(t− 1) + ub,j(t))

= V + cov

((

∆t2

3 γj(t− 1)
∆t
2 γj(t− 1)

)

+

(

∆t2

6 γj(t)
∆t
2 γj(t)

))

= V +

(

5∆t4

36 σ2γID 0D

0D
∆t2

2 σ2γID

)

.

(IV.36)

The predited quantities are then orreted using the observation equation as follows,

X̂j(t) = X̂
+
j (t) +Hj(t)(X̂

−
j (t)− C · X̂+

j (t))

= X̂+
j (t) +Hj(t)(X̂

−
j (t)− X̂+

j (t)),

Pj(t) = (ID −Hj(t)C)P+
j (t)

= (ID −Hj(t))P
+
j (t),

(IV.37)

where Hj(t) is the optimal Kalman gain given by

Hj(t) = P
+
j (t)CT (CP+

j (t)CT +R)−1

= P+
j (t)(P+

j (t) +R)−1.
(IV.38)

Note that the orretion of Eq. IV.37 is only valid for the optimal Kalman gain. Using

other gain expressions needs more ompliated orretion equations.

IV.6 Simulation results

This setion illustrates the performane of the proposed method using the interval anal-

ysis or the Kalman �lter. To this end, we onsider a 100m × 100m two-dimensional
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surveillane area (D = 2). Only the loalization problem of one mobile node is on-

sidered, sine eah node loalizes itself using only anhors information, independently

from other nodes, and the j index will be withdrawn when needed in the following. It is

worth noting that all simulations are done on Matlab 7.11.2(R2010b). Two trajetories,

seleted from the sixth of hapter III, of 100 points with ∆t = 1s are generated using

analyti expressions for both oordinates as funtions of time. The trajetories are illus-

trated one more in Figure IV.4 and Figure IV.5, whereas their respetive aelerations

are given in the top plots and in the bottom plots of Figure IV.6. Random gaussian
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Figure IV.4: First trajetory
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Figure IV.5: Seond trajetory

white noises with standard deviation σγ are added to the aelerations.

The surveillane area is divided into NC equal lusters and the heads of lusters are

positioned at the enters of the lusters. NA anhors and NP referene points are

positioned in a regularly distributed manner in the surveillane area, leading to equal
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the results for the seond trajetory. In both plots, the estimated trajetories follow

very well the real trajetories.

Let the estimation error be the average distane between the estimated positions and

the real ones over all time steps. Table IV.1 shows the estimation errors in meters

and the average omputation time in milliseonds per iteration obtained on the �rst

trajetory using only �ngerprinting-based method (DWKNN), only aeleration model

(A.), the ombined method based on intervals (DWKNN-I) and the ombined method

based on Kalman (DWKNN-K). The �rst, the seond and the third orders models for

aelerations are onsidered in the three latter methods. As expeted, ombining infor-

mation leads to more aurate results at the ost of the inrease of the estimation time,

that remains very low. Moreover, the performanes of the Kalman �lter and the interval

analysis are very lose with a slightly better estimation auray with the Kalman �l-

ter. The table also shows that the third-order aeleration model performs muh greater

than the others. This is due to the assumption of null or onstant aelerations made

by the �rst-order and the seond-order models respetively, whih is not the ase for

this trajetory. In the following, both the seond-order and the third-order aeleration

models will be onsidered in the proposed method and the only-aeleration-based one.

Moreover, we will only onsider the �rst trajetory for performane illustration, sine

it is more omplex than the seond one and loser to an unexpeted travel path.
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Figure IV.7: Estimated results using the interval analysis and the Kalman �lter for the

�rst trajetory

IV.6.2 In�uenes of K, NC , NA, NP and weight parameters

In this setion, we illustrate the performanes of the proposed method with respet to

the parameters K, NC , NA, NP and the weight parameters of the algorithm. To this

end, vary at �rst the number of neighbors K onsidered in the RSSI-based omputation

from 1 to 10. Set NA to 25, NP to 100 and NC to 4. The noise standard deviations

are set to σγ = 0.01m/s2 and σξ = 1dBm. Note that the same noisy data are used

in all experiments with di�erent values of K. Figure IV.9 illustrates the estimation
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Figure IV.8: Estimated results using the interval analysis and the Kalman �lter for the

seond trajetory

Table IV.1: Comparison of the proposed method to only �ngerprinting-based and only

aeleration-based methods

DWKNN A. DWKNN-I DWKNN-K

Error / A. 1st-order mod. 2.32m 3.94m 2.29m 2.28m
Error / A. 2nd-order mod. 2.32m 3.48m 1.73m 1.53m
Error / A. 3nd-order mod. 2.32m 3.17m 1.59m 1.41m

Time / A. 1st-order mod. 0.055ms 0.0067ms 0.12ms 0.11ms
Time / A. 2nd-order mod. 0.055ms 0.0071ms 0.12ms 0.12ms
Time / A. 3nd-order mod. 0.055ms 0.0073ms 0.13ms 0.13ms

errors in the left plot and the average omputation times in the right plot as funtions

of K, for the proposed method using intervals (DWKNN-I) and Kalman (DWKNN-K),

the aeleration-based one (A.) and the �ngerprinting-based one (DWKNN) with

both the seond-order mobility model (mod2) in blak and the third-order mobility

model (mod3) in blue. It is observed that in all ases, the proposed method leads

to more aurate estimates than the other methods, with slightly better performanes

with Kalman. Also, the performanes are muh better using the third-order model.

The omputation times inrease using ombining methods however they remain very

low. The best results of the proposed method are obtained for K = 3. Consequently

we hoose K = 3 for the following simulations.

We verify then the in�uene of number of lusters NC . We thus vary the number of

lusters NC for our lusterized algorithm from 12 to 52, where NA is set to 25, NP to 100

and K to 3. The noise standard deviations are set to σγ = 0.01m/s2 and σξ = 1dBm.

Figure IV.10 shows the urves of estimation errors and omputation times with respet

to the number of lusters NC . The estimation errors of our method vary slightly with

the variation of the number of lusters, whereas the omputation time inreases with the

inrease of NC . This is due to the fat that the time shown in the plot is the total time
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Figure IV.9: Estimation errors (a) and times (b) as funtions of K

inluding all heads of lusters omputation. By dividing the omputation times by the

number of heads, one ould obtain the average omputation time per head, whih would

derease with the inrease of NC due to the derease of the number of referene positions

per luster. The plot shows also that with several lusters, the lusterized loalization

method is less aurate than the entralized method with only one luster, however

with four lusters the di�erene in errors is very small while gaining in robustness and

energy onsumption. In the following, NC is set to 4 sine with this value we have the

best results with our proposed method.
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Figure IV.10: Estimation errors (a) and times (b) as funtions of NC

Afterwards, we vary the number of anhors NA from 22 to 202, while setting K to 3,

NC to 4, NP to 100 and σγ and σξ to 0.01m/s2 and 1dBm respetively. Figure IV.11

shows the urves of the estimation errors and the omputation times with respet to the

number of anhors NA. As expeted, the estimation error dereases with the inrease of
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IV.6 Simulation results

the number of anhors, at the ost of the omputation time that slightly inreases. One

ould also see that our two approahes outperform the other methods espeially with

the third-order mobility model. The irregular error around NA = 81 is equally aused

by the intimay between some referene points and the anhor due to the logarithmi

expression of the RSSI/disane as analyzed in Chapter III.4.4.

(a) (b)

Figure IV.11: Estimation errors (a) and times (b) as funtions of NA

The number of referene positions NP is varied afterwards from 62 to 202, with K equal

to 3, NC to 4, NA to 25, and σγ and σξ equal to 0.01m/s2 and 1dBm respetively.

Figure IV.12 shows the urves of estimation errors and omputation times with respet

to NP . The plot shows that the estimation error dereases with the inrease of the

number of onsidered referene positions, at the ost of the omputation time. The

plot demonstrates also that the proposed method using either intervals or Kalman

outperforms the other methods in all ases espeially with its third-order model.
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Figure IV.12: Estimation errors (a) and times (b) as funtions of NP

107

5_Clusterized/figures/EPS/MatErrNaMod1Mod3.eps
5_Clusterized/figures/EPS/MatTimNaMod1Mod3.eps
5_Clusterized/figures/EPS/MatErrNpMod1Mod3.eps
5_Clusterized/figures/EPS/MatTimNpMod1Mod3.eps


IV. CLUSTERIZED LOCALIZATION

We aim then at the study of the impat of the weights expression used in the om-

putation of the 1st estimate based on the nearest neighbor algorithm and the RSSI

�ngerprints. Firstly onsider the inverting distane sheme given in Eq. IV.4, and vary

the parameter α from 1 to 5. Set K to 3, NC to 4, NA to 25, NP to 100, and σγ and

σξ to 0.01m/s2 and 1dBm respetively. Then onsider the exponential weight sheme

given in Eq. IV.5, and vary the parameter α from 1 to 3. Figure IV.13 shows the estima-

tion errors urves as funtions of the parameters values, where the labels Inv-1,...,Inv-5

mean that we are taking the �rst sheme with α = 1, ..., 5 and the labels Exp-1,...,Exp-3

mean that we are taking the seond sheme with α = 1, 2, 3. The plot shows that with
the inverting distane sheme, our proposed method and the only-�ngerprinting-based

method outperforms their versions with the exponential sheme. The best results are

obtained with Eq. IV.4 using α = 2 with the third-order mobility model. We thus take

this on�guration in the following simulations.
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Figure IV.13: Estimation errors (a) and times (b) as funtions of the weight parameter

IV.6.3 Impat of additional noises

This setion aims at studying the impat of the noises standard deviations, σγ and σξ
on the loalization auray. At the very �rst, we vary the standard deviation of the

aeleration noise σγ from 0.005m/s2 to 0.02m/s2 with K = 3, NC = 4, NA = 4, NP =
36 and σξ = 0dBm. The left plot of Figure IV.14 shows the urves of the estimation

errors obtained with the aeleration-based (A.), the �ngerprinting-based (DWKNN),

the interval-based (DWKNN-I) and the Kalman-based (DWKNN-K) approahes with

respet to σγ with the seond-order (in blak) and the third-order mobility models (in

blue). As expeted, the estimation error inreases with the inrease of the noise in all of

the three methods using aelerations information. However, the ombined approahes

remain always more aurate than the other approahes. Then we vary the standard

deviation of RSSI noise σξ from 0.1dBm to 4.5dBm with K = 3, NC = 4, NA = 16,
NP = 100 and σγ = 0.01m/s2. The estimation errors are illustrated in the right plot
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of Figure IV.14 with respet to σξ. The proposed two-approahes method outperforms

the other methods in all ases, as well. It is worth noting that the errors either over

aelerations or RSSIs are generated 50 times for eah value of the standard deviation

and the errors are averaged over the 50 simulations.
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Figure IV.14: Estimation errors as funtions of noise standard deviations

Next analysis aims afterwards to illustrate the performane of our proposed method

with respet to the distribution of aeleration noise. Indeed, in the proposed method it

assumes that the aeleration noise is gaussian with zero-mean and known standard de-

viation σγ , taken here equal to 0.01m/s
2
, that is the algorithm onsiders σγ = 0.01m/s2.

However, the aeleration noise ould have, in real, di�erent distribution or higher stan-

dard deviations at times. For this reason, it is suggested �rst to generate a gaussian

aeleration noise with zero-mean and a standard deviation equal to 0.01m/s2 for the

�rst 40 steps, 0.02m/s2 for the following 30 steps, then 0.03m/s2 for the rest, whereas

our ombined algorithms still take σγ = 0.01m/s2. Table IV.2 shows the estimation

errors for the aeleration-based (A.), the �ngerprinting-based (DWKNN) and both

ombined method using interval (DWKNN-I) or Kalman (DWKNN-K) for this ase. It

also shows the errors for the ase where the aeleration have a noise of 0.01m/s2 as

taken in the algorithms. It is onsidered for all the simulations of this part σξ = 1dB,
NA = 16 and NP = 100. The table shows that the estimation errors inrease with

higher noises, ompared to the ase of gaussian noise with orret known standard de-

viation of 0.01m/s2, however the method remains aurate with its both shemes. We

then take a gaussian noise with a standard deviation equal to 0.02m/s2 for all the steps
(whih is very high ompared to the aelerations values), while the algorithms still take

0.01m/s2. Also the estimation errors inrease, but remain aeptable. Then, we vary

the distribution of the aeleration noise, but we kept the standard deviation equal to

0.01m/s2. Thus we take the Extreme Value distribution (EV), the Student distribution

(St) and the F-distribution (F). We also generate aeleration errors with less standard

deviation equal to 0.001m/s2 with Extreme Value and F distributions. The estimation

errors are also shown in Table IV.2. Aording to these results, the method performs
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IV. CLUSTERIZED LOCALIZATION

well even with di�erent distribution of the aeleration noise. Moreover, the Kalman-

based approah performs slightly better than the interval-based one, espeially with the

third-order mobility model.

Table IV.2: Impat of aeleration noises with σγ = 0.01m/s2, σξ = 1dB, NA = 16, and
NP = 100

Distribution / real std. dev.

A.

DWKNN

DWKNN-I DWKNN-K

mod2 mod3 mod2 mod3 mod2 mod3

Gauss / 0.01 3.1993 2.5419 2.3207 1.6079 1.1704 1.4665 0.8908

Gauss / 0.01,0.02, 0.03 3.4953 3.0145 2.3049 1.7097 1.3144 1.5550 1.0851

Gauss / 0.02 6.1020 6.0817 2.3334 2.2612 1.5810 2.0684 1.3161

EV / 0.001 1.7693 0.7984 2.3246 1.1234 0.5894 1.1711 0.4550

EV / 0.01 8.5138 7.7483 2.3246 2.3234 2.3036 2.2446 1.4720

St / 0.01 3.0920 2.8817 2.3060 1.5207 1.2100 1.4125 0.9438

F / 0.001 1.5500 0.3554 2.3195 1.0631 0.5044 1.1562 0.4578

F / 0.01 3.4487 3.2038 2.3195 1.5773 1.2141 1.4632 0.9782

Table IV.3: Impat of the orientation noise with σγ = 0.01m/s2, σξ = 1dB, NA = 16,
and NP = 100

σθ / real a. std. dev.

A.

DWKNN

DWKNN-I DWKNN-K

mod2 mod3 mod2 mod3 mod2 mod3

0.01 / 0.01 3.1781 2.7278 2.2784 1.6813 1.2381 1.4455 0.9678

0.05 / 0.01 3.9786 3.6261 2.3399 1.8394 1.5611 1.6445 1.2564

0.08 / 0.01 4.1753 4.5114 2.3274 1.9434 1.9543 1.7822 1.5378

0.1 / 0.01 4.9913 3.7226 2.3153 2.2337 1.5996 1.9076 1.4010

0.15 / 0.01 6.2572 5.7387 2.3171 2.3002 2.2711 2.0581 1.9896

0.2 / 0.01 6.9692 6.8935 2.3263 2.3165 2.1399 2.2768 2.0732

0.1 / 0.01, 0.02, 0.03 5.0483 4.4645 2.3348 2.2780 1.8664 2.0272 1.6127

0 / 0.01 3.1248 2.6508 2.3164 1.5854 1.2273 1.4559 0.9946

In what follows, it is reommended also to onsider the rotation problem of the sensor

nodes. Thus assume that the node starts with an orientation equal to 0, then it rotates

following its trajetory, that is the orientation of the node varies with its instantaneous

veloity. Then add a zero-mean gaussian noise to the orientation with di�erent standard

deviations σθ going from 0.01 to 0.2 radian and we run our algorithms while onsidering

σγ = 0.01m/s2. The standard deviation of the aeleration noise is �rst set to the known
value 0.01m/s2, then set it to 0.01 for the �rst 40 steps, 0.02 for the following 30 steps

and 0.03 for the next 30 steps. The estimation errors are given in Table IV.3, where it

also shows the error where no noise over orientation is onsidered. The table shows that

the error inreases with the inrease of σθ, however it is still aeptable. This inrease
was expeted sine the algorithm onsiders that the orientation noise is null, while slight

variation in the orientation inreases signi�antly the aeleration noises. A solution to

this problem onsists of inreasing automatially σγ for the ombined approahes. The
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results also show that the third-order model yields better performanes. In the following,

we will onsider the method with the third-order mobility model in its Kalman-based

approah.

IV.6.4 Comparison to range-based methods

After the performane analysis over all the parameters onsidered in the proposed

method, it is then preferred to ompare the proposed method with some RSSI range-

based methods. Suh methods estimate the distanes separating the node from the

anhors using measured RSSI and the pathloss model given in Eq. IV.39. The distanes

are then ombined using lateration or min-max algorithm as shown in [Priwgharm et

Chemtanomwong 2011℄ or partile �lter as in [Farmani et al. 2012℄. The advantage

of suh methods is that anhors ould be mobile, whereas in our method anhors are

stationary. For the lateration algorithm of [Priwgharm et Chemtanomwong 2011℄, the

position of the node at eah step is omputed aording to the least squares algorithm,

whereas for the min-max algorithm, boxes over anhors positions are generated us-

ing the distanes estimates, then the boxes are interseted leading to a smaller box,

whose enter orresponds to the estimate of the node's position at eah step. To om-

pare the proposed method to these methods, onsider 16 anhors in the network of

100m × 100m. Table IV.4 shows the estimation errors in meters of lateration-based

method (Lat) and min-max (MM) algorithm for di�erent values of the standard devi-

ation of RSSI errors σξ. The table shows also the estimation errors of the proposed

method using Kalman (DWKNN-K) and the �ngerprinting method without using a-

elerations (DWKNN) with 100 referene positions and the aeleration noise standard

deviation of σγ = 0.01m/s2. In [Farmani et al. 2012℄, the nodes are assumed to be

�xed, with one mobile anhor. At eah time step, nodes estimate their distanes to the

mobile anhor and update their positions using the partile �lter. Then, nodes exhange

signals with their neighbors and orret their estimated positions using their inter-node

distanes with the Extended Kalman Filter. In order to ompare this algorithm to the

proposed method where nodes are mobile, loalize the nodes at eah step by moving

the anhor over all its path. To this end, use Hilbert urve with order equal to 4 for

the anhor as proposed in [Farmani et al. 2012℄ for the 100m× 100m surveillane area.

Adopt 50 nodes and the average estimation errors over all the nodes of this tehnique

(PF) are shown also in Table IV.4. It is worth noting that, due to the randomness

of the data, simulations are generated 200 times then average errors are given in the

table. It is obvious that the proposed method outperforms the MM and PF methods

in terms of auray, even with its basi form without the use of aelerations. For

very low RSSI errors, the lateration method performs better, however this method is

not robust to noise, sine its estimation error highly inreases with an inreasing noise.

Table IV.5 shows the estimation errors of Lat, MM, DWKNN and DWKNN-K while

varying the number of anhors in the network. The proposed method outperforms the

other methods, as well.
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Table IV.4: Comparison of the proposed method to range-based methods with NA = 16

σξ (dBm) 0.001 0.01 0.1 1 5

Lat 0.0048 0.0480 0.4765 4.8561 27.0405

MM 4.3678 4.3696 4.4654 6.0668 14.5170

PF 2.5997 3.6132 3.6806 10.3695 19.2065

DWKNN 2.0088 2.0089 2.0101 2.3222 7.1695

DWKNN-K 0.9785 0.9806 0.9823 1.0007 1.5400

Table IV.5: Comparison of the proposed method to range-based methods with σξ = 1dB

NA 4 9 16 25

Lat 5.4508 5.0054 4.7558 4.6723

MM 15.7203 9.0669 6.1119 5.3918

DWKNN 3.8013 2.7266 2.3442 2.2901

DWKNN-K 1.2491 1.1105 1.0058 0.9063

IV.6.5 Comparison to a onnetivity-based method

As disussed in hapter I, the loalization approah ould be ategorized into several

groups, suh as range-based and onnetivity-based. This setion shows the omparison

results over the proposed method and a onnetivity-based method, using Monte-Carlo

[Baggio et Langendoen 2006℄. In this approah, eah node ompares its online RSSI

measurements at eah iteration to a ertain threshold ξr, assoiated to a distane r. If
the RSSI of a signal emitted by an anhor i is higher than ξr, the distane separating
the anhor from the node at this time-step is less than r. In this ase, the anhor

i is assumed to be deteted by the node, leading to a disk onstraint entered on

the anhor and having r as radius, inluding the node position. The solution of the

problem is then set by interseting all disks of deteted anhors. In order to de�ne it

using Monte-Carlo, N partiles are generated in the way to satisfy all deteted anhors

onstraints. These partiles are inluded in the intersetion area of all disks. Finally,

the estimated position is given by the baryenter of all generated partiles. In order to

ompare this approah to the proposed method, set the number of anhors NA to 49, the

number of referene points NP to 196, the number of neighbors K to 3, the standard

deviations of noises σγ and σξ to 0.001m/s2 and 0.1dBm respetively. Set also the

number of partiles N to 100 and the range r to 15m, leading to a power threshold

equal to 52.96dBm aording to the noiseless pathloss model with ξ0 = 100dBm and

nP = 4. With this value of r, an average of 3.33 anhors is deteted by the node at

eah time-step. The onnetivity-based method yields an estimation error of 3.7989m,

ompared to 1.0554m and 0.9031m with the proposed method based on intervals and

Kalman respetively. The average omputation times are equal to 2.167ms, ompared

to 0.1609ms and 0.1547ms respetively. Obviously the proposed method yields more

aurate results with muh less time, ompared to the onnetivity-based one using
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Monte-Carlo.

Moreover, the performane of the onnetivity-based one highly depends on the number

of anhors onsidered in the network. Figure IV.15 shows the relative estimation errors

of the Kalman-based method over the onnetivity-based one, with respet to the num-

ber of anhors in the network. It also shows the relative omputation times obtained

with Kalman over those using onnetivity. For this �gure, vary the number of anhors

from 22 to 102, set also N to 100, the range r to 15, NP to 100, NC to 4, K to 3, σγ to

0.01m/s2 and σξ to 1dBm as for Figure IV.11. Simulations are run 50 times and the

illustrated errors and omputation times are averaged over the 50 runs. As expeted,

the estimation error of the onnetivity-based method dereases with the inrease of

the number of the onsidered anhors, and this with a higher speed ompared to the

proposed method. That is why the error ratio inreases but it stays less than 1. Also,

the omputation time per time-step of the onnetivity one highly inreases, while the

Kalman omputation time slightly varies, leading to a derease of the time ratio.
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Figure IV.15: Ratios of estimation errors and omputation times of the Kalman-based

method over the onnetivity-based one, with respet to anhors

IV.6.6 Comparison to �ngerprint-based methods

In this setion, omparison is made speially between the proposed method and other

existing methods based on �ngerprinting using RSSI. Some of these works use the

Nearest-Neighbors algorithm (NN), the K-Nearest-Neighbors (KNN) [Navarro et al.

2010; Chuenurajit et al. 2013℄ and the Fuzzy-K-Nearest-Neighbors (FKNN) [Rozyyev

et al. 2012℄. Suh methods determine the �nal estimation by seleting single nearest

referene points for NN, by averaging the positions of the nearest referene points for

KNN or by ombining the nearest positions using fuzzy logi weights for FKNN. [Liu

et al. 2012℄ and [Suroso et al. 2011℄ proposed loalization tehniques based respetively

on Fuzzy Clusters (FC) and Fuzzy C-Means lustering (FCM). Using the fuzzy logi,

these methods set the �ngerprints into lusters, de�ne for eah mobile node at eah

time-step its luster, then determine its position using the NN within its luster. Other

�ngerprinting tehniques use the learning proess to de�ne nodes positions. Based on

the �ngerprinting database, suh methods de�ne a model that takes the RSSI as input

and yields the estimated positions as output. Learning suh a model is performed using
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Table IV.6: Comparison to �ngerprinting-based methods with NA = 16 and NP = 100
while varying σξ

σξ 0.001 0.01 0.1 1 5

NN 5.0204 5.0204 5.0228 5.1305 9.1649

KNN 3.1948 3.1993 3.1998 3.3092 6.5234

FKNN 3.1646 3.1656 3.1672 3.2999 6.3913

FC 3.8522 3.8854 3.8890 4.1691 9.5353

FCM 5.1772 5.2849 5.4013 5.2143 9.1850

NNet 3.2227 4.7924 4.8791 7.9965 17.9818

SVM 0.6573 0.74681 0.7681 2.8302 10.8531

RR 0.6298 0.7155 0.7359 2.7115 8.4821

AL 6.5124 6.4895 6.3618 6.6529 10.4949

DWKNN 2.0056 2.0087 2.0087 2.3315 7.0069

DWKNN-K 0.9958 0.9631 0.9905 1.0501 1.4992

a feed-forward Neural Network (NNet) in [Gogolak et al. 2011℄ or kernel-based mahine

learning methods, suh as Support Vetor Mahines (SVM) in [Farjow et al. 2011℄ or

Ridge Regression (RR) in [Mahfouz et al. 2013℄. [Koyunu et Yang 2013℄ proposes

an Analytial Loalization method (AL), that uses the distanes between the o�ine

positions and the anhors to generate the �ngerprinting database, instead of measuring

RSSIs. Then the node while moving uses its olleted RSSIs to generate a harateristi

vetor, that would be ompared to the �ngerprints to loalize itself.

Table IV.6 shows the estimation errors for all these methods in addition to the proposed

method with 16 anhors in the network, 100 referene positions, aeleration noise

standard deviation equal to 0.01m/s2, 4 lusters and a varying standard deviation of

RSSI noise. Our proposed method is more aurate than all methods exept for the

kernel-based methods (RR) and (SVM) with very low noise on RSSI. This was expeted

sine with almost no noise, RR and SVM with their non-linear aspet learn exatly the

pathloss model, that would be used later on, with very low additional perturbation, to

simulate the data. However with higher RSSI noise, where we are loser to setups of real

environments, our methods are more robust yielding more aurate results. Also, note

that the learning and the luster-based methods are very time-onsuming, ompared to

the proposed methods. Table IV.7 shows the estimation errors while varying the number

of anhors with σξ = 1dB, NP = 100, 4 lusters and σγ = 0.01m/s2. Here also our

methods are more aurate than the others. Table IV.8 shows the estimation errors with

di�erent values of the number of the referene positions. It is worth noting that with

NP = 16 and 4 lusters, only 4 referene positions are onsidered per luster, whih is

very low for an aurate loalization. This is the reason why it is obtained an estimation

error around 11m with DWKNN, but this error, even high, is orreted to 1.7m with the

aeleration information in DWKNN-K. The proposed method outperforms the other

methods in terms of auray. Note that all simulations are iterated 100 times and

average estimation errors over all the iterations are given in the tables.
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Table IV.7: Comparison to �ngerprinting-based methods with σξ = 1dB and NP = 100
while varying NA

NA 4 9 16 25

NN 6.3822 5.2107 5.1156 4.9586

KNN 4.6715 3.7910 3.3132 3.1984

FKNN 4.6983 3.7640 3.29202 3.1784

FC 11.3826 5.8897 4.1130 3.1721

FCM 6.3459 5.8511 5.1857 5.1836

NNet 5.1654 5.8832 8.0229 8.8757

SVM 4.8710 3.7433 2.9537 2.6425

RR 4.0592 3.1192 2.5110 2.4351

AL 24.1827 9.0108 6.6009 6.2429

DWKNN 3.7170 2.8097 2.3282 2.3217

DWKNN-K 1.2876 1.1154 0.9915 0.9157

Table IV.8: Comparison to �ngerprinting-based methods with σξ = 1dB and NA = 16
while varying NP

NP 16 36 64 100 144 196

NN 12.7110 7.8066 6.2136 5.1100 4.1522 3.5443

KNN 9.2149 5.2929 4.5304 3.2974 2.9863 2.4691

FKNN 9.2191 5.2880 4.5127 3.2829 2.9722 2.4892

FC 12.8178 5.6345 4.3415 4.1824 3.9780 3.9253

FCM 13.7026 7.0653 6.0197 5.1857 3.8580 3.6333

NNet 23.9241 14.3839 11.1717 8.0981 5.2290 3.4888

SVM 10.2920 6.3294 5.4030 3.4090 2.9657 2.1145

RR 7.9169 4.8689 4.1563 2.7272 2.3352 1.9956

AL 14.5932 9.8631 7.7388 6.6051 6.8731 5.6665

DWKNN 10.9769 4.6650 3.2968 2.2991 2.1766 1.9344

DWKNN-K 1.7089 1.4830 1.1827 1.0321 0.9411 0.8735

IV.7 Conlusion

Clusterized loalization algorithm owns better adaptability and stronger robustness in

appliations domain. This hapter presented an original lusterized loalization teh-

nique for mobile wireless sensor networks. The proposed method is also an anhor-based

method, ombining both radio-�ngerprints and aelerometer information but exeut-

ing omputations in a lusterized manner. The resolution of the problem is performed

using both the interval analysis and the Kalman �lter. In the interval-based approah,

the proposed method omputes position boxes inluding all the possible solutions of

the problem. In the Kalman-based approah, the method predits the positions using

aelerations, then orrets them using the radio-�ngerprints.

Simulations are operated over all parameters and are equally tested with di�erent mo-
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IV. CLUSTERIZED LOCALIZATION

bility models. Results show that the proposed method in both approahes outperforms

other methods using only aelerometer information or �ngerprinting measures. It also

illustrates the e�ieny of the proposed method, ompared to several reent loaliza-

tion methods, inluding range-based methods, onnetivity-based methods, and other

�ngerprints-based methods. Although the proposed method works well in the simulated

environment, future works look for a hane to handle the loalization problem using

real data. A robust method would then be proposed to overome real environments

disturbane.

In the next hapter, a more pratial ase will be illustrated and takled in a speial

appliation senario. Based on the same idea of using both �ngerprints and mobility

information and solving by interval tehnique, it ahieves the ategorization funtion

for a mobile node by addressing it to a ertain blok over the surveillane area.
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Chapter

V

Zoning loalization
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A

mutation of the problem of self-loalization in wireless sensor networks

onsists of addressing zone a�liation, espeially applied in an indoor se-

nario where the whole surveillane area is atually omposed of separated

units. People sometimes pretty prefer to know a symboli zone that de-

notes where the objet resides instead of an exat position point, whih is also alled

room-level loalization. This hapter onsiders thus the zone loalization problem in

a mobile wireless sensor networks. Similarly to the preeding algorithms, the pro-

posed method refers the attributed zone by using both signal strength and mobility

information. The former o�ers a set of possible zones by weighted k nearest neigh-

bors approah, and the latter gives another set of possible zones with aid of interval

tehnique, both of them arrying with the on�dene fators with respet to the

seleted zones. By interseting the two sets of suggested zones and onsidering then

orresponding weights, the proposed method is supposed to be apable to ensure a

orret zone loalization with an optional hoie for eah mobile node at eah time-

step in ase that the �rst hoie fails. Moreover, the room-level loalization ould

be onsidered as a problem of multi-lassi�ation, thus the SVM-based method is

equally introdued in order to make a omparison in the simulations part.
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V. ZONING LOCALIZATION

V.1 Introdution

Rapid developments of miro-eletronis and wireless ommuniation not only promote

tremendously the tehnial revolution of wireless sensor networks, but also, in another

hand, they push forward meanwhile the widespread appliations of WSNs, even going

into industrialization of wireless sensor networks. Meeting the requirements from all

sides of living, many pratial appliations are emerging in reent years, suh as habitat

monitoring, smart building failure detetions&reporting, and target traking [Stojmen-

ovi 2005℄. All of these appliations are in need beforehand of a meaningful geographial

awareness of sensors themselves. Some pursue geographial information in terms of a-

urate orientation with respet to the global oordinate system suh as those disussed

in preeding hapters, while some aim to address a regional a�liation in terms of zone

attribute with respet to the dimensionality. Di�ering with the former oordinate-level

loalization, the latter provides however objets room-level loalization reognizing the

spae index where the objet atually resides.

The room-level loalization is espeially reommended in the loation-based servies

(LBS) appliations [Shiller et Voisard 2004; Krisp 2013℄. Suh appliations integrate

the geographial loation of monitored objets to provide real-time and neessary ser-

vies for mobile users equipped with the handy terminals, suh as for patients traking

in hospitals or person monitoring in buildings having room units as shown in Figure V.1.

By means of interation between the handy terminals and loal monitoring devies, users

ould be loalized either in terms of oordinates or just area. While in suh indoors

setoral senarios, the task of identi�ation of the room area is muh more meaningful

and e�ient than a preise oordinates loation estimation for mobile users. There exist

many researhes over the room-level, or room-based loalization whih proeeds room

identi�ation ahead, suh as entrane trigger based methods [Noury et al. 2002; Lo

et al. 2012℄, RSS and pathloss ompensation based methods, or path-restrited meth-

ods [D'hoe et al. 2008; Chiu et al. 2009℄ as well as probability based and SVM lassi�er

methods [Castro et al. 2001; Hotta et al. 2012℄.
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Figure V.1: Room-level loalization

Managing from this loalization design, a �ngerprints-based area reognition tehnique,

exploiting mobility information, is explored in this hapter. It proeeds the network

on�guration over the whole surveillane area. The �rst area estimates are made by

using �ngerprints information, onsidering on�dene fator with respet to eah pos-

sible zone. Meanwhile, obtaining the instantaneous mobility measurements, the seond
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V.2 Belief funtions theory

estimates over areas are inferred by applying interval analysis tehnique over measured

aeleration values, onsequently extending to the possibly arrived neighboring zones.

In this way, both of them hold respetively the set of the possible zones where objet

likely resides. To make the �nal deision, all these possibilities are put into re�nement

phase suh as a ombination phase by interseting them and omputing the appended

on�dene fators. Resulting zones are ranked in order of their respetive on�dene

fators, where normally the �rst two meet the requirements in most ases. The solution

proposed in this hapter lies on the belief funtion theory [Shafer et al. 1976℄, aording

to whih the olleted information are used to de�ne belief funtions takled then with

a ombination step to pursue a possible zone where the onsidered node falls. The

belief funtion theory is brie�y introdued in the next part. The solution of zoning is

addressed in what follows.

V.2 Belief funtions theory

The on�dene fator, assigned to eah possible solution and mentioned in the preeding

setion, is deided e�etively upon the Belief Funtions Theory (BFT), alled also the

Dempster-Shafer theory. The BFT is introdued below, onsidered as a mathematial

tool that permits the fusion of data issued from di�erent soures in the way to make

the right deisions onerning the nodes loations.

V.2.1 Desription of the theory

The BFT is introdued by G. Shafer in 1976 [Shafer et al. 1976℄ based on the work

developed by A. Dempster in 1967 [Dempster 1967℄. In 1994, P. Smets aomplished this

work by proposing a formal framework for the BFT, named as the Transferable Belief

Model (TBM) [Smets et Kennes 1994℄, whih is an non-probabilisti model permitting

to represent the imperfetion of olleted information, to make a fusion of information

then to help making deisions. It is worth noting that this theory has been employed in

varied domains, suh as fusion of multi-sensor information, fusion of lassi�ers, pattern

reognition, et [Denoeux 1997; Lefevre et al. 2002; Risti et Smets 2005℄.

Before introduing some basi notions proposed in the framework of TBM, onsider any

kind of systems in whih one looks for determining a status x. Let Ω = {ω1, ..., ωn} be

the de�nition set of x, known as the frame of disernment where the values {ωi}ni=1 are

onsidered to be disrete and known. 2Ω denotes the set of all parties of Ω, as below,

2Ω = {∅, {ω1}, ...,Ω}. (V.1)

All the measurements onerning the status x are onsidered as soures of information

in BFT whih introdues the on�dene notion, represented in di�erent ways in the

framework of TBM. In the following, several representations of belief funtions are

brie�y introdued, suh as m-funtion, belief funtion and plausibility funtion.
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• The m-funtion, alled also the belief masses funtion (MF), is the most used

formulation of the belief funtions, denoted generally bymΩ
S and de�ned as follows,

mΩ
S : 2Ω → [0, 1],

A 7→ mΩ
S (A), satisfying,

ΣA∈2Ωm
Ω
S (A) = 1.

(V.2)

The symbol S denotes the soure of information from whih mΩ
S is issued. The

mass mΩ
S (A) orresponds to the part of belief attributed by the soure S to the

hypothesis of the status x being inluded in A. Generally, notation mΩ
S (A) ould

be simpli�ed as mΩ(A) when there is no need to speify the soure of information.

All the subsetsA of Ω suh thatmΩ(A) > 0 are alled the foal elements. If Ω = R,
the foal elements turns to be in the framework of intervals [Moore et Moore 1979;

Jaulin et al. 2001℄. In the ase of Ω = Rn
, the elements are in terms of pavings of

dimension n.

• The belief funtion, assoiated with an MF mΩ
, is equally de�ned from 2Ω to [0, 1]

as follows,

belΩ(A) = Σ∅6=B⊆Am
Ω(B), ∀A ⊆ Ω. (V.3)

The value belΩ(A) represents the level of belief with the assumption of x ∈ A. In
this equation, the mΩ(·) is obtained by,

mΩ(A) = { Σ∅6=B⊆A(−1)|A|−|B|belΩ(B) ∀A ∈ Ω, A 6= ∅,
1− bel(Ω), ifA = ∅. (V.4)

• The plausibility funtion is denoted by plΩ, similarly assoiated with an MF mΩ
.

It is de�ned as,

plΩ(A) = ΣB∩A 6=∅m
Ω(B) = 1− bel(Ā), ∀A ⊆ Ω. (V.5)

The value of plΩ(A) represents the maximal belief level assoiated to the assump-

tion of x ∈ A. mΩ(·) ould be obtained from the plausibility funtion equation

above as follows,

mΩ(A) =

{

Σ∅6=B⊆A(−1)|A|−|B|+1plΩ(B̄) ∀A ∈ Ω, A 6= ∅,
1− pl(Ω), ifA = ∅, (V.6)

where B̄ is the omplement of B in Ω.

It is worth noting that the soures of information yielding the MFs ould be not totally

trustful. In this ase, it is possible to introdue a weakness oe�ient (1 − α) ∈ [0, 1]
to the MFs. This oe�ient represents the reliability of the soure. In this way, a

weakened MF denoted by mα,Ω
is dedued as follows,

mα,Ω(A) =

{

(1− α)mΩ(A) ifA ⊂ Ω, A 6= Ω,
α+ (1− α)mΩ(A), ifA = Ω.

(V.7)
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V.2.2 Combination rules

Obtaining the information issued from the di�erent soures, the ontribution [Smets

1993℄ proposed several operators to make a ombination of all the information leading

to more trustful results.

Let m1 and m2 be the simpli�ed notations for mΩ
S1

and mΩ
S2

whih are two MFs issued

respetively from two di�erent but trustworthy soures S1 and S2. The onjuntive rule
of ombination (CRC) is de�ned as follows,

m
1 ∩ 2

(A) = (m1 ∩m2)(A) = Σi,j|Bi∩Cj=Am1(Bi)m2(Cj), ∀A ⊆ Ω. (V.8)

The two soures of information ould be on�iting leading to some empty intersetions.

In this ase, the de�nition of m
1 ∩ 2

(·) ould be followed by a normalization step, to

have a resulting MF having its sum equal to one.

In omparison, the disjuntive rule of ombination (DRC) is alternatively used to om-

bine two MFs of whih at least one issue is trustworthy. In this ase, the ombination

of two MFs m1 and m2 is represented as follows,

m
1 ∪ 2

(A) = (m1 ∪m2)(A) = Σi,j|Bi∪Cj=Am1(Bi)m2(Cj), ∀A ⊆ Ω. (V.9)

Note that the MF obtained by CRC is more informative than m1 and m2 sine this rule

transfers the masses of foal elements to a smaller ardinality set. On ontrary, the MF

issued by DRC is less informative due to an e�et of generalization.

V.2.3 Deision rules

There exist several rules of deision utilized in the framework of the belief funtion the-

ory, suh as the maximum of belief masses, the maximum of plausibility, the maximum

of the pignisti probability, et [Denoeux 1997℄. Sine the mass and the plausibility

funtions are already introdued, let us onsider here the pignisti probability denoted

by BetP , omputed using the pignisti transformation [Smets et Kennes 1994℄. Let mΩ

be an MF assoiated to Ω and A1, ..., Ar be the foal sets of mΩ
. The pignisti trans-

formation lies on the uniform division of the mass of eah element Ai, i ∈ {1, ..., r},
shown as follows,

BetP (ωk) = Σi|Ai⊆Ω,ωk∈Ai
mΩ(Ai)

|Ai|
, (V.10)

where |Ai| denotes the ardinality of Ai. Note that, in the ase of Ω = R, the foal ele-
ments turn to be in the framework of intervals [x]1, ..., [x]r , thus the pignisti probability
is represented as follows,

BetP (x) = Σr
i=1I[x]i(x)

mΩ([x]i)

|[x]i|
, (V.11)

where I[x]i(x) is the indiator funtion denoting the a�liation of x to [x]i with I[x]i(x) =
1 or non-a�liation with I[x]i(x) = 0, and |[x]i| denotes the width of the interval [x]i.
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V.3 Zoning methodology

The room-level loalization, alled here zoning loalization, aims at determining the

orret zone where the objet atually resides at any time-step t, rather than an exat

position estimate as disussed before. Correspondingly, the whole sensor network is

omposed of several zones on behalf of independent spaes, suh as o�es, lass rooms,

workshops and orridors. An objet, that is usually taken as a mobile node, moves freely

throughout the zones of the surveillane area. Fingerprints and inertial information

employed in the preeding hapters are used to solve equally this zoning problem with

aid of interval analysis [Jaulin et al. 2001℄, ombined to the belief funtion theory [Smets

et Kennes 1994℄.

V.3.1 Con�guration of the network

The proposed method is an anhor-based entralized zoning tehnique, based on radio-

�ngerprints. Consider a D-dimensional surveillane area of RD
having NZ separate

zones, eah assumed to be an independent unit of spae. All zones are assumed to

be de�ned in the same spatial dimension, whih is a partiular problem of the zoning

issue. A ertain zone ould be denoted by a D-elements attribute (z1, ..., zD), where
zd ∈ {1, ..., nZd} denotes the integer oordinate of the zone aording to the diretion

d, d ∈ {1, ...,D}, with nZd denoting the maximal value of zd and NZ = Πd=D
d=1 nZd .

Being an anhor-based method, the proposed approah onsiders two kinds of sensors

in the network, anhors ai = (ai,1, ..., ai,D), i ∈ {1, ..., NA}, with known �xed positions,

and mobile nodes xj(t) = (xj,1(t), ...,xj,D(t)), j ∈ {1, ..., NX}, with unknown positions

moving freely over the surveillane area. The objetive of the method is to determine

the attribute zxj (t) = (zxj,1(t), ..., zxj,D (t)) of the zone where the node j falls at time

t. Similarly to the previously desribed methods, a �ngerprinting database is required

to proess the omputations later on. To do this, NP referene positions are uniformly

generated over the whole area, denoted by pk = (pk,1, ..., pk,D) , k ∈ {1, ..., NP }, with
zone attributes zpk = (zpk,1 , ..., zpk,D ), k ∈ 1, ..., NP , denoting in whih zone the refer-

ene position pk resides. An example of a two-dimensional network with nine zones is

shown in Figure V.2. Here, nZ1 = nZ2 = 3. For instane, the zone 4 has the attribute

(1, 2), whereas the zone 8 has the attribute (2, 3).
One the basi network is onstruted, anhors broadast radio signals over the whole

network with the same initial power. The reeived signal strengths derease with the

inrease of the signals traveled distane, whih means that given a position, there exist

theoretially a unique set of RSSI values orresponding to the distanes separating this

position from the anhors. Aording to this virtue, the power database is built up by

measuring the RSSI ξP k,i at all referene positions pk, k ∈ {1, ..., NP }, of the signals

sent from all anhors ai, i ∈ {1, ..., NA}. Let ξP k be the NA vetor of the measured

RSSI at the referene position pk, then

ξP k = (ξP k,1, ..., ξP k,NA), k ∈ {1, ..., NP }. (V.12)

Consequently, the �ngerprints database onsists of NP ouples, eah one denotes the
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Figure V.2: An example of a entralized zone network

RSSI vetor of a referene position with its zone attribute (ξP k,zpk). The database is
then stored at the fusion enter for further omputations.

V.3.2 Fingerprints zoning

A node j measures the RSSI of the signals it reeives from all sensed anhors at time-step

t and onstruts its RSSI vetor as shown in Eq. V.13,

ξX j(t) = (ξX j,1(t), ..., ξX j,NA(t)), j ∈ {1, ..., NX}, (V.13)

where ξX j,i(t) stands for the strength at reeption of the signal emitted by the anhor

i and reeived by the node j at time t. Similarly with the KNN tehnique mentioned

in hapter III, to loate the mobile node j in terms of zones, the proposed approah

proeeds to the omputation of the Eulidean distanes ‖ξX j(t), ξP k‖, k ∈ 1, ..., NP ,
then it selets the K referene positions yielding the K smallest strengths distanes.

Let Ij(t) be the set of indies of these referene positions at time t. Given upon these

seleted indies, zone loation estimates are then omputed using the respetive zone

terms of the seleted referene positions as follows,

ẑxj,d(t) =
∑

k∈Ij(t)
ωj,k(t)zpk,d , d ∈ {1, ...,D}, (V.14)

where ωj,k(t) is a normalized weight fator inversely proportional to the RSSI Eulidean

distanes omputed in Eq. V.15,

ωj,k(t) =
‖ξX j(t), ξP k‖−2

∑

u∈Ij(t) ‖ξX j(t), ξP u‖−2
. (V.15)

Note that this expression of the weight fators is adopted here sine analysis in Chap-

ter IV showed that this expression yields the best estimation results. The quantities

ẑxj,d(t), d ∈ {1, ...,D}, are the estimates of the zones oordinates in the d diretions
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V. ZONING LOCALIZATION

within the D-dimensional surveillane area. However, in most of the ases, ẑxj,d(t) are
not integer. Let zxj,d(t) and zxj,d(t) be the integers respetively preeding and following

ẑxj,d(t), and let z̃xj,d(t) denotes the integer estimate of the exat zone oordinate zxj,d(t)
of the node j at time t. Then z̃xj,d(t) would have two values z̃xj,d(t) ∈ {zxj,d(t), zxj,d(t)},
leading to 2D vetor estimates of the zone attribute zxj (t). Based on the belief funtions
theory, the proposed approah onsists then on assuming this estimation as a soure

of information, yielding a mass funtion mf j,t(·), having the 2D obtained attributes

as foal elements. Let z̃xj (t) =
(

z̃xj,1(t), ..., z̃xj,D (t)
)

be one of these estimates, then

mf j,t(·) is de�ned as follows,

mf j,t

(

z̃xj (t)
)

=

d=D
∏

d=1

(

1−
∣

∣z̃xj,d(t)− ẑxj,d(t)
∣

∣

)

. (V.16)

The quantity mf j,t

(

z̃xj (t)
)

stands for the on�dene given to the zone attribute esti-

mate z̃xj (t). Indeed, the loser an element ẑxj,d(t) of z̃xj (t) is to the integer z̃xj,d(t),
the smaller

∣

∣z̃xj,d(t)− ẑxj,d(t)
∣

∣

is and hene the greater the on�dene given to z̃xj,d(t)
should be. If only one zone attribute should be seleted, it would be the estimate having

the highest mass. If other hoies are needed, one selets the attributes in the dereas-

ing order of their masses. An illustration of this omputation is given in Example 6.

The estimation using �ngerprints would be ombined to the aelerometer information

to re�ne more the seletion.

Example 6 Consider the 2-dimensional surveillane area of Figure V.2 with only one

mobile node. Assume that at t = 50, KNN omputations lead for instane to ẑx1(t) = 2.3
and ẑx2(t) = 2.9, whereas the node resides for real in the 8-th zone of attribute (2, 3)
as shown in Figure V.3. The proposed approah leads to four attribute estimates (2, 2),
(3, 2), (2, 3) and (3, 3) orresponding respetively to the zones 5, 6, 8 and 9 with the

masses 0.07, 0.03, 0.63 and 0.27. The maximal mass deision rule leads to the seletion

of the attribute (2, 3) with the highest on�dene of 0.63, with a seond hoie of the

attribute (3, 3) with muh smaller on�dene of 0.27.

V.3.3 Aelerometer zoning

Mobile nodes equipped with aelerometer devies o�er supplementary information for

the zoning proess. Let γj(t) = (γj,1(t), ..., γj,D(t)) be the aeleration vetor of a node

j, j ∈ {1, ..., NX}, at time t. This information would lead to an additional mass funtion

for zone estimation, using the interval analysis.

As mentioned before, a mobile node j moves freely over all the surveillane area. For a

node j at time instant t, given its instantaneous aeleration vetor γj(t), it is possible
to estimate the urrent position by the mobility model, suh as the third order equations

III.9 and III.10, as follows,

x̂j(t) = x̂j(t− 1) + ν̂j(t− 1)∆t+
1

2
γj(t− 1)∆t2 +

1

6

γj(t)− γj(t− 1)

∆t
∆t3, (V.17)
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where ν̂j(t) is the veloity vetor of the node j at time-step t, omputed by

ν̂j(t) = ν̂j(t− 1) + γj(t− 1)∆t+
1

2

γj(t)− γj(t− 1)

∆t
∆t2, (V.18)

where ∆t is the time interval between two following time-steps. In real onditions,

the measured aelerations ould be noisy due to several fators. To avoid erroneous

omputations, an inertitude quantity δγ is introdued to the measured aelerations, δγ
being set by performing a alibration step of the aelerometer devie. The aelerations

are then reformulated in interval sheme as follows,

[γj ](t) = [γj,1](t)×· · ·×[γj,D](t) = [γj,1−δγ , γj,1+δγ ]×· · ·×[γj,D−δγ , γj,D+δγ ]. (V.19)

By substituting Eq. V.19 into Eq. V.17 and V.18, one obtains a D-dimensional box

[x̂j ](t) surrounding the position estimate x̂j(t) as follows,

[x̂j ](t) = [x̂j ](t− 1) + [ν̂j ](t− 1)∆t+
1

2
[γj ](t− 1)∆t2 +

1

6

[γj ](t)− [γj ](t− 1)

∆t
∆t3, (V.20)

where ν̂j(t) is aordingly extended as,

[ν̂j ](t) = [ν̂j](t− 1) + [γj ](t− 1)∆t+
1

2

[γj](t)− [γj ](t− 1)

∆t
∆t2. (V.21)

It would not be surprising that the box [x̂j ](t) grows more and more with time aumu-

lation. Consequently, the aelerometer-based zoning auray drops greatly through

time. Considering this drawbak, an alternative solution using additive inertitude over

the aeleration-based position salar estimate is also appliable. Refer to Remark 3 of

Chapter III for more details. This way, the resulting mobility based box grows more

slowly and keeps its e�ieny over longer observing periods.

One the box [x̂j ](t) is available and going bak to the zoning problem, the possible

landing zones of the node j at time t are obtained by interseting [x̂j ](t) with all the

zones of the surveillane area. The intersetion might lead to 1, 2,..., or NZ zones.

Aordingly, a seond mass funtion mγ j,t(·) is de�ned. Its foal elements would be the

attributes of the zones having intersetion with [x̂j ](t), with their assoiated masses

de�ned as the surfae of the intersetion area of [x̂j ](t) with eah zone, followed by a

normalization phase. Consider the example of Figure V.3 with a 2-dimensional area and

one mobile node loated at time t = 50 in the 8-th zone with attribute (2, 3). With the

position box as shown in gray in the plot, the proposed approah leads to two possible

attribute estimates (2, 3) and (3, 3), orresponding to zones 8 and 9 respetively. The

intersetion of the position box with zone 8 has a surfae of 4/5 of the total surfae of

the box and the intersetion with zone 9 has a ratio of 1/5, leading to masses of zones

8 and 9 of 0.8 and 0.2 respetively. The maximal mass deision rule yields then zone 8

of attribute (2, 3).
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Figure V.3: An example of zoning using aelerometer information

V.3.4 Final zoning

The proposed method onsiders two soures of information, �ngerprints and aelera-

tions yielding two zoning sets. Gathering both information onsists then of ombining

their de�ned masses funtions using the onjuntive rule of ombination. Firstly, the

zones attributes estimated with �ngerprints are interseted with the ones obtained using

aelerations. Then, the masses of the resulting attributes are obtained by multiplying

their orresponding masses as follows,

m∩ j,t

(

z̃xj (t)
)

= mf j,t

(

z̃xj (t)
)

∗mγ j,t

(

z̃xj (t)
)

, (V.22)

where z̃xj (t) =
(

z̃xj,1(t), ..., z̃xj,D (t)
)

is a zone attribute obtained in both �ngerprints

and aelerometer estimations. If mf j,t(·) and mγ j,t(·) are on�iting, there might be

zones estimated by one and not the other. Here the omputation of the global mass

funtionm∩ j,t(·) should be followed by a normalization phase. The global mass funtion

ould have a single zone or several zones with orresponding on�denes. In this ase,

if only one zone is needed, the one having the greatest mass is seleted. Otherwise, the

zones are sorted in desend order of their masses to make a deision aording to the

probability on�dene fator. The greater the mass is, the greater the probability of

the node j to fall into the orresponding zone is. One ould also set thresholds ǫmf
, ǫmγ

and ǫm∩
limiting the seletion among the on�dene fators of the mass funtions mf (·),

mγ(·) and m∩(·) respetively in order to optimize the �nal estimation. That means that

the proposed method onsiders only the zones attributes having masses higher than the

thresholds, reduing this way the set of seleted zones.

Example 7 Consider the ase of Example 6 and Figure V.3. The �ngerprints mass

funtion has the foal elements (2, 2), (3, 2), (2, 3) and (3, 3) with their orresponding

masses 0.07, 0.03, 0.63 and 0.27; whereas the aelerometer mass funtion has the foal

elements (2, 3) and (3, 3) with their orresponding masses 0.8 and 0.2. The onjuntive

rule of ombination leads to the zones attributes (2, 3) and (3, 3) with the respetive
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V.4 Simulation results

masses 0.504 and 0.054. The normalization leads to the �nal mass values of 0.903 and

0.097 respetively. If a �nal mass threshold of ǫm∩
= 0.1 for instane is onsidered, only

(2, 3) is kept in the estimation, whih is the orret zone attribute.

V.4 Simulation results

The performane of the proposed zoning method is illustrated in this part. To this end,

onsider a 100m × 100m surveillane area omposed of NZ zones, where anhors and

referene positions are uniformly deployed, espeially the referene positions are equally

uniformly deployed in eah zone. Without loss of generality, onsider the loalization of

only one mobile node, hene the j index will be withdrawn when needed in the follow-

ing. This is possible sine eah node loalizes itself using the anhors information and

aelerations, independently from other nodes. It is worth noting that all simulations

are done on Matlab R2010b platform.

V.4.1 Generation of simulated data

In order to produe the nodes trajetory, two aeleration signals are generated before-

hand along the x1-axis and the x2-axis, varying over 100s with ∆t = 1s using the sine

funtion. The trajetory is then obtained by integrating twie the aeleration analyt-

ial funtions. The initial veloities are set to zero sine the node is assumed to be

�xed at a known position at the very beginning of the loalization proess. Aelera-

tion signals are depited in Figure V.4, whereas the trajetory of the node is shown in

Figure V.5 with also 16 anhors and 81 referene positions uniformly deployed over the

surveillane area.
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Figure V.4: Aeleration signals

The RSSI values are then generated by using the distanes ‖ai,pk‖, separating the

anhors ai from the referene points pk, or ‖ai,x(t)‖, separating the anhors from the
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Figure V.5: Trajetory of the node

node, and the pathloss model as follows,

ξP k,i = ξ0 − n0 ∗ log(‖ai,pk‖/d0) + εξk,i ,

ξX i(t) = ξ0 − n0 ∗ log(‖ai,x(t)‖/d0) + εξi(t), k ∈ 1, ..., NP , i ∈ 1, ..., NA,
(V.23)

where all RSSI values are in dBm unit. ξ0 is the transmission power set to 100dBm,

measured at the distane d0 set to 0.1m. n0 is the pathloss parameter, set to 4. εξ,k,i
and εξi(t) are both zero-mean gaussian noises, with standard deviations denoted by σξ.

Similarly, a zero-mean gaussian noise εγd(t) with a standard deviation σγ is added to

aeleration values, then measured aelerations signals are represented as follows,

γd(t) = γ̃d(t) + εγd(t), d = 1, 2, (V.24)

where γ̃d(t) denotes the noiseless aeleration signal over the d diretion. The resulting
noisy aelerations are used in the algorithm during the omputation. Aordingly, the

inertitude quantity δγ is set to 3σγ in simulated data. In order to justify this hoie

of value, refer to Remark 1 of Chapter III. It is worth noting that in real environments

where σγ is atually unknown, δγ is then set beforehand by the alibration of the

aelerometer devie, ideally as the maximum of devie measurement error.

V.4.2 Illustration of the proposed method

An illustration over the proposed zoning method is given in a general way at the very

�rst, thus we set the relevant parameters NA = 16, NP = 81, NZ = 9 and K = 3. With

NZ = 9, nZ1 = nZ2 = 3. The additional noise standard deviation σξ is set to be the

value within the range of 1% ∼ 10% of the standard deviation of the RSSI database

ξP and ξX , and σγ is equally set to be the value within the range of 1% ∼ 10% of

the standard deviation of aelerations γ. In this ontext, onsider the performane of
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zone loalization for the nodes trajetory within 100s over the area of 100m × 100m
generated above. Table V.1 shows the zoning orret hitting rate over the 100 positions

of the node with di�erent values of σξ and σγ . The orret hitting rates are shown for

the ase where only the zone having the greatest mass is seleted (1 zone) and also the

ase where the two zones having the two greatest masses are hosen (2 zones), ompared

among the single �ngerprints method, aelerometer method and the ombined method.

It is observed that the ombined method inreases the hitting rate for the �rst hoie

and further loates nodes with suess by the seond hoie if the �rst estimate is not

the right zone loation.

Table V.1: Zones hitting rate over 100 seonds trajetory

σγ ,σξ
Fingerpintings aelerometer ombined

1 zone 2 zones 1 zone 2 zones 1 zone 2 zones

1%, 10% 90% 100% 80% 100% 95% 100%
5%, 5% 93% 100% 48% 65% 94% 100%
5%, 10% 90% 100% 45% 63% 91% 100%
10%, 5% 92% 100% 29% 40% 92% 100%
10%, 10% 91% 100% 21% 40% 93% 100%

V.4.3 Impats of parameters

In this part, the performane over zone reognition is further illustrated by the riteria

of zoning hitting rate, while separately using varying values of the network parameters,

inluding the zones number NZ , referene positions number NP , anhors number NA

and noise standard deviations σγ and σξ. All the simulations are operated using the

third mobility model as Eq. V.17 and the �rst weight expression with α = 2 as shown

in Eq. V.15. Besides, another trial with respet to the inertitude δγ over measured

aelerations and δν over omputed veloities are equally proposed. Performane results

are the average zone hitting rate over 50 attempts.

V.4.3.1 Impat of the zones number NZ

At the very beginning, we set K to 3, NP to 100, NA to 16, and σγ and σξ to 1%
of the standard deviations of the noiseless aelerations and RSSI signals respetively.

We then vary the total number of zones NZ from 22 to 62. Here the numbers of zones
per diretions are assumed to be equal with nZ1 = nZ2 =

√
NZ . Comparison is made

with varying NZ among the methods of �ngerprints, aelerometer and ombination.

Table V.2 shows the orret zones hitting rate in terms of �rst hoie (1 zone), as well

as the �rst and the seond hoies (2 zones), represented over the 100s trajetory as

shown in Figure V.5. The table shows that the proposed ombined method as well as

its only �ngerprinting based one perform well with very high auray, even while only

seleting the �rst zone. It is worth noting that simulations are run 50 times and the

results are averaged over all the times.
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Table V.2: Zones hitting rate while varying NZ

NZ
Fingerprints Aelerometer Combined

1 zone 2 zones 1 zone 2 zones 1 zone 2 zones

NZ = 4 100% - 97.4% 99.92% 100% -

NZ = 9 94.94% 100% 82.64% 99.66% 94.94% 100%
NZ = 16 99.74% 100% 76.46% 89.28% 99.80% 100%
NZ = 25 95.84% 100% 74.54% 83.06% 98.12% 100%
NZ = 36 94.88% 100% 73.28% 82.96% 96.08% 100%

Moreover, the auray generally dereases with the inrease of the number of zones. It

is worthy expliating additionally here the reason why the results for NZ = 9 turn to

be the worst among all the seletions. Aording to the K nearest neighbors seletion

method, the referene positions yielding the smallest RSSI distanes with that of the

mobile node are hosen. However, by applying the RSSI omputation model up to

Eq. V.23, the RSSI values derease exponentially with the inrease of the distane. This

means that if two points are too lose but having very small distanes to an anhor, the

di�erene between their RSSI would be large, whih does not represent their loseness.

Here in the ase of 9 zones, and sine the referene positions are uniformly distributed in

eah zone, some referene positions are very lose to anhors, as illustrated in Figure V.6.

The plot shows in blak irle the onsidered anhor, in red a node's position whose

zone estimate is wrong, in blak points the referene positions and in green irles the

seleted referene positions using the K nearest neighbors algorithm for the onsidered

node's position. The truly losest referene positions to the node are the two top ones

and the right down one. However, sine the right top one is too lose to the anhor,

and by taking RSSI distanes, the algorithm falls on the referene positions enirled

with green. Consequently, the mobile node in red drops into the neighboring zone of

the true loation, whih dereases the orret zones hitting rate.

This phenomenon ours thus when anhors reside too lose to the referene points. It

is unpreventable if the random distribution of the network is adopted. Otherwise, it

ould be onsidered as the ase when additive noises are ounted. Anyway, it o�ers

rather a hane of testing the reliability and adaptability of the proposed method with

the seond hoie of zones.

V.4.3.2 Impat of the number of referene positions NP

This setion aims at analyzing the impat of the number of referene positions on the

proposed method auray. We thus set K to 3, the number of zones NZ to 9 and the

number of anhors NA to 9, whih leads to one anhor positioned at the enter of eah

zone separately. σγ and σξ are set equal to 1% and 5% of the standard deviations of the

noiseless aeleration signals and RSSI signals respetively. The positions of anhors

are required to be moved slightly in order to prevent the ase when their positions are

overlapped with referene positions. Table V.3 shows the orret zones hitting rate

with the only �ngerprinting method, the only aelerometer method and the ombined

method, with one and two seleted zones. Aording to the plot, along with the inrease
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Figure V.6: An illustration of altered referene position

of the number of referene positions, the zone hitting rate of the proposed methods

inreases with slightly varying values sine NP = 81. Moreover, the seond hoie

supplied is always 100% soring the hit. It is worth noting that simulations are run 50

times and the results are averaged over all the times.

Table V.3: Zones hitting rate while varying NP

NP
Fingerprints Aelerometer Combined

1 zone 2 zones 1 zone 2 zones 1 zone 2 zones

NP = 9 93.38% 99.98% 81.42% 99.10% 95.72% 100%
NP = 36 97.20% 99.98% 80.86% 98.64% 97.44% 100%
NP = 81 98.22% 100% 81.76% 98.80% 98.58% 100%
NP = 144 97.78% 100% 80.42% 97.72% 97.98% 100%
NP = 225 97.90% 99.98% 81.66% 99.42% 98.02% 100%
NP = 284 97.64% 99.96% 80.94% 98.86% 97.88% 100%

V.4.3.3 Impat of the number of anhors NA

Performane with varying anhors number arries on then. We thus set NZ to 9 and

NP to 81. σγ and σξ are equal to 1% and 5% of that of noiseless signals. The positions

of anhors are similarly required to be moved slightly (+1) in order to prevent the

ase when their positions are overlapped with referene positions. Table V.4 shows the

algorithm's performane while varying the number of anhors NA. Note that when

NA = 9, anhors are situated at the enter of eah zone where no a�etion at the
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frontiers. Similarly when anhors are away from the zone frontiers, the zoning rate turns

to be better. The table shows that the only �ngerprinting-based method performs very

well, with muh better auray than the only aelerations-based one; however, the

ombination of both information still inreases, even slightly, the performanes.

Table V.4: Zones hitting rate while varying NA

NA
Fingerprints Aelerometer Combined

1 zone 2 zones 1 zone 2 zones 1 zone 2 zones

NA = 4 95.30% 99.96% 80.98% 99.12% 96.96% 99.99%
NA = 9 98.22% 100% 80.88% 99.34% 98.54% 100%
NA = 16 94.54% 100% 81.64% 97.66% 94.62% 100%
NA = 25 95.32% 100% 81.26% 99.12% 96.38% 100%
NA = 36 98.38% 100% 81.48% 98.94% 98.94% 100%
NA = 49 96.04% 99.98% 81.00% 99.20% 96.82% 100%

V.4.3.4 Impat of the noise parameters σγ and σξ

The impats of additive noises are then taken into onsideration, while setting NZ = 9,
NA = 9 and NP = 81. We �rst set σγ equal to 1% of that of noiseless aeleration

signals and look into that of σξ. Sine NA = 9 and NP = 81, the positions of anhors are
required to be moved slightly (+1) in order to prevent the ase when their positions are

overlapped with referene positions. Table V.5 shows the algorithm's performane while

varying σξ. It is observed that the zoning hitting rate dereases with the inreasing

values of σξ for only-�ngerprints method and the ombined one. By taking also the

seond hoie zone, the hitting rate drops below 100% but is still very lose to 100%.

Note that, in these simulations, NA is set to be 9 whih enhanes the hitting rate of the

�rst hoie but laking robust when noises largely inrease. Comparatively, inreasing

NA to 16 leads to 100% hits for the two seleted zones possibilities.

Table V.5: Zones hitting rate while varying σξ

σξ
Fingerprints Aelerometer Combined

1 zone 2 zones 1 zone 2 zones 1 zone 2 zones

1% 100% 100% 80.88% 98.74% 100% 100%
3% 99.08% 100% 80.78% 99.16% 99.22% 100%
5% 98.12% 99.92% 80.40% 98.32% 98.32% 99.98%
8% 97.24% 99.86% 80.86% 98.30% 97.58% 99.98%
10% 96.44% 99.66% 80.70% 98.62% 97.12% 99.88%

Afterwards, we keep NZ = 9, NA = 9, NP = 81 and we set σξ to 5% of that of noiseless

RSSI signals and observe that of σγ . Table V.6 shows the algorithm's performane while

varying the values of σγ . As expeted, the zoning rate is inversely proportional to the

noises standard deviation. However, the proposed ombination method still outperforms

the others.
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Table V.6: Zones hitting rate while varying σγ

σγ
Fingerprints Aelerometer Combined

1 zone 2 zones 1 zone 2 zones 1 zone 2 zones

0.5% 98.06% 99.96% 98.38% 100% 98.50% 100%
1% 98.38% 99.96% 80.66% 99.02% 98.56% 100%
3% 98.22% 99.98% 66.92% 78.62% 98.36% 99.98%
5% 96.24% 99.96% 47.66% 66.02% 98.3% 100%

V.4.3.5 Impat of the aeleration inertitude

Aording to the results obtained in the setions above, the zoning hitting rate of

aeleration based method drops greatly when the number of zone NZ inreases or

when the aeleration noise standard deviation σγ beomes larger. Thus, this setion

aims at analyzing the aelerometer-based method, by omparing the omputation of

[x̂](t) while using the boxed aelerations and veloities as shown in Setion V.3.3 with

δγ or using salar positions to whih the inertitude δxγ is added as shown in Remark 3

of Chapter III. To do this, we set NZ = 9 and we vary the value of σγ . Figure V.7

shows the orret zone hitting rates in blue for the boxed aelerations method using δγ
and in green for salar omputations with additional inertitude using δxγ . The results
are illustrated with variable σγ for the aelerometer-based method while taking only

the �rst zone (1 zone) or the �rst two zones (2 zones). Obviously, the zoning results by

using δxγ perform muh better than that of boxed aelerations with δγ .

Figure V.7: Comparison between appliations of aeleration inertitude

Moreover, the performanes of the ombined method is also analyzed using either δγ or

δxγ . To this end, we set equally NZ = 9, NA = 9, NP = 81, then we vary the values

of σξ and σγ as shown in Table V.7. All results are the average of 100 attempts sine

the aelerometer method is pretty sensitive. Their zoning auraies are atually very

lose but the latter with a very slim advantage.
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Table V.7: Zones hitting rate with δγ and δxγ

σγ , σξ δ∼
Fingerprints Aelerometer Combined

1 zone 2 zones 1 zone 2 zones 1 zone 2 zones

1%, 5%
δγ 98.40% 99.98% 81.22% 98.92% 98.58% 100%
δxγ 98.34% 99.98% 98.49% 100% 99.05% 100%

3%, 5%
δγ 98.20% 99.97% 66.52% 78.21% 98.3200% 99.99%
δxγ 98.13% 99.99% 95.87% 99.87% 98.19% 100%

5%, 10%
δγ 96.70% 99.81% 47.80% 65.88% 96.84% 99.85%
δxγ 96.48% 99.73% 93.66% 99.41% 97.29% 99.87%

V.4.4 Comparison with SVM

The tehnique of zone loalization ould be ategorized into a lassi�ation tehnique,

sine atually, it lassi�es the mobile node into its orresponding zone whih is distin-

guished from other zones. On the ontrary, when the zone number tends to be in�nite,

the zoning tehnique returns to be the normal loalization tehnique as disussed before.

A universal lassi�ation tehnique is known as the support vetor mahine (SVM) with

kernel onept suh as in [Sangnier et al. 2013; Tsohantaridis et al. 2004℄. In the view

of multi-lassi�ation, this part takes the omparison between the proposed method and

the kernel-based lassi�er and the strutural SVM as shown in [Alain Rakotomamonjy

2008; Thorsten Joahims 2008℄.

To this end, we on�gure the network using parameters NZ = 9, NP = 81 and NA = 9.
σγ is set to 1% of that of the noiseless aeleration signals and then the value of σξ is
varied simultaneously for the proposed method and SVMmethods. Table V.8 reveals the

simulation results in terms of zone hitting rate of 100 nodes positions over 50 attempts,

where both �ngerprints method and ombined method outperform the SVM methods.

Moreover, the hoie of two zones provides quasi-100% hitting rate in the ase of failure

of the �rst hoie in our method.

Table V.8: Comparison to the SVM methods

σξ
Fingerprints Combined

SVM-a

a

SVM-b

b

1 zone 2 zones 1 zone 2 zones

1% 100% 100% 100% 100% 99% 94%
3% 99.08% 100% 99.22% 100% 98.58% 94%
5% 98.12% 99.92% 98.32% 99.98% 97.54% 95%
8% 97.24% 99.86% 97.58% 99.98% 96.28% 94%
10% 96.24% 99.96% 98.30% 100% 95.98% 93%

a

Kernel-based SVM.

b

Strutural SVM with parameter =1000.

V.5 Conlusion

Based on the idea of room-level loalization, this hapter disussed an original zon-

ing loalization tehnique for wireless sensor networks. The proposed method is an
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anhor-based method, using both �ngerprints and mobility information based on inter-

val analysis and belief funtion theory. It gives sets of possible zones by �ngerprints

method and aelerometer method, then ombine them by interseting the zones while

onsidering their on�dene fators. Simulation results show that the proposed method

ould ensure, at more than 90%, �nding the right zone loation by the �rst hoie and

100% if there exists a seond hoie in most ases. Besides, omparing with some SVM

multi-lassi�ation methods, the proposed method performs better, and it is espeially

ompeting with respet to time saving. Nevertheless, the proposed zoning tehnique

remains to be improved, sine it is simulated under a rather simple partition of surveil-

lane area. Moveover, the frontier points are always tough to be lassi�ed orretly at

one time when the outside interruption is strong enough. Thus, it is expeted, in the

further, to develop a more sophistiated and more universal zoning tehnique under real

senarios onditions.
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Chapter

VI

Conlusion and perspetives

Contents

VI.1 Conlusion

VI.2 Perspetives

T

his manusript has developed several state estimation teh-

niques for wireless sensor networks, using �ngerprints and a-

eleration information. It addressed the problems of indoor

loalization and zoning, in the framework of interval analysis.

This thesis proposes, at the very beginning, a entralized loalization

tehnique whih serves for the entralized topology in small sale sensor

networks using di�erent mobility models. Then it extends the entral-

ized approah to a lusterized loalization sheme onsidering the needs

of large-middle-sale networks. Here the inertial information of mobile

node is farther onsidered to overome the sensors rotations. Addition-

ally, a Kalman �lter based method is developed using the same readings.

It omes to an end by a zone loalization tehnique, with onsidering

the room-level loalization requirements, ategorizing the objet to the

zone to whih it atually belongs by using the belief funtions theory and

the interval analysis. This part gives a brief realling over all disussed

methods in the preeding hapters, then proposes future researh based

on this work.
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VI. CONCLUSION AND PERSPECTIVES

VI.1 Conlusion

The researh on the loalization tehniques in wireless sensor networks has been de-

veloped sine a ouple of deades. All sorts of ideas, assays even implements, emerge

rapidly and massively over these years. This work attempts, and would like to do one's

bit in this domain. The proposed methods are explored around the onept of inerti-

tude over the estimated positions. They aim to gather all ambiguous position estimates

then redue their sope in a ertain way. With aid of the interval analysis tehnique

and ouples of measurements, it omes true. In the following, the proposed loalization

methods are brie�y looked bak.

• This manusript begins with a relatively simple network on�guration where a

entralized loalization is permitted to be implemented. In this network, there

exist two kinds of sensors, anhors with known positions and mobile nodes with

unknown positions. Utilizing the referene positions, the �ngerprints method lo-

alizes then the mobile node by using the measured reeived signal strengths and

position pattern reognition. Meanwhile, mobile nodes equipped with aelerom-

eters provide also the mobility information, suh as the aelerations. Aording

to the proposed mobility models, nodes positions are easily to be onluded. Due

to the fat of existing inevitable interruption from outside even inside fators,

the exat estimates are indeterminate anyway. The proposed method introdues

inertitude over the measurements, signal strengths and aelerations, leading to

boxed estimates in whih the real positions are supposed to be. Having two esti-

mated positions boxes, eah dedued from a kind of measurements, the proposed

method only needs to interset them onsequently whih in fat redues the range

of nodes possible loations. The updated box serves then for the loalization in

the next movement.

• A lusterized loalization sheme is equally developed sine the large-middle sale

networks are more popular and adaptive in most ases. It di�ers in the network's

on�guration from the entralized method. Indeed, it proeeds to �ngerprints

olletions in a lusterized framework where the surveillane area is divided into

several individual bloks with entral individual omputation agents. Estimation

at these agents leads to several loal estimates of nodes' loations, whose om-

bination using bloks weight fators leads to one global estimate. This sheme

onsiders moreover the nodes inertial information, provided by another devie, gy-

rosope, to take into onsideration the ourring nodes rotation whih is normal

when nodes are moving or even stati. Besides the solution by interval analysis, it

proposes further a Kalman �lter based method using respetively the information

of RSSI and aelerations as the observation and the predition equations.

• Room-level loalization is meaningful and pratial espeially for the loation-

based servies appliations. The proposed loalization idea is extended further

into the zone loalization sheme, where the entire surveillane area is omposed

of several zones, or onsidered to be in room units. The objetive is to loalize the
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mobile objet into the zone where it belongs. Similarly to the entralized loaliza-

tion, the zoning method performs �ngerprints olletion over all zones and nodes

trajetory then infers the K nearest neighbors algorithm. Instead of utilizing the

position oordinate information of neighbors positions, it uses their zone oordi-

nates and their respetive weights to make a onlusion of the onerned zones.

At the same time, nodes infer their zone addressing by using aeleration infor-

mation and the interval analysis tehnique. By appending an inertitude over the

measured aelerations values, the omputed position turns to be also in terms of

intervals, namely boxes with ertain surfaes over spei� zones. Using the belief

funtions theory, both kinds of measurements lead to sets of possible zones, with

some assoiated on�dene fators, whose ombination narrows down the zones

possibilities where the nodes reside. Generally, the proposed zoning method o�ers

two hoies of estimated zones in a spei� order, ensuring by this a zone hitting

rate with more than 90% for the �rst hoie, and up to 100% for the seond hoie

when the �rst is failed.

The performanes of the proposed methods are analyzed with various settings of param-

eters. They are also taken into omparisons with kinds of other methods, either based

on the same or even di�erent ideas with diverse networks on�gurations. Generally

speaking, the proposed methods harvest better loalization auray and lower ompu-

tation ost in most ases. The shortages exist however and remain to be disussed in

the following.

VI.2 Perspetives

The proposed loalization methods aim to loate a mobile node as aurate as possible

but with time and energy onsumption as poor as possible. The oneption of om-

bination and interval analysis furnishes a possible solution of realizing suh objetive.

However, the proposed methods still have some aspets to be improved and worthy to

work on in the future.

• KNN seletion: There exists oasionally a phenomenon where the seleted K

nearest neighbors are not exatly the right ones. In other words, some of the

geographially losest positions are exluded from the neighbors set when they

are too lose to an anhor ompared to the others as shown in the example of

Figure V.6. This problem leads to a slight geographial bias added to the �nal

position estimate, however it might yields a totally wrong addressing for the room-

level loalization. In fat, this is aused by the nature of the relationship existing

between RSSI and distanes separating two sensors. The loser they are getting,

the more rapidly the RSSI is growing. Thus, in the ontext of KNN, one imagined

solution is to formulate further the obtained RSSI values until they ould be

orretly distinguished by KNN. Or else beginning with KNN method itself, revise

it until it is possible to make orret seletion from the obtained RSSI values. One
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ould also work on the optimization of the positioning of the referene positions

with respet to anhors beforehand, to overome suh a problem.

• Interval omputations: As it is disussed in Chapter III when omputing the

weight fators, there exist several problems over the division operation in terms of

interval analysis. On the one hand, it annot divide an interval inluding zero in

the loalization bakground whih leads to an in�nite weight value. On the other

hand, it enlarges the range muh more than expeted whih leads to the over-

dilution interval/box. That is also why the weight equations are reformulated

as shown in Chapter III in this ase. A similar question raises equally as the

inertitude δγ and δξ are added. In fat, there exist a trade-o� between the

inertitude and the �nal estimates auray. If they are muh smaller than normal

values, the boxed estimates fail to inlude the real position. If, however, they are

settled to be muh larger, the resulting boxes are meaningless sine any in�nite

box inludes the real position. Based on the nature of interval omputation, the

determination of intervals remains to be an open question.

• Choies between both methods: The proposed algorithm onsiders an alternative

piking-up strategy when there is not any intersetion between two individual

estimates in the unpredited ase. Pratially, it is assumed that the �ngerprints

method is more reliable than the aelerometer based method sine an abrupt

hange over the measured aelerations leads perhaps to an unexpeted result.

Hene, when the estimated boxes did not interset with eah other, the results

from �ngerprints will be adopted. However, this measure sometimes makes larger

errors. It happens also even when there exists intersetion between two boxes that

the ombined �nal error is larger than either of them. Thus, the aept-and-refusal

strategy remains to be disussed.

• Zoning problem: The proposed algorithm makes the assumption of equal zones,

whih allows the problem addressing by using the KNN algorithm over the refer-

ene zones. However, in real senarios, zones are rooms, o�es, orridors or others,

having di�erent arhitetures and dimensions. One possible solution onsists of

dividing the whole spae to equal zones, independently of the global arhiteture,

or alternatively hoosing spei� dimensions for zones, allowing a subdivision of

all rooms to equal zones. Future works will deal with the lassi�ation problem

where any spae struture ould be handled.

Besides the existing tehnial aspets inside of the loalization algorithms stated above,

the proposed methods are expeted to be further analyzed or improved as below.

• Real data: It is worth noting that all the simulations presented in this manusript

are based on the simulated data, like the trajetories, the RSSI measurements,

the aelerations measurements and the rotation readings. This work merits then

a further operation while using the real measurements in the real wireless sensor

networks settings. One the real �ngerprints and inertial information are available,

the proposed method in the real ase will be put into e�et.
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• Aelerometer devie: This work demonstrates the ombined loalization strategy

using �ngerprints and aelerometer readings. One thing that is ontroversial is

the reliability of the aelerometer devie. Massive implements and experiments

illustrate that it is prone to deviate gradually from the real values, espeially

with its inevitable aumulation errors as time goes by. In this ontext, the esti-

mates from aelerometer turns to be not so favorable ompared with �ngerprints

methods when the mobile objet goes farther. Thus, in some speial ases where

the unpredited hanges our over the devie, the results of aelerometer-based

approah remain to be disussed.
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Appendix: Résumé en Français
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A.3 Méthode de loalisation entralisée

A.4 Méthode de loalisation lusterisée

A.5 Extension au zonage

A.6 Conlusion et perspetives

Referenes

L

réseaux de apteurs sans �l onstituent une tehnologie en plein

développement depuis les deux dernières déennies. Ils ont

été votés omme l'une des dix premières tehnologies pouvant

boulverser le monde au vu de leur déploiement faile et de leurs

apaités grandissantes de ommuniation et de traitement de données.

De nos jours, les réseaux de apteurs sans �l sont appliqués dans tous les

horizons de la vie, omme par exemple dans la surveillane des mahines

dans les usines, le suivi des patients dans les h�pitaux, les reliefs de atas-

trophes géologiques, la surveillane de la migration ou l'exploration de

terrains... Un problème fondamental existant dans les réseaux de ap-

teurs sans �l est l'auto-loalisation des apteurs, qui o�re les emplae-

ments géographiques des n÷uds dans le réseau. Ce problème in�uene

la performane ultime des réseaux puisque presque toutes les mesures

e�etuées par les apteurs sont liées aux positions où elles sont faites.

Dans e manusrit, nous abordons le problème de la loalisation indoor

des apteurs mobiles dans les réseaux de apteurs sans �l. Les solutions

proposées, basées sur des données de �ngerprinting et de mobilité, se

situent dans le adre des intervalles. Cette partie résume les travaux

réalisées autour de e problème. Elle ommene par une introdution

générale sur les réseaux de apteurs, suivie par une brève desription de

la théorie des intervalles. Dans e qui suit, les méthodes de loalisation

proposées sont présentées dans l'ordre, suivies en�n d'une onlusion et

des perspetives.
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A. APPENDIX: RÉSUMÉ EN FRANÇAIS

A.1 Introdution aux réseaux de apteurs sans �l

Les réseaux de apteurs sans �l (RCSFs), nés dans les années 1990, sont omposés d'un

grand nombre de apteurs intelligents [Akyildiz et al. 2002; Zhao et Guibas 2004℄. Ces

apteurs sont de petites tailles, failes à déployer, à bas oût et ayant la possibilité

de ommuniquer, mesurer et traiter des informations [Bharathidasan et Ponduru 2002;

Ilyas et Mahgoub 2004℄. Grâe à es atouts, les RCSFs fournissent une solution in-

telligente pour de nombreuses appliations, ontribuant ainsi à l'amélioration du mode

de vie des personnes dans le monde. Cette setion présente d'abord des informations

générales sur les RCSFs et leurs appliations et aborde par la suite le problème de

loalisation.

A.1.1 Présentation générale

Les di�érentes propriétés des RCSFs les rendent très attratifs dans un très grand nom-

bre de domaines, ouvrant le domaine militaire, l'environnemental, le médial, le ivil,

et bien d'autres, dans le but de la surveillane et du suivi. Dans le domaine militaire par

exemple, les aratéristiques de déploiement rapide, d'auto-organisation et de tolérane

de panne permettent aux RCSFs de répondre rapidement aux divers hangements des

hamps de bataille. Dans e sens, un système basé sur les RCSFs visant à la détetion

et la loalisation des snipers [Simon et al. 2004℄ a été développé. L'armée des États-

Unis a mené une série de tests à l'aide de RCSFs au désert de Californie [Hill 2003℄.

L'agene pour les projets de reherhe avanée de défense ou DARPA des États-Unis

avait lané le projet SENSIT (tehnologie de l'information du apteur) pour onstru-

ire des RCSFs ubiquitaires pour réaliser toute sorte de mesures omme la lumière, le

son, les vibrations, le magnétisme, l'humidité, la pression, la température, la pollution,

l'aélération, et. Dans le domaine environnemental, un projet élèbre a été développé

au ours des dernières années sur les habitats fauniques : le grand projet de l'île de

anard [Mainwaring et al. 2002℄ mené par une équipe d'ingénieurs informatiiens de

l'université de Californie à Berkeley pour améliorer la reherhe des biologistes sur les

omportements des oiseaux de mer. Dans le domaine médial, des RCSFs biomédiaux

sont onçus pour mesurer une variété de signes vitaux des patients pour la surveillane

de leurs états de santé en temps réel [Hande et al. 2006℄. Ainsi, les RCSFs biomédi-

aux peuvent améliorer vivement la qualité des soins de santé. Ils pourraient servir

également pour surveiller les signes vitaux de pompiers, suivre les handiapés dans un

environnement sans surveillane, assurer le baby-sitting, suivre des ativités des per-

sonnes atteintes d'Alzheimer, et. Les RCSFs permettent également l'amélioration du

mode de vie dans le domaine de la vie ivile, impliquant la surveillane de la résidene,

le transport, l'industrie et toute sorte d'infrastrutures ritiques dans la vie quotidienne.

Par exemple, [Dagher et al. 2014℄ a onçu un système de navigation basé sur les RCSFs

et le onept de ville intelligente. Il fournit un servie de navigation loale pour les

itoyens onduisant un véhiule à l'aide d'un système intelligent d'élairage de rues.

D'un autre �té, il existe prinipalement trois types de topologies dans les RCSFs dé�nis-

sant la façon dont les apteurs ommuniquent ensemble : entralisée, distribuée, et
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hybride [Mourad 2010℄. Dans la topologie entralisée, la plus simple, toutes les don-

nées mesurées sont aheminées à la station de fusion entrale où elles seront stokées

et traitées. Les n÷uds dans e genre de réseaux n'e�etuent pas de alul ou de traite-

ment. Ce genre de réseaux pourrait fournir une haute qualité de traitement mais tout

en onsommant énormément d'énergie, surtout pour les apteurs situés à proximité de

la station entrale. Au ontraire, les apteurs dans la topologie distribuée ont la apa-

ité d'e�etuer tous les traitements néessaires, n'éhangeant ave leurs voisins que des

données traitées, d'habitude de taille réduite. Ce type de réseaux est beauoup plus

robuste à la défaillane que le mode entralisé, plus fragile fae au risque de défaillane

de la station entrale ou l'interférene des mesures longuement aheminées lors de la

transmission. Toutefois, la topologie distribuée néessite des algorithmes distribués qui

pourraient être plus omplexes à développer et parfois moins préis que leus versions

entralisées. La topologie hybride ombine les idées des deux autres topologies. Pra-

tiquement, la transmission de l'information onsomme plus d'énergie que le alul. De

e fait, les réseaux sont divisés en plusieurs groupes, ou lusters. Chaun d'entre eux

possède une tête de luster qui joue le r�le de la station de fusion entrale. Assurant

un équilibre optimal entre la onsommation d'énergie et la apaité de traitement, la

topologie hybride onvient à des réseaux à grandes éhelles [Bandyopadhyay et Coyle

2003℄.

Sur la base de l'arhiteture des réseaux, la ommuniation entre apteurs peut s'établir

de di�érentes manières, permettant de maintenir la onnetivité du réseau. La ommu-

niation par la fréquene radio est le mode de ommuniation le plus fréquent, grâe à

sa faible onsommation énergétique et la néessité d'un matériel simple. Toutefois, e

type de ommuniation a un faible débit de données pendant la transmission, se basant

sur les tehniques de modulation et de démodulation. En outre, la qualité des signaux

pourrait être sérieusement dégradée ave l'augmentation de la distane parourue [Aky-

ildiz et al. 2002℄. La tehnologie Zigbee [Cheong et al. 2011℄ basée sur le protoole

IEEE 802.15.4 pourrait être un hoix alternatif dans le as de déploiement d'un grand

nombre de apteurs. Cette tehnologie a également une basse onsommation, un bas

oût, mais une faible apaité de pénétration dans les environnements intérieurs. Par

omparaison, la bande ultra large (UWB) [Chehri et al. 2009℄, qui sert aux mesures

de temps d'arrivée, est apable de pénétrer dans des murs épais et est plus robuste

à la dégradation des signaux, mais elle a un oût de onsommation relativement plus

élevé et est beauoup plus hère. La tehnologie Bluetooth [Erasala et Yen 2002℄ est

anti-interférene, mais néessite un périphérique de plus, onsomme plus et oûte plus

her que ette dernière. Le WiFi, basé sur le protoole IEEE 802.11, est très �able,

mais s'appuie sur une station de ommuniation puissante et des n÷uds d'aès [Li

et al. 2011℄. Autres options existent omme elles de l'utilisation de l'identi�ation par

fréquene radio (RFID) [Choi et al. 2011℄, infrarouge [Gao et Guo 2010℄ ou ultrasons

[Shahid et al. 2010; Runge et al. 2011℄. Ce type d'approhes néessite en onséquene des

dispositifs supplémentaires intégrés au apteur. Elles peuvent fournir une assez bonne

préision mais elles sont normalement limitées à ertains sénarios spéi�ques omme

en sous-mer, dans les jungles ou les terminaux de hand-hold. Comme le proverbe dit,
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"haun son métier".

A.1.2 Illustration du problème de loalisation

L'un des objetifs de la surveillane ou du suivi par RCSFs est de rapporter en temps

réel l'endroit où se produit l'événement onsidéré. Cet objetif néessite la onnaissane

préalable des emplaements géographiques des apteurs eux-mêmes. Cela dé�nit le

problème de loalisation [Yik et al. 2008℄.

Selon les appliations, les apteurs sont soit déployés manuellement à des positions

souhaitées au préalable, soit sur demande, dispersés au hasard dans un lieu déterminé

sous la forme de parahutage suivi d'une auto-organisation, e qui est normal dans

les hamps intouhables. Dans le as où les apteurs ont initialement des positions

inonnues ou qu'ils se déplaent de façon forée, à ause de fateurs non ontr�lables

tels qu'un vent sou�ant, de la vibration..., les positions enregistrées des apteurs ne

sont plus �ables à utiliser. De e fait, la loalisation des n÷uds devient un problème

essentiel pour les réseaux ayant pour but de réaliser la surveillane ou le suivi.

Une solution intuitive à e problème est d'équiper tous les apteurs ave les systèmes de

positionnement (GPS) [Hofmann-Wellenhof et al. 2004℄ pour avoir un positionnement

absolu. Cependant, ette solution implique deux faits impratiques, l'un lié aux envi-

ronnements indoor où les signaux GPS ne sont pas �ables, l'autre lié aux oûts et à la

onsommation d'énergie ar il serait néessaire d'avoir des réepteurs GPS au nombre

des apteurs, e qui oûte her et onsomme beauoup d'énergie pendant l'aquisition

des signaux.

Fae à l'impratiabilité du GPS, des solutions alternatives servant à la loalisation dans

les réseaux de apteurs ont vu le jour. La majorité de es approhes résout e problème

à l'aide d'anres, qui sont des apteurs ayant des positions onnues à l'avane. Cela

pourrait être au moyen du GPS en as de réseaux mobiles extérieurs, ou alors les anres

ont des emplaements �xes. Les autres apteurs restants sont appelés n÷uds, ayant

des positions inonnues, �xes ou mobiles. Le problème de loalisation reviendra ainsi à

utiliser les signaux éhangés entre anres et n÷uds ave les mesures relevées aux n÷uds,

omme la température ou autre, a�n de déterminer leurs emplaements.

Dans le adre de ette thèse, le problème de loalisation est dé�ni dans un sénario

indoor où les anres sont �xes et les n÷uds se déplaent dans un espae D-dimensionnel

de ℜD
, ave D = 2 ou D = 3. On onsidère que NA anres et NX n÷uds sont dé-

ployés dans le même hamp. Les oordonnées des anres et elles des n÷uds sont alors

données par des veteurs de dimensions D, notés respetivement ai = (ai,1, ..., ai,D),
i ∈ {1, ..., NA}, et xj(t) = (xj,1(t), ..., xj,D(t)), j ∈ {1, ..., NX}, où t symbolise l'instant
disret. L'objetif serait ainsi de aluler les xj(t) sahant les positions ai et les sig-
naux éhangés entre eux. Il existe de nombreuses tehniques de loalisation à base

d'anres répondant aux exigenes des réseaux de apteurs. Parmi elles-i, on ite elles

basées sur l'estimation de la distane, les mesures de onnetivités et la olletion des

informations de sénarios ou �ngerprinting [Mao et al. 2007℄. Elles sont également até-

gorisées, selon le traitement des données, entre méthodes entralisées, lusterisées ou

déentralisées [Stojmenovi 2005; Pal 2010℄, ou autrement en terme de signaux util-
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isés, entre méthodes basées sur l'aoustique, l'optique, la puissane des signaux reçus

(RSSI), et... [Shweinzer et Syafrudin 2010; Sifuentes et al. 2011; Kaemarungsi et Kr-

ishnamurthy 2004; Bahl et Padmanabhan 2000℄, Plus de détails sur les méthodes de

loalisation existantes sont fournis dans le hapitre I.

Ce manusrit traite le problème de loalisation dans un environnement indoor, les so-

lutions proposées étant basées sur la tehnique du �ngerprinting utilisant les RSSIs.

Elles ombinent à elles-i d'autres mesures utiles, telles que les informations d'inertie

en provenane d'aéléromètres et de gyrosopes, dans le but de orriger et d'a�ner les

positions estimées. La résolution du problème se situe dans le adre de la théorie des

intervalles, permettant d'inlure toutes les solutions du problème ainsi que les inerti-

tudes autour de leurs valeurs. La théorie des intervalles est introduite dans la setion

suivante.

A.2 Théorie des intervalles

Dans la majorité des appliations d'ingénierie, le problème de non linéarité est fréquem-

ment renontré, ave une néessité de solution robuste. Ce problème mathématique

est normalement représenté sous la forme d'un ensemble d'équations non linéaires,

d'inégalités non linéaires, ou d'une minimisation globale d'une fontion non onvexe.

L'analyse par intervalles fournit un adre permettant de résoudre e type de problème

d'une manière garantie.

La théorie des intervalles a débutée dans les années 1950, motivée par la proédure

du alul de

√
2 illustrée dans la �gure Figure II.1. Au début du alul, le fait que le

nombre 1 est l'entier maximal dont le arré est inférieur à 2, implique que la solution

est ontenue dans l'intervalle réel [1, 2]. De la même manière, le plus grand réel à un

hi�re après la virgule dont le arré est inférieur à 2 étant 1.4, l'intervalle de reherhe

est réduit à [1, 4 , 1, 5], puis [1, 41 , 1, 42], [1, 414 , 1, 415], et... [Sunaga 1958; 2009℄ En
onséquene, la notion d'intervalle est équivalente au nombre réel mais plus illustrable.

Alors, pour dérire une quantité physique, la représentation d'un intervalle devient plus

onvenable qu'un nombre réel onret, permettant de relier les mathématiques pures à

la réalité, ainsi que l'analyse pure à l'analyse appliquée.

Depuis, l'analyse par intervalle s'est fait des développements remarquables à des mo-

ments historiques [Sunaga 1958; Moore 1966; Kearfott et Kreinovih 1996; Jaulin et al.

2001a℄. Elle sert au alul mathématique visant des ensembles, au lieu des hi�res

numériques. Elle permet de résoudre les problèmes insolubles de façon normale, tels

que les problèmes dé�nis par un ensemble d'équations non linéaires [Neumaier 1990℄,

ou d'inégalités non linéaires [Moore 1992; Jaulin et Walter 1993; Walter et Jaulin 1994℄

ainsi que les problèmes d'optimisation globale de fontions non onvexes [Hansen et

Walster 2003℄. La solution garantie est fournie en inluant toutes les solutions possibles

du problème abordé dans un intervalle. Cei s'avère possible même dans le ontexte

de fortes non-linéarités ou d'ensembles disontinus de solutions, grâe aux propriétés

robustes d'un intervalle. Dans ette setion, nous introduisons brièvement le onept

du alul par intervalles, suite à la dé�nition de base.
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A.2.1 Dé�nition des intervalles

L'ensemble de toutes les variables réelles ξ respetant la ondition de α ≤ ξ ≤ β est

appelé un intervalle et est désigné par [α, β]. Alors en général, dans un espae réel R,
un intervalle réel [x] est un sous-ensemble onnexe inlus dans R et dé�ni omme suit,

[x] = [x, x] = {x ∈ R | x ≤ x ≤ x}, (A.1)

où les notions x et x désignent respetivement la borne inférieure inf [x] et la borne

supérieure sup [x] de l'intervalle [x], pouvant être �nies ou in�nies. L'ensemble vide ∅
est également onsidéré omme un intervalle réel si ∅ représente l'absene de solution.

L'ensemble de tous les intervalles réels est noté par IR. L'intervalle réel peut être

aratérisé par son entre c([x]) et sa largeur w([x]), dé�nis omme suit,

c([x]) =
x+ x

2
,

w([x]) = x− x.
(A.2)

w([x]) possède également l'attribut de la taille de l'intervalle [x], déterminée par l'inertitude

présente sur la quantité x. Dans le as où w([x]) est nulle, l'intervalle est dégénéré à

un nombre réel x. En utilisant les notions c([x]) et w([x]), un intervalle [x] peut être
reformulé omme suit,

[x] = c([x]) +

[

−1

2
w([x]),

1

2
w([x])

]

= c([x]) +
1

2
w([x])[−1, 1]. (A.3)

Cette formulation est très pratique pour les opérations de l'analyse par intervalles,

omme démontré dans la setion A.3. La dé�nition de l'intervalle peut être étendue au

as multidimensionnel. Soit [x] un intervalle vetoriel de Rn
. Il est dé�ni par le produit

artésien de n intervalles réels omme suit,

[x] = [x1]× [x2]× ...× [xn], i = 1, ..., n. (A.4)

[x] est appelé aussi pavé ou boîte, dont l'élément [xi] = [xi, xi] désigne la iième
om-

posante de l'intervalle obtenue par projetion de [x] sur le iième
axe. L'ensemble vide

de Rn
est noté omme ∅1 × ∅2 × ... × ∅n si et seulement si toutes les omposantes sont

vides. L'ensemble des pavés dans l'espae Rn
est noté IRn

. Les bornes inférieures et

supérieures sont omposées des bornes de toutes les omposantes omme suit,

x = (x1, x2, ..., xn)
T ,

x = (x1, x2, ..., xn)
T .

(A.5)

La taille de [x] est dé�nie omme la taille maximale des di�érents éléments,

w([x]) = max1≤i≤nw([xi]), (A.6)

et le entre de [x] est donné par

c ([x]) = (c([x1]), c([x2]), ..., c([xn]))
T . (A.7)
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A.2.2 Analyse par intervalles

Une fois le onept de l'intervalle est dé�ni, il serait intéressant d'introduire les règles

de alul au adre des intervalles, la théorie de l'analyse par intervalles étant fondée

sur la théorie des ensembles et son alul étant en fait un as partiulier du alul

sur des ensembles. Sur ette base-là, des opérations utiles sont élaborés et dé�nies

par onséquene, telles que les opérations ensemblistes et arithmétiques et les fontions

d'inlusion. Dans ette setion, nous introduisons uniquement les opérations et fontions

de base. Plus de détails sont fournis dans le Chapitre II.

A.2.2.1 Opérations de base

Un intervalle réel possède une double nature, à savoir elle d'un nombre réel et elle

d'un ensemble, e qui permet de lui appliquer des opérations du nombre et de l'ensemble

[Moore et Moore 1979; Kearfott et Kreinovih 1996; Jaulin et al. 2001a℄. Nous présen-

tons ii les opérations de base, notamment les opérateurs ensemblistes et arithmétiques.

⋄ Opérations ensemblistes salaires :

Similairement ave la théorie des ensembles, les opérateurs de base sont également

adaptés aux intervalles. Soient deux intervalles réels [x] et [y] de IR à la ondition que

x ≥ y et x ≤ y, ils ont naturellement la relation d'inlusion, dérite omme suit,

[x] ⊆ [y], si ∀x ∈ [x], x ∈ [y]. (A.8)

De la même manière, l'intersetion des intervalles [x] et [y], qui est également un inter-

valle, est dérite omme suit,

[x] ∩ [y] =

{ ∅, si x < y ou y < x,
[

max{x, y},min{x, y}
]

, sinon.
(A.9)

Les intervalles n'héritent pas exatement de l'union ensembliste qui aurait dû être dé�nie

par [x] ∪ [y] = {z ∈ [x] ou z ∈ [y]}. Dans le as de deux intervalles disjoints [x] et [y],
une nouvelle opération de réunion des intervalles est dé�nie par,

[x] ⊔ [y] =
[

min{x, y},max{x, y}
]

. (A.10)

Un intervalle [x] privé de l'intervalle [y] est dé�nie omme [x]\[y] = [{x ∈ [x]| x /∈ [y]}].
Alternativement, il est possible de l'exprimer omme suit,

[x]\[y] =















∅, si [x] ⊆ [y],
[x, y], si x ≤ y ≤ x ≤ y,

[y, x], si y ≤ x ≤ y < x,

[x], sinon.

(A.11)

⋄ Opérations ensemblistes en as de pavés :

Un pavé [x] ∈ IRn
est inlus dans un autre pavé [y] ∈ IRn

si toutes les omposantes

rélles de [x] sont inluses dans elles du [y],

[x] ⊆ [y], si ∀ i, [xi] ⊆ [yi], 1 ≤ i ≤ n. (A.12)
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L'intersetion de deux pavés [x] ∈ IRn
et [y] ∈ IRn

, qui est également un veteur de

IRn
, est dé�nie par,

[x] ∩ [y] =

{

∅n, si ∃ i, 1 ≤ i ≤ n, [xi] ∩ [yi] = ∅,
([x1] ∩ [y1])× ([x2] ∩ [y2])× ...× ([xn] ∩ [yn]), sinon,

(A.13)

où ∅n est le produit artésien de n ∅. La notion ∅n sera représentée par ∅ tout simple-

ment.

Similairement, l'union de deux pavés [x] ∈ IRn
et [y] ∈ IRn

est le produit artésien des

unions de toutes les omposantes des intervalles [x] et [y],

[x] ⊔ [y] = ([x1] ⊔ [y1])× ([x2] ⊔ [y2])× ...× ([xn] ⊔ [yn]). (A.14)

Un pavé [x] privé d'un pavé [y] produisant un pavé désigné par [z] = [x]\[y], dont la
omposante réelle [zi] est illustrée de plus omme suit,

[zi] =

{

[xi]\[yi], si ∀ j 6= i, 1 ≤ j ≤ n, [xj ] ⊆ [yj ],
[xi], sinon.

(A.15)

⋄ Opérations arithmétiques :

Les intervalles réels sont omposés de nombres réels. Les quatre opérateurs de base de

l'arithmétique des réels, notamment l'addition (+), la soustration (−), la multipliation
(∗) et la division (/), sont adaptés également à l'arithmétique des intervalles pro�tant

de la double nature. Soit le symbole ⋄ un opérateur de la liste (+,−, ∗, /). Alors,

l'expression d'opération arithmétique des intervalles [x] et [y] est donnée omme suit,

[x] ⋄ [y] = [{ x ⋄ y ∈ R | x ∈ [x], y ∈ [y]}], avec ⋄ ∈ {+,−, ∗, /}. (A.16)

L'opération onernée est e�etuée en utilisant les bornes inférieures et supérieures des

intervalles,

[x] ⋄ [y] = [min{x ⋄ y, x ⋄ y, x ⋄ y, x ⋄ y},max{x ⋄ y, x ⋄ y, x ⋄ y, x ⋄ y}]. (A.17)

Notez que, ette dé�nition pour la division n'est vraie que dans le as où [y] ne omprend

pas le 0. L'équation A.17 peut être simpli�ée en outre pour les opérations d'addition

et de soustration omme suit,

[x] + [y] = [x+ y, x+ y],

[x]− [y] = [x− y, x− y].
(A.18)

En plus, les opérations telles que la négation et la puissane arrée sont aussi appliables,

−[x] = [{−x| x ∈ [x]}] = [−x,−x],
[x]k = {xk| x ∈ [x]}, k ∈ {1, 2, ...}.

(A.19)
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À ondition que les bornes des arguments sont stritement positives, les intervalles réels

engendrés par la multipliation, la division et la puissane arrée sont donnés par la

suite,

[x] ∗ [y] = [x ∗ y, x ∗ y],
[x]/[y] = [x/y, x/y],

[x]2 = [x2, x2].

(A.20)

Notez que dans l'équation A.19, [x]2 6= [x]∗ [x] e qu'il faut distinguer lors du alul des

intervalles.

⋄ Opérations arithmétiques en as de pavés :

Les opérations arithmétiques dé�nies pour les intervalles peuvent être aussi étendues

aux pavés, où le symbole ⋄ est en qualité d'opérateur binaire (+,−, ∗, /, )̂ omme suit,

[x] ⋄ [y] = ([x1] ⋄ [y1])× ([x1] ⋄ [y1])× ...× ([xn] ⋄ [yn]). (A.21)

Les propriétés algébriques lassiques au sujet de l'arithmétique, telles que la ommu-

tativité et l'assoiativité appliquées sur l'addition et la multipliation sont également

orretes pour les opérations des intervalles. Nous itons omme suit,

[x] + [y] = [y] + [x],

[x] ∗ [y] = [y] ∗ [x],
α · [x] = (α · [x1])× (α · [x2])× ...× (α · [xn]),

[x]T ∗ [y] = [x1] ∗ [y1] + [x2] ∗ [y2] + ...+ [xn] ∗ [yn],

(A.22)

où α ∈ R, T désigne l'opération de transposition. Notez que, la loi distributive de

l'arithmétique ordinaire ne parvient pas à s'y appliquer. Toutefois, on tombe dans une

loi sous-distributive telle que

[x] ∗ ([y] + [z]) ⊆ [x] ∗ [y] + [x] ∗ [z]. (A.23)

En outre, la propriété d'inlusion est ombinée ave les opérateurs arithmétiques des

intervalles omme suit,

[x1] ⋄ [y1] ⊆ [x2] ⋄ [y2], si [x1] ⊆ [x2] et [y1] ⊆ [y2]. (A.24)

Toutes es propriétés nous o�rent ainsi la faisabilité et le fondement théorique de

l'analyse par intervalles, appliable à la résolution du problème d'approximation.

A.2.2.2 Fontions d'inlusion

Considérons une fontion de mapping f(x) assoiée à une variable x ∈ Rn
dé�nie

omme suit,

f : x ∈ Rn 7→ f(x) ∈ Rm. (A.25)
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Si l'on suppose que l'argument x de f est un veteur appartenant à un pavé [x] ∈ IRn
,

alors la fontion d'intervalles assoiée à [x] est donnée par l'ensemble suivant,

f([x]) = {f(x) | x ∈ [x]}. (A.26)

L'ensemble f([x]) n'est pas forément un intervalle onnexe. La fontion d'inlusion,

notée [f ], est produite pour remédier à ette question. Elle est dé�nie de telle sorte à

engendrer un pavé englobant f([x]) omme suit,

[f ]([x]) = [{f(x) | x ∈ [x]}], satisfaisant
∀[x] ⊂ IRn, f([x]) ⊂ [f ]([x]),

(A.27)

ave [f([x])] ∈ IRm
. Un shéma illustratif des fontions d'inlusion ave n = m = 2 est

présenté dans la Figure II.5 dans le hapitre II.

Il est évident qu'une fontion donnée f peut avoir une in�nité de fontions d'inlusion.

Néanmoins, il existe une fontion d'inlusion minimale pour f qui donne le plus pe-

tit pavé englobant f([x]), notée par [f∗]([x]). Dans e as partiulier, la fontion

d'inlusion peut être dé�nie par

[f∗]([x]) = [min{f(x), f(x)}, max{f(x), f(x)}]. (A.28)

Une fontion inlusion [f ] est onsidérée omme monotone à ondition qu'elle satisfasse,

[x] ⊂ [y] ⇒ [f ]([x]) ⊂ [f ]([y]). (A.29)

Considérons par exemple les fontions exponentielle, logarithmique et sinusoïdale ap-

pliquées à l'argument [x] = [x, x]. Leurs fontions d'inlusion minimales sont données

par

[exp∗]([x]) = [exp(x), exp(x)].

[log∗]([x]) = [log(x), log(x)].

[sin∗]([x]) = [sin(x), sin(x)], pour x ∈ [
−π
2
,
+π

2
].

(A.30)

La fontion d'inlusion [f ], dé�nie de IRn
à IRm

, est alternativement représentée par le

produit artésien de m fontions d'inlusion [fi] ∈ IR, i ∈ {1, 2, ...,m} de l'espae IRn
.

Par la suite, la fontion d'inlusion f est donnée par

[f ]([x]) = [f1]([x]) × [f2]([x])× ...× [fm]([x]). (A.31)

D'autre part, pour véri�er si tous les éléments inlus dans un pavé satisfont une ertaine

propriété, les tests d'inlusion sont dé�nis. Soit t un test dé�ni de Rn
dans B = {0, 1}.

Un test d'inlusion [t] est e�etué de IRn
à IB. Pour tout [x] ∈ IRn

, [t] est déterminé

par,

([t]([x]) = 1) ⇒ (∀x ∈ [x], t(x) = 1),

([t]([x]) = 0) ⇒ (∀x ∈ [x], t(x) = 0).
(A.32)
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Ainsi, le résultat du test est vrai pour t([x]) = 1 et faux pour t([x]) = 0. Il reste

ependant indéterminé pour t([x]) = [0, 1] et impossible pour un résultat d'ensemble

vide.

La tehnique d'analyse par intervalles est une approhe d'approximation numérique

garantie, appliable sur les problèmes non linéaires renontrés souvent dans le domaine

de l'ingénierie. La théorie repose fondamentalement sur l'idée d'enfermer des nombres

réels dans des intervalles, ou des veteurs réels dans des pavés assurant des résultats

garantis. Dans les setions suivantes, nous appliquerons la théorie des intervalles au

problème de loalisation.

A.3 Méthode de loalisation entralisée

La apaité de loalisation des apteurs est l'une des exigenes fondamentales et es-

sentielles dans un réseau de apteurs sans �l. Parmi les méthodes de loalisation

émergeantes au ours des dernières années, elles basées sur les RSSI sont onsidérées

avantageuses du point de vue de la simpliité, de la �exibilité ainsi que du oût de

matériel. Au sujet du traitement des signaux, au lieu de onvertir simplement les RSSI

en distanes, des méthodes alternatives font une omparaison entre la puissane du sig-

nal reçu et un seuil de puissane, onduisant à des données de onnetivités et don

des ontraintes sur les distanes à ombiner éventuellement à l'aide de l'algorithme

séquentiel de Monte-Carlo [Hu et Evans 2004; Baggio et Langendoen 2006a℄, l'analyse

par intervalles [Mourad et al. 2008; 2009a℄, le �ltrage variationnel [Teng et al. 2010℄,

et... D'autres méthodes s'appuient sur la olletion des informations de sénarios ou

�ngerprinting faisant la omparaison par la suite de la puissane à la réeption du

n÷ud aux informations déjà olletées dans le sens du pattern mathing [Tapus et Sieg-

wart 2006; Robles et al. 2010℄. En onsédérant également la mobilité des apteurs, des

travaux ont exploité à la fois les données de onnetivités et les ontraintes de mobil-

ité, fournissant leurs solutions à l'aide de Monte-Carlo [Hu et Evans 2004; Baggio et

Langendoen 2006a℄, de l'analyse par intervalles [Mourad et al. 2008; 2009a℄ ou Hidden

Markov [Fraile et Maybank 1998; Arthi et Murugan 2010℄, et... D'autres méthodes

basées sur des dispositifs supplémentaires existent telles que elles utilisant les magné-

tomètres olletant des données magnétiques et résolvant le problème par Monte Carlo

[Haverinen et Kemppainen 2009℄. D'autres utilisent l'identi�ation par radio fréquene

(RFID) [Ni et al. 2004℄ oopérant ave des apteurs ultrasons pour loaliser les robots

mobiles [Choi et al. 2011℄, ou installant un dispositif d'inertie donnant diretement une

estimation du déplaement du apteur mobile [Hsu et Yu 2009℄. De notre oté, nous

intégrons deux types de mesures, à savoir des radio-�ngerprints et les aélérations, tout

en tenant ompte de l'inertitude des mesures, et nous résolvons le problème dans le

adre des intervalles.
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A.3.1 Problématique

Nous proposons ii une méthode de loalisation, basée sur les anres, et e�etuant la

olletion des �ngerprints dans une zone de surveillane de RD
, où D = 2 ou D = 3

pour une zone de deux dimensions ou trois dimensions. Le réseau dispose de deux types

de apteurs : anres et n÷uds. Les anres ont des positions �xes et onnues notées par

ai = (ai,1, ..., ai,D) , i ∈ {1, ..., NA}, alors que les n÷uds ont des positions inonnues,

notées par xj(t) = (xj,1(t), ..., xj,D(t)) , j ∈ {1, ..., NX}, NA et NX étant respetivement

les nombres des anres et des n÷uds dans le réseau. Le problème de loalisation onsiste

alors à trouver xj(t), j ∈ {1, ..., NX}, en utilisant des mesures et des informations liées

à ai, i ∈ {1, ..., NA}.
Une olletion de �ngerprints en RSSI est e�etuée au préalable pour dé�nir une

artographie de puissane sur le réseau. Pour e faire, NP positions de référene

sont déployées uniformément sur la totalité du réseau, elles sont notées par pk =
(pk,1, ..., pk,D) , k ∈ {1, ..., NP }. Un exemple de telle on�guration est représenté dans

Figure III.1. Les anres émettent dans le réseau des signaux ave une même puissane

initiale. En plaçant onséutivement un apteur aux points de référene, es signaux

sont olletés à es points et leurs puissanes sont mesurées. Soit ξP k, k ∈ {1, ..., NP }
le veteur de RSSIs de référene mesurés à la position pk, il est donné par

ξP k = (ξP k,1, ..., ξP k,NA) , k ∈ {1, ..., NP }, (A.33)

où ξP k,i est la puissane du signal émis par l'anre i et reçu à la position de référene

pk. La proédure de on�guration onduit alors à une base de données de �ngerprints

onstituée de NP ouples (pk, ξP k), k ∈ {1, ..., NP }. Cette base de données est stokée
au entre de alul pour être utilisée ultérieurement ave les mesures e�etuées en temps

réel par les n÷uds a�n de les loaliser.

A.3.1.1 Loalisation à base de �ngerprints

Pendant la proédure de positionnement en temps réel, les n÷uds se déplaent librement

à travers le réseau et reueillent les puissanes de signaux de toutes les anres de la même

manière. Par la suite, le veteur des RSSIs mesurés en temps réel est noté omme suit,

ξX j(t) = (ξX j,1(t), ..., ξX j,i(t), ..., ξX j,NA(t)) , j ∈ {1, ..., NX}, (A.34)

où ξX j,i(t) signi�e la puissane à la réeption du signal émis par l'anre i et reçu par le

n÷ud j à l'instant t.

Puis, a�n de loaliser le n÷ud j, on herhe un pattern mathing dans la base de données

des �ngerprints, en s'appuyant sur l'algorithme desK plus prohes voisins [Navarro et al.

2010; Chuenurajit et al. 2013℄. Cet algorithme alule ainsi pour haque n÷ud j les

distanes eulidiennes ‖ξX j(t), ξP k‖ entre son veteur ξX j(t) obtenu à l'instant t et
tous les veteurs de RSSI de référene ξP k, k ∈ {1, ..., NP }. Ensuite, les K plus petites

distanes sont séletionnées. Soit Ij(t) l'ensemble des indies des positions de référene
produisant es K plus petites distanes de puissane. Par onséquent, l'estimation de
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la position du n÷ud j par �ngerprinting est e�etuée omme suit,

x̂f,j(t) =
∑

k∈Ij(t)
ωkpk, (A.35)

où ωk est le fateur de poids assoié à la position de référene pk hoisie. Le poids

ωk, k ∈ Ij(t), est hoisi inversement proportionnel à la distane eulidienne des veteurs

de RSSIs omme suit,

ωk =
‖ξX j(t), ξP k‖−α

∑

u∈Ij(t) ‖ξX j(t), ξP u‖−α
, (A.36)

ou sous forme exponentielle,

ωk =
exp

(

−α‖ξX j(t), ξP k‖
)

∑

u∈Ij(t) exp
(

−α‖ξX j(t), ξP u‖
) , (A.37)

où α est un paramètre déterminant du fateur de poids qui pourrait être hoisi de

manière empirique.

A.3.1.2 Loalisation à base d'aélérations

Chaque n÷ud j est supposé être équipé d'un aéléromètre [Hsu et Yu 2009℄, donnant,

à haque instant t, les aélérations du n÷ud selon les di�érentes oordonnées, notées

par γj(t) = (γj,1(t), ..., γj,D(t)). Basé uniquement sur ses données inertielles, le n÷ud j
alule la deuxième estimation de sa position selon le système d'équations suivant,

x̂γ,j(t) = x̂γ,j(t− 1) + νj(t− 1)∆t+
1

2
γj(t)∆t

2,

νj(t) = νj(t− 1) + γj(t)∆t,
(A.38)

où νj(t) est la vitesse estimée du n÷ud j à l'instant t. Notez que e modèle d'ordre

deux suppose que les aélérations sont onstantes entre deux instants onséutifs. Si

les ourbes des aélérations varient légèrement, e système onduit à des estimations

préises. Cependant, ave des hangements brusques d'aélérations ou dans le as des

aélérations plus interrompues, les estimations x̂γ,j(t) pourraient être sensiblement

déviées de la trajetoire vraie en raison des erreurs umulatives du modèle.

Alternativement, un modèle simpli�é en premier ordre est proposé pour aluler les

estimations basées sur les aélérations,

x̂γ,j(t) = x̂γ,j(t− 1) + νj(t)∆t,

νj(t) = νj(t− 1) + γj(t)∆t.
(A.39)

Dans e modèle, les aélérations sont d'abord supposées onstantes entre t − 1 et t
pour le alul des vitesses à l'instant t. Ensuite, une approximation supplémentaire

est e�etuée en supposant que les vitesses sont onstantes entre t − 1 et t. De toute

évidene, e modèle est moins préis que le modèle d'ordre deux.
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Ayant les aélérations aux instants t−1 et t, on pourrait proposer un troisième modèle

a�n de mieux prendre la variation des aélérations en onsidération par

x̂γ,j(t) = x̂γ,j(t− 1) + νj(t− 1)∆t+
1

2
γj(t− 1)∆t2 +

1

6

γj(t)− γj(t− 1)

∆t
∆t3,

νj(t) = νj(t− 1) + γj(t− 1)∆t+
1

2

γj(t)− γj(t− 1)

∆t
∆t2.

(A.40)

Tel modèle est plus approprié aux trajetoires où les aélérations mesurées ont des

hangements brusques. Il est à noter que e modèle suppose que les aélérations sont

linéaires ente t − 1 et t, ave une pente de

γj(t)−γj(t−1)

∆t
. Sous une petite valeur de

∆t, e modèle fontionne très bien, puisque les ourbes des aélérations approximées

deviennent très prohes de elles vraies.

Dans la suite, la ombinaison des deux estimations sera e�etuée à l'aide du alul par

intervalles en introduisant l'inertitude sur les mesures de �ngerprints et des aéléra-

tions.

A.3.2 L'algorithme

Quand un n÷ud se déplae à travers le réseau, il reueille les informations de RSSIs et

mesure les valeurs de ses aélérations instantanées en même temps. A�n de ombiner

l'ensemble de es informations, nous appliquons l'analyse par intervalles [Jaulin et al.

2001a; Mourad et al. 2009a℄, en introduisant des inertitudes par les mesures, onduisant

ainsi à des estimées en forme de boîtes inluant les vraies positions.

A.3.2.1 Reformulation des aélérations

Soit ±δγ l'inertitude présente sur les aélérations mesurées. Il est possible dans e as

de dé�nir des boîtes d'aélérations de D-dimensions omme suit,

[γj ](t) = [γj,1](t)× · · · × [γj,D](t) = [γj,1(t)− δγ , γj,1(t) + δγ ]× · · · × [γj,D(t)− δγ , γj,D(t) + δγ ].
(A.41)

De ette manière, il est possible de réérire les modèles de mobilité mentionnés i-dessus

en termes d'intervalles. Par exemple, elui du deuxième ordre est représenté omme suit,

[x̂j ]γ(t) = [x̂j ](t− 1) + [νj](t− 1)∆t+
1

2
[γj ](t)∆t

2,

[νj](t) = [νj ](t− 1) + [γj ](t)∆t.
(A.42)

La quantité δγ est soit onsidérée omme l'inertitude de mesure dé�nie par le fabri-

ant de l'instrument, ou déterminée par une proédure de alibrage de l'aéléromètre,

omme le montre la remarque 1 dans le hapitre III. Considérez que εγ,j,ℓ(t) est un

bruit gaussien de moyenne nulle ave un éart-type σγ . Par onséquent, l'inertitude

δγ pourraient être prises pour 3σγ pour garantir une probabilité de 99, 7% pour que

l'aélération réelle soit inluse dans l'intervalle onsidéré. On pourrait également pren-

dre δγ à la valeur de l'erreur maximale d'aélération enregistrée lors du alibrage. Une

autre formulation de l'estimation par intervalle est introduite dans la remarque 3 du
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hapitre III. Nous montrons également dans la remarque 2 de e même hapitre om-

ment l'on pourrait modi�er la vitesse estimée pour réduire son inertitude en ours de

loalisation.

A.3.2.2 Reformulation des �ngerprints

Dans le but de ré-érire les estimations des positions par �ngerprints, une inertitude

±δξ est introduite aux valeurs des RSSIs mesurées. En introduisant δξ, nous obtenons
[ξX j](t), le veteur RSSI en boîte pour le n÷ud j à l'instant t, et [ξP k], elui assoié à
la position de référene pk, dont les éléments sont rérit par e qui suit,

[ξX j,i](t) = [ξX j,i(t)− δξ, ξX j,i(t) + δξ],

et ,

[ξP k,i] = [ξP k,i − δξ, ξP k,i + δξ].

(A.43)

Cette quantité δξ peut être déterminée omme la taille maximale de l'intervalle om-

prenant toutes les valeurs de RSSIs mesurées étant donné une distane d. Cette quantité
est obtenue en e�etuant plusieurs mesures dans la zone de surveillane a priori du pro-

essus de loalisation.

L'estimation de positions à base de �ngerprints est ainsi reformulée en boîte omme

suit,

[x̂j]f (t) =
∑

k∈Ij(t)
[ωk]pk, (A.44)

où [ωk] est le poids en termes d'intervalles assoié à la position de référene pk, omme

suit,

[ωk] =
‖[ξX j ](t), [ξP k]‖−α

∑

u∈Ij(t) ‖[ξX j ](t), [ξP u]‖−α
,

ou,

[ωk] =
exp

(

−α‖[ξX j](t), [ξP k]‖
)

∑

u∈Ij(t) exp
(

−α‖[ξX j ](t), [ξP u]‖
) .

(A.45)

Une autre façon d'obtenir la boîte [x̂j ]f (t) onsiste à introduire une autre quantité

d'inertitude ±δxξ à l'estimée �nale x̂f,j(t). La quantité δxξ pourrait être déterminée

par l'exéution d'une proédure de loalisation préalable sur des positions de test, et en

prenant ensuite la valeur maximale d'erreur d'estimation. Par onséquene, la position

estimée est reformulée en termes d'intervalles omme suit,

[x̂j ]f (t) = [x̂f,j,1(t)− δxξ
, x̂f,j,1(t) + δxξ

]× · · · × [x̂f,j,D(t)− δxξ
, x̂f,j,D(t) + δxξ

]. (A.46)

A.3.2.3 Combinaison

La ombinaison des deux estimées peut être e�etuée en appliquant une intersetion

entre [x̂j ]f (t) et [x̂j ]γ(t) pour le n÷ud j à l'instant t. En e�et,

[x̂j](t) = [x̂j ]f (t) ∩ [x̂j ]γ(t). (A.47)
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Le entre de [x̂j ](t) donne l'estimation �nale de la position du n÷ud j à l'instant t.
Voir Figure III.2 du hapitre III pour illustration.

A.3.3 Analyse et simulations

La performane de la méthode proposée est analysée et illustrée dans une zone de

surveillane s'étendant sur un plan 100m × 100m à deux dimensions, où les anres et

les positions de référene sont déployées uniformément. Nous onsidèrons un seul n÷ud

mobile, en raison de simpliité. La trajetoire du n÷ud est générée en intégrant deux

fois les fontions d'aélérations de haque axe de R2
, où les signaux d'aélération sont

d'abord générés sur la 1ère et la 2ième
oordonnées variant sur une période de 100s

ave un intervalle de temps ∆t = 1s en utilisant la fontion sinus, omme 'est montré

dans Figure III.3 et Figure III.4. Les vitesses initiales sont réglées à zéro, e qui signi�e

que le n÷ud est supposé �xe, ave une position onnue au début de la loalisation.

Veuillez onsulter les �gures et tableaux présentés dans le hapitre III pour toutes les

simulations.

Les valeurs de RSSIs sont simulées par le modèle de perte du anal [Medeisis et Kajakas

2000a℄ exprimé i-dessous,

ξP k,i = ξ0 − 10nP log10 ‖ai,pk‖+ εξ,k,i,
ξX i(t) = ξ0 − 10nP log10 ‖ai,x(t)‖ + εξ,i(t),

(A.48)

où ξ0 est la puissane d'émission à une distane d'1m, prise à 100dBm, nP est le

paramètre du modèle de valeur 4 et εξ,k,i et εξ,i(t) sont des bruits gaussiens à moyenne

nulle ave un éart-type σξ. De la même manière, des bruits gaussiens à moyenne nulle

εγ,ℓ(t) sont ajoutés aux valeurs d'aélérations γ̃ℓ(t), ave un éart-type noté par σγ ,

γℓ(t) = γ̃ℓ(t) + εγ,ℓ(t), ℓ ∈ {1, 2}, (A.49)

A.3.3.1 Illustration générale

En utilisant la trajetoire de la Figure III.4, nous réglons le nombre d'anre NA à 49, le

nombre de points de référene NP à 196, le nombre de voisins K à 3 et les éarts-types

de bruits σγ et σξ à 0.004m.s−2
et 0.1dB respetivement. Table III.1 montre les erreurs

d'estimations en mètres en utilisant les �ngerprints seuls, les aélérations seules ave

les trois modèles de mobilité et la ombinaison. Figure III.5 montre en rouge les boîtes

estimées obtenues par notre méthode, en bleu elles obtenues par �ngerprinting, en

vert elles obtenues à partir des aélérations. Les résultats montrent que la méthode

ombinée, ave le modèle de mobilité d'ordre trois, donne les meilleures estimations.

D'où l'on appliquera le modèle trois pour la suite.

A.3.3.2 Impat des paramètres

Les performanes de notre méthode varient ave les di�érents paramètres, tels que K,

NA, NP , ainsi que le oe�ient α des poids et les éarts-types des bruits σξ et σγ asso-

iés aux RSSIs et aélérations. Pour montrer ei, nous e�etuons les simulations en
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modi�ant à haque fois l'un des paramètres et en laissant les autres �xes. Les résultats

sont illustrés dans Figure III.8 - Figure III.14 pour la trajeoire de Figure III.7. Nous

observons que lorsque K est supérieur à 2, les erreurs d'estimation sont légèrement vari-

ables, don on peut �xer K = 3 pour les simulations restantes. Pour NA et NP , l'erreur

d'estimation diminue généralement ave l'augmentation du nombre des anres ou des

positions de référene. Par ontre, l'erreur d'estimation augmente ave l'augmentation

du bruit des RSSIs σξ ou des aélérations σγ . De plus, nous onsidérons toujours que
les positions de référene sont distribuées uniformément vu que la méthode fontionne

mieux qu'ave une distribution aléatoire selon nos simulations. Finalement, nous envis-

ageons aussi les e�ets de l'expression du poids, e qui nous mène à la formule d'inversion

ave α = 2 dans les simulations suivantes. En onlusion, ça mérite de noter que la per-

formane de notre méthode ombinée utilisant les intervalles est la meilleure, omparée

aux méthodes utilisant seulement les �ngerprints ou les aélérions dans tous les as.

A.3.3.3 Comparaison ave une autre méthode

Notre méthode proposée est omparée par la suite ave une méthode basée sur les

onnetivités qui estime la position du n÷ud mobile en utilisant le �ltre partiulaire

(Monte-Carlo). La solution est proposée dans l'intersetion de tous les disques de rayon

égal à la portée r et entrés sur les anres dont les RSSIs sont supérieures à un ertain

seuil ξr assoié à la distane r [Baggio et Langendoen 2006a℄. Pour ette raison, nous

�xons K = 3, NA = 49, NP = 196, σγ = 0.001m.s−2
et σξ = 0.1dBm. Nous �xons

également le nombre de partiules à 100, et r = 15, menant à 3.33 anres détetées en

moyenne et un seuil de puissane de 53dBm ave ξ0 = 100dBm et nP = 4. Les simula-
tions montrent que la méthode basée sur les onnetivités donne une erreur d'estimation

de 3.6986m, omparée à 0.8216m pour notre méthode ombinée, tout en onsommant

1.167ms en temps de alul moyen omparé à 0.252ms pour notre méthode.

A.4 Méthode de loalisation lusterisée

La nouvelle génération de réseaux de apteurs sans �l tend à être plus �exible, robuste

et de puissane, partiulièrement pour des appliations basées sur les réseaux de grandes

éhelles. Tehniquement, l'arhiteture entralisée onsidère seulement un entre de fu-

sion qui a le r�le de traiter toutes les informations dans le réseau [Tharmarasa et al.

2011℄. Dans e as, le réseau onsomme plus d'énergie vu que toutes les informations de-

vraient être aheminées vers le entre de fusion et puis relayées de nouveau vers le réseau

dès que l'analyse et le traitement néessaire sont réalisés. En introduisant les agents

individuels, qui pourraient être des apteurs intelligents dans les réseaux, l'information

pourrait être analysée et traitée à proximité, réduisant ainsi la onsommation de om-

muniation. En outre, l'arhiteture lusterisée est généralement plus e�ae et plus

robuste à l'éhe que elle entralisée tenant ompte de plusieurs points de olletion et

de alul [Tharmarasa et al. 2011; Ferrari et Pagliari 2006℄.

Dans les réseaux lusterisés, la zone de surveillane est onstruite de plusieurs petits lus-
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ters en fontion de l'emplaement des agents individuels. Alors l'algorithme lusterisé

o�re des estimations loales en parallélisme orrespondant à haque luster, ombinées

par la suite pour l'obtention d'une estimation globale. Cette setion disutera du prob-

lème de loalisation lusterisée utilisant la tehnique des K plus prohes voisins [Chen

et Chang 2008; Aldhubaib et Shuley 2010℄ ainsi que les données inertielles [Shuler et al.

1967; Lee et Huang 2002℄, et herhant les solutions à l'aide de la théorie des intervalles

[Moore 1966; Jaulin et al. 2001b; Mourad et al. 2009b℄ et du �ltre de Kalman [Kalman

1960; Chan et al. 1979; Honghui et Moore 2002℄.

A.4.1 Con�guration du réseau

La méthode proposée onsiste à diviser la zone entière en plusieurs lusters. Cei peut

être réalisé en s'appuyant sur la on�guration des obstales dans la zone de surveillane,

ou plut�t en onsidérant des lusters de dimensions égales. Nous onsidérons que le

réseau est omposé de NA anres et NX n÷uds mobiles, dénotés respetivement par

ai = (ai,1, ..., ai,D), i = 1, ..., NA, et xj(t) = (xj,1(t), ..., xj,D(t)), j = 1, ..., NX , t étant
l'iteration atuelle et D la dimension de la zone (D = 2 ou 3). Une illustration est

fournie dans Figure IV.1 ave 4 lusters égaux, haun équipé d'une tête de luster

ou alulateur, pouvant être un ordinateur ou même un apteur ayant la apabilité de

réaliser des aluls.

Supposons qu'il existe NC lusters dans le réseau, et don NC têtes de luster dont

les oordonnées sont dénotées par h(c) =
(

h(c),1, ..., h(c),D
)

, c = 1, ..., NC . La méth-

ode étant basée sur les �ngerprints, NP (c) positions de référene sont uniformément

distribuées dans haque luster c = 1, ..., NC ; leurs oordonnées sont dénotées par

p(c),n =
(

p(c),n,1, ..., p(c),n,D
)

, n = 1, ..., NP (c). Les anres émettent ensuite des sig-

naux dans le réseau ave la même puissane initiale. De e fait, on mesure les RSSIs

aux positions de référene notées par

ξP (c),n =
(

ξP (c),n,1, ..., ξP (c),n,NA

)

, (A.50)

où ξP (c),n,i est la puissane émise par l'anre i et reçue à la position de référene p(c),n
du luster c. Telle on�guration onduit alors à une base de données de �ngerprints

omposée de NC bases loales, ayant haune NP (c) ouples omprenant les positions de

référene ave leurs veteurs de RSSIs

(

p(c),n, ξP (c),n

)

, n = 1, ..., NP (c) et c = 1, ..., NC .

Chaque base loale de �ngerprints est stokée dans la tête de luster orrespondant, pour

être utilisée après ave les données en ligne a�n d'e�etuer la loalisation.

A.4.2 L'algorithme lusterisé

Une fois que la on�guration lusterisée est e�etuée, l'algorithme proède à l'estimation

utilisant à la fois les �ngerprints et et les letures inertielles. Dans e qui suit, le problème

est résolu à l'aide de la théorie des intervalles et du �ltre de Kalman.
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A.4.2.1 Estimation par �ngerprints

Un n÷ud j en mouvement ollete les signaux émis par les anres et mesure leurs RSSIs,

obtenant un veteur de RSSIs,

ξX j(t) = (ξX j,1(t), ..., ξX j,NA(t)) , j ∈ {1, ..., NX}. (A.51)

Il envoie par la suite son veteur de RSSIs aux têtes de luster dans sa portée de

ommuniation. Soit IC j(t) l'ensemble des indies de toutes les têtes de luster reçevant
les RSSIs du n÷ud j à l'itération t. A�n de loaliser le n÷ud j, haque tête de luster
appartenant à IC j(t) applique l'algorithme des K plus prohes voisins. Les K positions

de référene donnant les K plus petites distanes ‖ξX j(t), ξP (c),n‖ sont seletionnées.

Soit IP (c),j(t), c ∈ IC j(t), l'ensemble des indies de es positions de référene. En

onséquene, haque tête de luster alule une estimée loale de la position du n÷ud

j omme suit,

x̂(c),j(t) =
∑

n∈IP (c),j(t)

ω(c),j,n(t)p(c),n, c ∈ IC j(t), (A.52)

où ω(c),j,n(t) est le poids assoié à la position de référene p(c),n pour l'estimation de la

position du n÷ud j à l'instant t, donné en termes de distanes inversées par

ω(c),j,n(t) =
‖ξX j(t), ξP (c),n‖−α

∑

u∈IP (c),j(t)
‖ξX j(t), ξP (c),u‖−α

, (A.53)

ou en termes de fontion exponentielle omme suit,

ω(c),j,n(t) =
exp

(

−α‖ξX j(t), ξP (c),n‖
)

∑

u∈IP (c),j(t)
exp

(

−α‖ξX j(t), ξP (c),u‖
) . (A.54)

Les estimées loales x̂(c),j(t) sont ensuite ombinées pour obtenir l'estimée �nale en

onsidérant les poids de haque luster. Les poids liés aux lusters, dénotés par λ(c),j(t),
sont déterminés par les puissanes ξH (c),j(t) à la réeption des signaux émis par le n÷ud

j et reçus aux têtes de luster c, omme suit,

λ(c),j(t) =
exp

(

ξH (c),j(t)
)

∑

u∈IC j(t) exp
(

ξH (u),j(t)
) . (A.55)

D'où, la première estimée globale pour le n÷ud j à l'itération t est donnée par

x̂−
j (t) =

∑

c∈IC j(t)
λ(c),j(t)x̂(c),j(k), j ∈ {1, ..., NX}. (A.56)

La ombinaison se fait à l'une des têtes de luster voisines au n÷ud.
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A.4.2.2 Estimation par mobilité

La deuxième estimée peut être obtenue similairement à la méthode entralisée. Pour-

tant, nous souhaitons dans ette setion l'étendre au as de rotation du n÷ud. En

d'autres termes, en utilisant les mesures d'aélération diretement, la méthode sup-

pose que le n÷ud ne peut pas tourner, et don que le système de oordonnées du n÷ud

reste le même que le système de oordonnées global du réseau. Cependant, les n÷uds ont

bien la possibilité de tourner en se déplaçant. Pour surmonter e problème, les n÷uds

devraient être équipés de gyrosopes, qui donnent leurs orientations par rapport au sys-

tème de oordonnées global. En 3D, un n÷ud possède trois angles de rotations, ϑj(t),
ψj(t) and φj(t), notamment elui d'autour du troisième, du premier et du deuxième axe

du système de oordonnées global respetivement, omme illustré dans Figure IV.2.

Soit γ′j,1, γ
′
j,2 et γ

′
j,3 les aélérations mesurées au n÷ud j à l'instant t dans son système

de oordonnées. Alors les aélérations γj,1, γj,2 et γj,3 dans le système de oordonnées

global sont obtenues par





γj,1
γj,2
γj,3



 = R (ϑj, ψj , φj)





γ′j,1
γ′j,2
γ′j,3



 , (A.57)

où la matrie de rotation 3D est donnée par





cos ϑj cos φj − sinϑj cosφj sinφj
cos ϑj sinψj sin φj + sinϑj cosψj − sinϑj sinψj sinφj + cos ϑj cosψj − sinψj cos φj
− cosϑj cosψj sinφj + sinϑj sinψj sinϑj cosψj sinφj + cosϑj sinψj cosψj cos φj



 .

(A.58)

En 2D, la rotation se produit uniquement dans le plan ave l'angle de rotation ϑj étant
donné que φj = ψj = 0, ainsi les aélérations dans le repère global sont obtenues par

(

γj,1
γj,2

)

=

(

cos ϑj − sinϑj
sinϑj cos ϑj

)(

γ′j,1
γ′j,2

)

. (A.59)

Ainsi à haque instant, le n÷ud mesure ses aélérations et ses orientations à l'aide de

son aéléromètre et son gyrosope. Ses aélérations dans le repère global sont ensuite

alulées pour être utilisées par la suite dans les équations de mobilité a�n d'obtenir la

deuxième estimée de position x̂+
j (t).

Dans e qui suit, nous illustrons la façon de ombiner les deux estimées, à l'aide de la

theorie des intervalles ainsi que le �ltre de Kalman.

A.4.2.3 Résolution par la théorie des intervalles

La solution par intervalles tient à aluler la première estimée de position utilisant les

RSSIs en termes de boîte, à orriger ensuite par la deuxième estimée aussi en termes de

boîte utilisant les informations d'inertie.

Soient [ξP (c),n], c = 1, ..., NC et n = 1, ..., NP (c), les boîtes de puissane de référene

dé�nies similairement à la méthode entralisée à l'aide de l'inertitude ±δξ. De la même
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manière, [ξX j](t), j = 1, ..., NX , dénotent les boîtes de puissane en ligne. D'après

les distanes en termes intervalles ‖[ξX j](t), [ξP (c),n]‖, les K indies de positions de

référene donnant les plus petis entres des intervalles sont séletonnés a�n de dé�nir

l'ensemble IP (c),j(t). Les estimées loales [x̂(c),j ](t) sont redonnées par,

[x̂(c),j ](t) =
∑

n∈IP (c),j(t)

[ω(c),j,n](t)p(c),n, c ∈ IC j(t), (A.60)

employant les poids [ω(c),j,n](t) en termes d'intervalles. Alors, la première estimée glob-

ale en boîte pour le n÷ud j est donnée en omptant les poids en intervalles [λ(c),j ](t)
par

[x̂−
j ](t) =

∑

c∈IC j(t)
[λ(c),j ](t)[x̂(c),j ](t), j ∈ {1, ..., NX}. (A.61)

La deuxième estimée en boîte peut être obtenue en introduisant une inertitude ±δγ
aux aéléraitons. L'estimation [x̂+

j ](t) peut être reformulée à l'aide de δγ en termes

des intervalles de la même façon que dans la setion A.3.

Ayant les deux estimées en termes d'intervalles pour le n÷ud j à l'itération t, on peut

aluler l'estimée �nale par l'intersetion des deux boîtes à haque instant omme i-

dessous,

[x̂j ](t) = [x̂−
j ](t) ∩ [x̂+

j ](t). (A.62)

L'estimation de la position exate est aussi donnée par le entre de la boîte estimée.

A.4.2.4 Résolution par le �ltre de Kalman

La ombinaison peut également être e�etuée en utilisant le �ltre de Kalman, qui permet

une estimation linéaire sur la base du ritère des moindres arrés [Kalman 1960℄. L'état

inonnu est ii dé�ni par la position du n÷ud xj(t) et sa vitesse νj(t), en d'autres termes

l'état Xj(t) est donné par (xj(t)
Tνj(t)

T )T . L'idée de base du �ltre de Kalman est de

prédire l'état inonnu en utilisant les équations de mobilité, employant les aélérations,

puis de le orriger en utilisant les observations, dé�nies ii par la 1ère estimation globale

obtenue en utilisant les �ngerprints. Le problème d'après Kalman est alors donné par

Xj(t) = AXj(t− 1) + uj(t) + ζj(t),

x̂−
j (t) = CXj(t) + εj(t),

(A.63)

où ζj(t) ∼ N (0, V ) est le bruit du modèle d'état ayant une distribution normale à

moyenne nulle, ave la matrie de ovariane V de taille (2D× 2D), et εj(t) ∼ N (0, R)
est le bruit de l'équation d'observation ayant une distribution normale à moyenne nulle,

ave la matrie de ovariane R de taille (D ×D).
Dans notre ontexte, nous dé�nissons la matrie de transition d'état A et le veteur

d'entrée de ommande bruitée uj(t) selon les modèles de mobilité. La matrie d'observation

C est une matrie de taille (D ∗ 2D) donnée par la matrie identité ID omplétée par

des zéros. Ayant dé�ni les paramères des équations du �ltre de Kalman, nous pouvons

alors proéder à la phase de prédition en utilisant l'estimée préédante et l'équation

d'état et à la phase de orretion à l'aide de l'équation d'observation.

169



A. APPENDIX: RÉSUMÉ EN FRANÇAIS

A.4.3 Analyse et simulations

Nous présentons ii les performanes de la méthode proposée. Pour ette raison, nous

onsidérons une zone de surveillane en 2D de dimensions 100m × 100m, divisée en

NC lusters qui sont tous égaux, ave les têtes de luster à leurs entres. NA anres et

NP positions de référene sont distribués régulièrement dans le réseau, produisant

NP
NC

positions de référene dans haque luster. Les veteurs RSSI sont également données

par le modèle de perte du anal [Medeisis et Kajakas 2000b℄ omme suit,

ξP (c),n,i = ξ0 − 10nP log10 ‖ai,p(c),n‖,
ξX i(t) = ξ0 − 10nP log10 ‖ai,x(t)‖,
ξH (c)(t) = ξ0 − 10nP log10 ‖h(c),x(t)‖.

(A.64)

Des bruits gaussiens ave l'éart-type σξ sont ajoutés à tous les RSSIs présentés i-

dessus. Des bruits gaussiens ave les éarts-types σγ et σθ sont également ajoutés

respetivement aux valeurs d'aélérations et aux angles en as de rotation.

A.4.3.1 Illustration générale

Figure IV.7 montre les trajetoires estimées par intervalles et Kalman ainsi que leurs

boîtes estimés dans le as où NC = 4, NA = 16, NP = 100, K = 3, α = 2, σγ =
0.01m/s2 et σξ = 1dBm. Table IV.1 montre les erreurs d'estimation en mètres et

le temps de alul moyen en milliseondes par itération. Comme on s'y attendait, la

méthode ombinée onduit à des résultats plus préis au prix de l'augmentation du

temps d'estimation, qui reste quand même très faible. Le tableau montre également

que le modèle de troisième ordre e�etue des meilleurs résultats que les autres. Dans e

qui suit, nous onsidérons les modèles du deuxième ordre et du troisième ordre dans la

méthode proposée et elle basée uniquement sur les aélérations.

A.4.3.2 Impat des paramètres

Comme à l'analyse de la méthode entralisée, nous étudions également les impats de

tous les paramères, K, NC , NA, NP , α, σγ et σξ en omparant les erreurs et le temps

de alul à la fois, entre les deux modèles de mobilités. Les résultats sont illustrés dans

Figure IV.9 - Figure IV.14. En observant les résultats, nos deux approhes dépassent les

autres méthodes en partiulier ave le modèle de mobilité du troisième ordre. Notons

également que les simulations ave K = 3, NC = 4 et α = 2 donnent de meilleurs

résultats; nous les �xons alors à es valeurs pour les simulations suivantes. L'erreur

d'estimation par rapport à NA et NP diminue ave l'augmentation du nombre, au

détriment du temps de alul qui augmente légèrement.

Par ailleurs, ave l'augmentation des éarts-types des bruits, les erreurs augmentent

également. Nous explorons par la suite la performane par rapport aux di�érentes dis-

tributions des bruits omme indiqué dans Table IV.2. En partiulier, nous onsidérons

le as de rotation en 2D ave l'éart-type du bruit d'angle de rotation σθ, les résultats
étant indiqués dans Table IV.3. D'après es résultats, la méthode donne de bons ré-

sultats même ave di�érentes distributions du bruit d'aélération et aussi dans le as
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de rotation. En outre, l'approhe fondée sur Kalman est légèrement plus performante

que elle basée sur les intervalles, en partiulier ave le modèle de mobilité de troisième

ordre.

A.4.3.3 Comparaison à d'autres méthodes

Il existe une variété de méthodes de loalisation proposées dans la littérature. Dans

Table IV.4 et Table IV.5, nous e�etuons une omparaison de notre méthode à des

méthodes basés sur l'estimation de la distane inter-apteurs, telles que les algorithmes

appliquant la latération, le min-max [Priwgharm et Chemtanomwong 2011℄ ou le �l-

tre partiule [Farmani et al. 2012℄ en variant le bruit σξ et le nombre d'anres NA

respetivement. Évidement, notre méthode dépasse la préision des autres méthodes.

Nous proédons ensuite à une omparaison à une méthode basée sur les onnetivités

utilisant l'approhe de Monte-Carlo [Baggio et Langendoen 2006b℄. Pour ette raison,

�xons NA = 49, NP = 196, σγ = 0.001m/s2 et σξ = 0.1dBm. Du �té de Monte-Carlo,

nous prenons le nombre de partiules N = 100 et la portée de détetion r = 15m.

La méthode basée sur les onnetivités donne une erreur d'estimation de 3.7989m, à

omparer à 1.0554m et 0.9031m ave notre méthode proposée par intervalles et Kalman

respetivement. Le temps de alul passe de 2.167ms, à 0.1609ms et 0.1547ms ave

notre méthode. Figure IV.15 montre les erreurs d'estimation relatives, ainsi que le

temps de alul, de notre méthode à base de Kalman sur elle basée sur les onnetivités

par rapport au nombre d'anres dans le réseau ave NP = 100 (le seul paramètre qui

hange).

En�n, la méthode proposée est omparée à des méthodes utilisant les �ngerprints, tels

que les algorithmes du plus prohe voisin (NN), des K plus prohes voisins (KNN)

[Navarro et al. 2010; Chuenurajit et al. 2013℄, Fuzzy K voisins les plus prohes (FKNN)

[Rozyyev et al. 2012℄, Fuzzy Clusters (FC) [Liu et al. 2012℄, Fuzzy C-Means lustering

(FCM) [Suroso et al. 2011℄, ainsi que les méthodes basées sur les réseaux de neurones

(NNet) [Gogolak et al. 2011℄, les Support Vetor Mahines (SVM) [Farjow et al. 2011℄

ou la Ridge Regression (RR) [Mahfouz et al. 2013℄. Table IV.6, Table IV.7 et Table IV.8

montrent les erreurs d'estimation pour es diverses méthodes en variant l'éart-type du

bruit RSSI σξ, le nombre d'anres NA et le nombre de points de référene NP respe-

tivement. Parmi es nombreuses méthodes, nos méthodes proposées sont onsidérées

généralement supérieures que les aures en terme de préision d'estimation de loalisa-

tion.

A.5 Extension au zonage

Dans les appliations de sénarios indoors, on herhe parfois à déterminer la pièe ou la

zone où un objet réside, au lieu de onnaître sa position préise. Ce type de loalisation

s'appelle zonage, dit aussi loalisation au niveau de la pièe. Le zonage sert aux tâhes

de surveillane de l'habitat, les détetions&rapports des onstrutions intelligentes et

au suivi de ibles [Stojmenovi 2005; Shiller et Voisard 2004; Krisp 2013℄. Beauoup de
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travaux se dirigent vers la loalisation par zonage, nous en itons les méthodes basées

sur un trigger d'entrée [Noury et al. 2002; Lo et al. 2012℄, les méthodes basées sur les

RSSIs et la ompensation path-loss, ou le hemin restreint [D'hoe et al. 2008; Chiu et al.

2009℄, ainsi que les méthdes très onnues basées sur les probalibités et la lassi�ation

par SVM [Castro et al. 2001; Hotta et al. 2012℄.

Dans ette setion, nous proposons une approhe originale e�etuant du zonage, basée

sur la tehnique de la reonnaissane de zone basée sur les �ngerprints, ainsi que

l'information de mobilité. Le problème d'estimation est résolu à l'aide des intervalles

et de la théorie des fontions de royane, qui nous permet de désigner des fateurs de

on�ane à toutes les solutions possibles.

A.5.1 Théorie des fontions de royane

Les fateurs de on�ane sont introduits par la théorie des fontions de royane (TFC,

ou the Belief Funtions Theory, BFT), dite aussi la thérorie de Dempster-Shafer (the

Dempster-Shafer theory) [Shafer et al. 1976; Dempster 1967℄. Celle-i est omplétée par

un adre onnu sous le nom du Modèle des royanes transférables (Transferable Belief

Model, TBM) [Smets et Kennes 1994℄, onsidéré omme un outil mathématique e�e-

tuant la fusion de données issues de soures di�érentes telle que la fusion d'informations

multi-apteurs [Denoeux 1997; Lefevre et al. 2002; Risti et Smets 2005℄. Dans notre

appliation, elle nous permet de ombiner toutes les possibilités en onsidérant les on-

�anes assoiées aux zones estimées des n÷uds.

A.5.1.1 Desription de la théorie

Considérons un système quelonque dont on herhe à déterminer l'état x dé�ni dans

le domaine Ω = {ω1, ..., ωn}. Ω est onnu sous le nom de adre de disernement ave

{ωi}ni=1 disrètes. L'ensemble des parties de Ω est noté par,

2Ω = {∅, {ω1}, ...,Ω}. (A.65)

Toutes les mesures onernant l'état x sont onsidérées omme des soures d'informations

dans la TFC. Ces soures o�rant des on�nanes peuvent être représentées de di�érentes

manières dans le adre du TBM, dont la plus utilisée est la Fontion de Masse de Croy-

ane (FM), notée généralement mΩ
S , et donnée par

mΩ
S : 2Ω → [0, 1], A 7→ mΩ

S (A), satisfaisant,

ΣA∈2Ωm
Ω
S (A) = 1,

(A.66)

où S représente la soure d'information dont est issue mΩ
S . La masse mΩ

S (A), orrespond
à la royane aordée par la soure S à l'hypothèse selon laquelle l'état x existe dans A.
Tous les sous-ensembles A de Ω satisfaisant mΩ(A) > 0 sont appelés ensembles foaux.

Notez que, dans le as de Ω = R, ou Ω = Rn
les éléments foaux seront en termes des

intervalles, ou des pavés de n dimensions [Moore et Moore 1979; Jaulin et al. 2001a℄.
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Une fois les informations issues de di�érentes soures sont disponibles, on peut les

intégrer par des opérateurs de ombinaison permettant d'obtenir une information plus

�able et onentrée sur l'état reherhé [Smets 1993℄. Soient m1 andm2 deux FMs issues

de deux soures distintes et �ables S1 and S2. Une règle de ombinaison onjontive,

notée CRC (Conjuntive rule of onbination) est dé�nie omme suit,

m
1 ∩ 2

(A) = (m1 ∩m2)(A) = Σi,j|Bi∩Cj=Am1(Bi)m2(Cj), ∀A ⊆ Ω. (A.67)

Notez que la règle de CRC est ommutative et assoiative. Si les soures d'informations

sont on�ituelles, ils peuvent en résulter des intersetions vides. La dé�nition de

m
1 ∩ 2

(·) peut être suivie par une proédure de normalisation a�n d'obtenir une FM

dont la somme est égale à un.

En outre, la règle de ombinaison disjontive (DRC, Disjunvtive rules of ombination)

est alternativement utilisée pour ombiner deux FMs distintes dans le as où au moins

une est �able. La ombinaison des deux FMs m1 et m2 selon la DRC est donnée par

m
1 ∪ 2

(A) = (m1 ∪m2)(A) = Σi,j|Bi∪Cj=Am1(Bi)m2(Cj), ∀A ⊆ Ω. (A.68)

Notez que la FM obtenue par CRC est plus informative que m1 et m2 en raison que

la règle transfère les masses des éléments foaux vers des ensembles de ardinalité plus

petite. Par ontre, la FM obtenue de la DRC est moins informative en raison d'un e�et

de généralisation.

Au sujet de la prise de déision, plusieurs régles de déision sont utilisées, telles que le

maximum de masse de royane, le maximum de plausibilité, le maximum de probabilité

pignistique, et [Denoeux 1997℄. Citons un exemple de la probabilité pignistique notée

par BetP , qui est une distribution de probabilité alulée à partir de mΩ
en utilisant

la transformation pignistique [Smets et Kennes 1994℄. Soit mΩ
une FM assoiée à Ω et

A1, ..., Ar les ensembles foaux de m
Ω
. La transformation pignistique onsiste à répartir

uniformément la masse des ensembles Ai, i ∈ 1, ..., r omme suit,

BetP (ωk) = Σi|Ai⊆Ω,ωk∈Ai
mΩ(Ai)

|Ai|
, (A.69)

où |Ai| dénote le ardinal de Ai. Dans le as où Ω = R, les éléments foaux sont en

termes des intervalles [x]1, ..., [x]r , alors la probabilité pignistique est redonnée par la

fontion de densité omme suit,

BetP (x) = Σr
i=1I[x]i(x)

mΩ([x]i)

|[x]i|
, (A.70)

où I[x]i(x), la fontion indiatrie, expliite l'a�liation de x à [x]i ave I[x]i(x) = 1 ou

non ave I[x]i(x) = 0. |[x]i| est la largeur de l'intervalle [x]i.
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A.5.2 Algorithme de zonage

Dans le adre du zonage, nous olletons les informations de �ngerprints ainsi que

les informations d'inertie dans le réseau omposé de zones indépendantes, telles que des

bureaux, des salles de lasses, des ateliers ou des ouloirs, l'objet à loaliser se déplaçant

librement à travers toutes les zones. Les informations sont utilisées pour addresser le

problème du zonage à l'aide de la théorie des intervalles [Jaulin et al. 2001a℄ et la théorie

des fontions de royane [Smets et Kennes 1994℄.

A.5.2.1 Con�guration du réseau

La méthode proposée est une tehnique entralisée basée sur les mesures de RSSIs des

signaux émis par les anres. Considérons une région de surveillane de RD
omposée

de NZ zones indépendantes ayant toute les mêmes dimensions. Les zones sont dénotées

par un attribut de D éléments (z1, ..., zD), où zd ∈ {1, ..., nZd} désigne le numéro de

la zone projetée sur la diretion d, d ∈ {1, ...,D}, ave nZd la valeur maximale de zd
et NZ = Πd=D

d=1 nZd . Comme la méthode entralisée de loalisation, nous onsidérons

dans le réseau les anres ai = (ai,1, ..., ai,D), i ∈ {1, ..., NA}, ave les n÷uds mobiles

xj(t) = (xj,1(t), ...,xj,D(t)), j ∈ {1, ..., NX}. Pour déterminer l'attribut zxj (t) =
(zxj,1(t), ..., zxj,D (t)) de la zone où le n÷ud j se trouve `a l'instant t, nous e�etuons
la olletion des données de �ngerprints par avane en introduisant les NP positions

de référene pk = (pk,1, ..., pk,D) , k ∈ {1, ..., NP }, ave leurs attributs de zones zpk =
(zpk,1 , ..., zpk,D ), k ∈ 1, ..., NP . Un exemple du réseau de 2 dimensions ayant neuf zones

est illustré dans Figure V.2, où nZ1 = nZ2 = 3.

Les anres émettent par la suite des signaux radios dans le réseau ave la même puissane

initiale. La base de données des RSSIs est ainsi onstruite en mesurant les RSSIs

ξP k,i à la réeption aux positions pk, k ∈ {1, ..., NP }, des signaux émis par les anres

ai, i ∈ {1, ..., NA}. Notons le veteur de RSSIs ξP k, de taille NA, olletées à la position

pk, alors

ξP k = (ξP k,1, ..., ξP k,NA), k ∈ {1, ..., NP }. (A.71)

En onséquene, la base de données de �ngerprints est omposée deNP ouples (ξP k,zpk),
où les attributs de zones des points de référene sont onsidérés et non pas leurs posi-

tions exates. Cei failite la onstrution de la base de données, à omparer ave les

méthodes préédentes.

A.5.2.2 Zonage par �ngerprints

Comme la méthode entralisée, lorsque n÷ud j se déplae à travers le réseau, il mesure

les RSSIs des sigaux reçus des anres, désignés omme suit,

ξX j(t) = (ξX j,1(t), ..., ξX j,NA(t)), j ∈ {1, ..., NX}. (A.72)

LesK points de référene fournissant lesK plus petites distanes de puissane ‖ξX j(t), ξP k‖,
k ∈ 1, ..., NP , sont séletionnées. Soit Ij(t) l'ensemble de leurs indies. L'estimation de
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zone est par la suite alulée en utilisant les attributs de zones des postitions séletion-

nées omme suit,

ẑxj,d(t) =
∑

k∈Ij(t)
ωj,k(t)zpk,d , d ∈ {1, ...,D}, (A.73)

où ωj,k(t) est le poids alulé par la version à l'inverse des distanes eulidienne donnée

dans le hapitre III, en prenant α = 2.

Les quantités ẑxj,d(t), d ∈ {1, ...,D}, sont les estimées des oordonnées de zones selon les

diretions d de la région de surveillane de D dimensions. Cependant, ẑxj,d(t) obtenue
n'est pas forément un nombre entier. Pour ette raison, nous introduisons zxj,d(t) et
zxj,d(t) qui représentent les entiers respetivement préédant et suivant ẑxj,d(t). Alors

z̃xj,d(t), l'estimée entière de la vraie oordonnée de zone zxj,d(t) du n÷ud j à l'instant

t est redonnée par deux valeurs z̃xj,d(t) ∈ {zxj,d(t), zxj,d(t)}. La ombinaison des dif-

férentes valeurs de z̃xj,d(t) fournit 2D attributs estimés pour la vraie zone du n÷ud.

Basée sur la TFC, l'approhe proposée onsiste alors à supposer le alul par �nger-

printing omme une soure d'information, donnant une fontion de masse mf j,t(·) ayant
2D attributs ou éléments foaux. Soit z̃xj (t) =

(

z̃xj,1(t), ..., z̃xj,D (t)
)

l'un des estimés,

alors mf j,t(·) est dé�nie par

mf j,t

(

z̃xj (t)
)

=

d=D
∏

d=1

(

1−
∣

∣z̃xj,d(t)− ẑxj,d(t)
∣

∣

)

. (A.74)

Notamment, la quantité mf j,t

(

z̃xj (t)
)

représente la royane allouée à l'estimée de

l'attribut de zone z̃xj (t). Plus l'élément ẑxj,d(t) est prohe de z̃xj,d(t), plus
∣

∣z̃xj,d(t)− ẑxj,d(t)
∣

∣

est petite, et don plus la royane aordée à z̃xj,d(t) devrait être grande. L'estimation

en utilisant les �ngerprints est à ombiner ave elle issue de l'aélérometre a�n d'a�ner

les hoix.

A.5.2.3 Zonage par mobilité

Les boîtes de positions [x̂j ](t) sont générées au fur et à mesure de la même façon que

dans la setion A.3.2.1. Les estimées de la zone du n÷ud j à l'instant t sont alors

obtenues en intersetant [x̂j ](t) ave toutes les zones de la région de surveillane. Nous

dé�nissons ii la deuxième fontion de masse mγ j,t(·), dont les éléments foaux sont

les attributs des zones ayant une interssetion ave [x̂j ](t), ave leurs masses assoiées

dé�nies en fontion de la surfae de l'intersetion entre [x̂j](t) et haque zone, omme

illustré en détail dans la Figure V.3.

A.5.2.4 Combinaison

Une fois les deux fontions de masses obtenues, il nous reste la proédure de ombinaison

en utilisant la règle onjontive. Premièrement, les attributs de zones estimés par �n-

gerprints sont pris en intersetion ave eux de l'aéléromètre. Ensuite, les masses liés
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aux attributs résultants sont obtenues par la multipliation des masses orrespondantes

omme suit,

m∩ j,t

(

z̃xj (t)
)

= mf j,t

(

z̃xj (t)
)

∗mγ j,t

(

z̃xj (t)
)

, (A.75)

où z̃xj (t) =
(

z̃xj,1(t), ..., z̃xj,D (t)
)

est l'attribut de zone ompris parmi les zones estimées

par �ngerprints et aéléromètre. Notez que dans le as de on�it entre mf j,t(·) et

mγ j,t(·), le alul de m∩ j,t(·) doit être suivi par une phase de normalisation pour que

Σm∩ j,t(·) = 1. La fontion de masse globale possède alors une ou plusieurs zones

ave des on�anes leur orrespondant. Plus la masse d'une zone est grande, plus la

possibilité d'avoir le n÷ud j dedans est grande. Une liste de zones possibles est alors

fournie, ave un ordre de priorité qui est le sens desendant de leurs masses.

A.5.3 Analyse et simulations

Les performanes de notre méthode de zonage sont illustrées dans ette partie. Pour

ette raison, nous onsidérons une région sous surveillane de 100m × 100m omposée

de NZ zones où les anres et les positions de référene sont déployées uniformément.

Les données de deux signaux d'aélérations et la trajetoire sont simulées de la même

manière que préédement; elles sont montrées respetivement dans Figure V.4 et Fig-

ure V.5 ave 16 anres et 81 positions de référenes. Les valeurs de RSSIs, ξP k,i et

ξX i(t) sont également générées en utilisant les distanes ‖ai,pk‖, ou ‖ai,x(t)‖ selon

le modèle de perte du anal, ave la puissane de transmission ξ0 = 100dBm mesurée

à la distane d0 = 0.1m. On ajoute aux RSSIs des bruits gaussiens εξ,k,i et εξi(t)
de moyenne nulle et d'éart-type σξ. On ajoute également aux aélérations un bruit

gaussien εγd(t)de moyenne nulle et d'éart-type σγ omme suit,

γd(t) = γ̃d(t) + εγd(t), d = 1, 2. (A.76)

A.5.3.1 Illustration génénale

Pour démontrer la performane de notre méthode, nous prenons NA = 16, NP = 81,
NZ = 9 et K = 3. Ave NZ = 9, nZ1 = nZ2 = 3. σξ est réglé de 1% à 10% de

l'éart-type de la base de donnée des RSSIs ξP et ξX , et σγ est également réglé de 1%
à 10% de l'éart-type de l'aélération γ. Les résultats du zonage sont enregistrés dans

Table V.1 en termes du taux de bonnes réponses ou hitting rate sur les 100 positions

du n÷ud ave des valeurs di�érentes de σξ et σγ . Il est lair que la méthode proposée

donne de bons résultats même ave des bruits grandissants.

A.5.3.2 Impat des paramètres

Nous explorons ensuite les impats des paramères, tels que le nombre des zones NZ ,

le nombre de positions de référene NP , le nombre des anres NA et les éarts-types

des bruits σγ et σξ. En utilisant la trajetoire de Figure V.5, les résultats obtenus sont

montrés dans Table V.2 ∼ Table V.6. À partir des résultats, l'erreur d'estimation par

rapport à NA et NP diminue ave l'augmentation du nombre, au détriment du temps de
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alul qui augmente légèrement. Par ontre, l'erreur d'estimation par rapport à NZ , σγ
et σξ augmente ave l'augmentation de leurs valeurs. Toutefois, notre méthode améliore

la préision de zonage par rapport à l'utilisation d'un seul type de mesures, pour tous

les deux as ave 1 zone proposée et 2 zones.

A.5.3.3 Comparaison aux méthodes de lassi�ation par SVM

Le problème du zonage peut être vu omme un problème de lassi�ation, où l'on

herhe à déterminer la lasse ou zone d'appartenane du n÷ud mobile. Une tehnique

de lassi�ation universelle est onnue omme le support vetor mahine (SVM) basée

sur les noyaux [Sangnier et al. 2013; Tsohantaridis et al. 2004℄. De e point de vue,

nous omparons notre méthode proposée et elle basée sur les SVM à noyaux, ainsi

que elle des SVMs struturés [Alain Rakotomamonjy 2008; Thorsten Joahims 2008℄.

Table V.8 montre les résultats de simulations en termes de taux de bonnes réponses

sur les 100 positions du n÷ud pour 50 tentatives. D'après es résultats, la méthode de

�ngerprinting et la méthode ombinée dépassent en performane les méthodes de SVM.

En outre, le fait de fournir un seond hoix de zones réalise un taux de quasi-100% dans

le as où le premier hoix est erronné.

A.6 Conlusion et perspetives

La reherhe sur les tehniques de loalisation dans les réseaux de apteurs sans �l a

été développé depuis une vingtaine d'années, fournissant toutes sortes d'idées, d'essais,

même d'implémentation au ours de es années. Ce manusrit a présenté plusieurs

tehniques d'estimation d'état pour les réseaux de apteurs sans �l, en utilisant les in-

formations de �ngerprints et d'aélérations. Il a abordé les problèmes de la loalisation

indoor et du zonage dans le adre de l'analyse par intervalles. Dans la suite, les méth-

odes de loalisation proposées sont brièvement révisées, suivies par les perspetives de

nos travaux.

A.6.1 Conlusion

Les méthodes proposées se situent autour du onept de l'inertitude sur les positions

estimées. Elles visent à rassembler toutes les estimations de positions dans une boîte

inluant sûrement la vraie position du apteur. Elles sont résumées omme suit,

• Ce manusrit ommene ave une on�guration de réseau relativement simple où

une loalisation entralisée est autorisée à être mise en ÷uvre. Dans e réseau, il

existe deux types de apteurs, des anres ave des positions onnues et des n÷uds

mobiles ave des positions inonnues. En utilisant les positions de référene, la

méthode de �ngerprintings loalise alors le n÷ud mobile en utilisant la puissane

du signal reçu et la reonnaissane de formes de position. En même temps, les

n÷uds mobiles équipés d'aéléromètres fournissent également des informations

de mobilité, telles que les aélérations. Selon les modèles de mobilité proposées,
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les positions de n÷uds sont failement alulées. En onsidérant les bruits inévita-

bles existants à l'intérieur ou à l'extérieur, les estimations exates sont indéter-

minées. La méthode proposée introduit alors l'inertitude sur les mesures, les

puissanes des signaux et les aélérations, onduisant à des estimations en boîtes

dans laquelle les positions réelles sont supposées inluses. Ayant deux boîtes de

positions estimées, haune déduite d'un type de mesures, la méthode proposée en

prend l'intersetion réduisant par onséquent la gamme de possibilités. La boîte

mise à jour sert alors à la loalisation dans la prohaine estimation.

• Un système de loalisation lusterisée est également développé. Il se distingue

par la on�guration du réseau par rapport à la méthode entralisée. En e�et,

il proède à la olletion de �ngerprints dans un adre lustérisé, où la zone de

surveillane est divisée en plusieurs blos individuels ave des agents individuels

ou entres de alul. Les estimations exeutées aux agents individuels onduisent

à plusieurs estimations loales des emplaements des n÷uds. Leur ombinaison

utilisant les poids des blos onduit à une estimation globale. Ce régime onsidère

en outre les informations inertielles des n÷uds , fournies par les aéléromètres et

les gyrosopes, en onsidérant la rotation du n÷ud, e qui se produit normalement

lorsque les n÷uds se déplaent ou même restent statiques. A part la solution

par l'analyse par intervalles, nous proposons une méthode basée sur le �ltre de

Kalman utilisant respetivement les informations de RSSIs et d'aélérations pour

l'observation et la prédition.

• Le zonage, ou loalisation par pièe, est onsidéré dans la dernière partie. L'idée de

loalisation proposée est étendue au adre du zonage, où la surfae de surveillane

entière est divisée en plusieurs zones, ou en unités. L'objetif est de retrouver

la zone à laquelle appartient l'objet mobile. De même que pour la loalisation

entralisée, le proédé de zonage e�etue la ollete de �ngerprints sur toutes les

zones, et puis applique l'algorithme des K plus prohes voisins en utilisants les

RSSIs du n÷ud mobile. Au lieu d'utiliser les positions de voisins, l'algorithme

proposé utilise leurs attributs de zones pour faire estimer les zones onernées.

En même temps, les n÷uds déduisent leur addresses de zones en utilisant les

informations inertielles et la tehnique d'analyse par intervalles. En ajoutant une

inertitude sur les valeurs d'aélérations mesurées, la position alulée s'avère

être aussi en termes d'intervalles, à savoir boîtes ave ertaines surfaes sur des

zones spéi�ques. En utilisant la théorie des fontions de royane, les mesures

onduisent à des ensembles de zones possibles, ave des fateurs de on�ane

assoiés. La ombinaison selon la règle onjontive rétréit les possibilités de zones

où les n÷uds résident. En général, la méthode de zonage proposée o�re deux hoix

de zones estimées dans un ordre spéi�que, assurant un taux de bonnes réponses

de plus de 90% pour le premier hoix, et jusqu'à 100% pour le deuxième hoix

quand le premier est erronné.

Les performanes des méthodes proposées sont analysées ave di�érents réglages de

paramètres. Elles sont également omparées à d'autres méthodes ave diverses on-
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�gurations de réseaux. D'une manière générale, les méthodes proposées réalisent une

meilleure préision de loalisation et un oût de alul plus faible dans la plupart des

as. Toutefois, les désavantages existent, et restent à être disutés dans la suite.

A.6.2 Perspetives

Les méthodes de loalisation proposées visent à loaliser un n÷ud mobile aussi préisé-

ment que possible mais ave un temps et une onsommation d'énergie aussi faibles que

possible. Le onept de ombinaison de di�érents types d'informations et l'analyse par

intervalles fournissent une solution possible pour réaliser et objetif. Cependant, les

méthodes proposées ont enore quelques aspets à améliorer et travailler à l'avenir.

• Séletion du KNN : Il existe parfois des as où les K plus prohes voisins séle-

tionnés ne soient pas les bons. En d'autres termes, ertaines des positions les plus

prohes géographiquement sont exlues de l'ensemble des voisins quand ils sont

trop près d'une anre par rapport aux autres omme indiqué dans la Figure V.6.

Ce problème entraîne un léger biais dans l'estimation de la position �nale pour

le problème de loalisation. Il pourrait toutefois donner une adresse fausse au

niveau du zonage. En fait, ei est issu de la nature de la relation logarithmique

existante entre les RSSIs et les distanes séparant deux apteurs. Pour remédier

à e problème, on pourrait travailler sur l'optimisation des positions de référene

par rapport aux anres à l'avane.

• Caluls sur les intervalle : Comme disuté dans la setion A.3 lors du alul

des fateurs de poids, il existe ertains problèmes sur l'opération de division en

termes d'analyse par intervalles. D'une part, il n'est par possible de diviser par

un intervalle omprenant le zéro, sinon ei onduit à une valeur de poids in�nie.

Une question similaire relève aussi des inertitudes δγ et δξ. En fait, il existe un

ompromis entre l'inertitude et la préision des estimations �nales. Se elles sont

beauoup plus petites que les valeurs normales, les estimations en boîte n'inluent

pas la position réelle pour ertains points. Si, ependant, elles sont réglées pour

être beauoup plus grandes, les boîtes sont sans signi�ation puisque elles seront

trop larges. Ces problèmes restent don à être traités dans l'avenir.

• Choix entre les deux types d'estimées : Les algorithmes proposés onsidèrent

l'intersetion des estimées par �ngerprinting et aélérations. Toutefois, si es

données sont on�ituelles, l'intersetion s'avère vide. Dans e as, les algorithmes

adoptent une stratégie de pik-up hoisissant l'une ou l'autres des estimations

individuelles. En pratique, on suppose que la méthode de �ngerprintings est

plus �able que la méthode d'aéléromètre puisque un brusque hangement au

ours des mesures des aélérations peut-être onduit à un résultat inattendu.

Par onséquent, lorsque les boîtes estimées ne se roisent pas, les résultats de

�ngerprintings seront adoptés. Toutefois, ette mesure fait parfois des erreurs

plus importantes. Il arrive aussi, même quand l'intersetion existe, d'obtenir
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une erreur �nale plus grande que l'erreur d'une des deux estimations. Ainsi, la

stratégie d'aepter ou de refuser le résultat reste à être disutée.

• Problème de zonage : L'algorithme proposé suppose que les zones sont égales,

e qui permet d'adresser le problème en utilisant l'algorithme de KNN sur les

zones de référene. Cependant, dans les vrais sénarios, les zones sont les pièes,

les bureaux, les ouloirs ou autres, ayant des arhitetures et des dimensions dif-

férentes. Une solution possible onsiste à diviser l'espae entier en zones égales,

indépendamment de l'arhiteture globale, ou hoisir les dimensions spéi�ques

pour les zones, e qui permet une subdivision de toutes les pièes en zones égales.

Les travaux futurs dans le adre du zonage porteront sur le problème de la las-

si�ation où la struture quelonque de l'espae pourrait être manipulée.
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Localisation indoor dans les réseaux de 

capteurs sans fil 
 

 

Ce manuscrit est dédié à la résolution du problème 

de localisation dans les réseaux de capteurs sans fil 

mobiles. Les méthodes développées se basent prin-

cipalement sur des caractéristiques de fingerprints 

ainsi que sur des informations de mobilité. Les pre-

mières s'attaquent aux valeurs de RSSI entre cap-

teurs tandis que les deuxièmes prennent en considé-

ration la mobilité des capteurs mesurée à l'aide 

d'accéléromètres et de gyroscopes. La combinaison 

des données collectées est effectuée dans le cadre 

de l'analyse par intervalles, ou bien du filtrage de 

Kalman. Les travaux proposés introduisent des mo-

dèles de mobilité d'ordres un, deux ou trois, permet-

tant d'approximer au mieux les trajectoires des 

capteurs à l'aide des accélérations mesurées. Ceux-

là sont couplés à l'algorithme des K plus proches 

voisins, d'abord dans un système centralisé. En-

suite, les modèles de mobilités sont améliorés pour 

prendre en compte les rotations des nœuds. Une 

méthode de localisation décentralisée est également 

proposée dans ce qui suit, s'adaptant au mécanisme 

fonctionnel des réseaux de capteurs de grande 

échelle. Enfin, ce manuscrit propose une méthode de 

zonage visant à déterminer les zones dans les-

quelles les capteurs résident. La méthode proposée 

aborde le problème de zonage en utilisant à la fois la 

théorie des fonctions de croyance et l'analyse par 

intervalles. 
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This thesis is dedicated to solve the localization 

problem in mobile wireless sensor networks. It 

works mainly with fingerprints features and inertial 

movements information. The former tackles the 

RSSIs values between sensors while the latter deals 

with the objets movement attitude by using accel-

erometer and gyroscope. The combination of both 

information is performed in terms of interval analy-

sis, or Kalman filtering. The proposed work intro-

duces three orders mobility models to approximate 

nodes trajectories using accelerations, combined 

then to the weighted K nearest neighbors algorithm 

in a centralized scheme. Then the mobility models 

are extended up to the inertial information taking 

into consideration the rotations of the nodes. A de-

centralized localization method is also proposed in 

the following in view of the working mechanism of 

large scale sensor networks. Finally, this thesis 

proposes a zoning localization method aiming at 

determining the zones in which the nodes reside. 

The proposed method addresses the zoning problem 

by using both the belief functions theory and the 

interval analysis. 
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