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Abstract

This thesis is dedicated to solve the localization problem in mobile wire-
less sensor networks. It works mainly with fingerprints features and iner-
tial movements information. The former tackles the RSSIs values between
sensors while the latter deals with the objets movement attitude by using
accelerometer and gyroscope. The combination of both information is per-
formed in terms of interval analysis, or Kalman filtering. The proposed
work introduces three orders mobility model to approximate nodes trajecto-
ries 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 clusterized 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.

Keywords: Sensor networks; estimation theory; interval analysis
(mathematics); Kalman filtering; accelerometers; gyroscopes.






Résumé

Ce manuscrit est dédié a la résolution du probléme de localisation dans les réseaux de
capteurs sans fil mobiles. Les méthodes développées se basent principalement sur des
caractéristiques de fingerprints ainsi que sur des informations de mobilité. Les premiéres
s’attaquent aux valeurs de RSSI entre capteurs tandis que les deuxiémes prennent en
considération la mobilité des capteurs mesurée a l'aide d’accélérométres et de gyro-
scopes. La combinaison des données collectées est effectuée dans le cadre de ’analyse
par intervalles, ou bien du filtrage de Kalman. Les travaux proposés introduisent des
modéles de mobilité d’ordres un, deux ou trois, permettant d’approximer au mieux
les trajectoires des capteurs & ’aide des accélérations mesurées. Ceux-la sont couplés
a l'algorithme des K plus proches voisins, d’abord dans un systéme centralisé. En-
suite, les modéles de mobilités sont améliorés pour prendre en compte les rotations des
nceuds. Une méthode de localisation clusterisée est également proposée dans ce qui suit,
s’adaptant au mécanisme fonctionel des réseaux de capteurs de grande échelle. Enfin, ce
manuscrit propose une méthode de zonage visant & déterminer les zones dans lesquelles
les capteurs résident. La méthode proposée aborde le probléme de zonage en utilisant
a la fois la théorie des fonctions de croyance et I’analyse par intervalles.

Mots-clés : Réseaux de capteurs (technologie); estimation, théorie de I’;
calcul sur des intervalles; Kalman, filtrage de; accélérométres; gyroscopes.
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I.1 Research background
1.2 TIllustration of the localization problem
1.3 Content Organization

References

ireless sensor networks have been promoted and prosperously evolved
since the last two decades. They were voted as one of the ten break-
through technologies ten years ago with continuous improvements towards
. faster, larger and stronger capabilities. Nowadays, the wireless sensor
networks are applied for all walks of life, as for instance in monitoring machinery
in the factories, tracking the patients in the hospitals, geological disaster reliefs,
migration surveillance or space exploration and so on. Grateful for the massive ad-
vances in the field of micro-electromechanical systems, embedded micro-processors
and wireless communications, these networks are designed with components of low-
cost, low-consumption, tiny volume and a variety of functions to meet the require-
ments of the various applications. However they have meanwhile irresistible defects
of limited storage and computational capability, leading to constraints that all the
operations in a network should obey. A fundamental issue in wireless sensor net-
works is the self-localization of the sensors, which offers the geographical locations of
networks nodes. This issue influences a priori and eventually the networks ultimate
performance since almost all sensors measurements are position-related. There exist
amounts of researches on localization algorithms relevant to different scenarios and
applications. In this thesis, the objective is to solve the problem of localizing the net-
works nodes in an indoor environment while achieving higher positioning accuracy
with less costs. This chapter begins with a description of wireless sensor networks.
Next, it illustrates the localization problem then presents several existing methods.
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I. INTRODUCTION

I.1 Research background

All the technologies are created and developed to improve the world’s lifestyle. With
no exception, 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 flexible and intelligent, along with
the rapid developments of micro-electromechanical system, embedded micro-processors
and wireless communication techniques [Akyildiz et al., 2002; Zhao and Guibas, 2004].
WSNs provide an intelligent solution for many applications since they are easy to de-
ploy with the uselessness of a fixed infrastructure to connect their nodes. This section
introduces first general information about WSNs then it discusses the involved problem
about localization.

I.1.1 Description of WSNs

~ Py
oo T VY LB VALY E
\ -~ =
\ a mal Device

VA

Base Station
Coverage Area

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

WSNss are networks composed of a large number of wireless sensor nodes. These sensors
have small sizes, low-cost and low-consumption, they are able to sense, process and
communicate with other nodes via typically radio frequency [Ilyas and Mahgoub, 2004].
They are also called smart sensors, essentially consisting of sensation, computation,
communication and power supply units [Bharathidasan and Ponduru, 2002]. Sensors
in WSNs are universally motivated by carrying a power resource like nonrenewable
batteries. This leads to their limited energy supplies, implying limited sensing and
communication ranges. They have also limited computational capabilities, because of
their small volume. The wireless nodes could be largely and densely deployed in the
area of interest. See Figure 1.1 for an example. They are prone to failure by reasons of
hardware breakdown, exhausted batteries, radio interference or environment factors as
for the network topology could change frequently. The topology could also change with
specific intentions like extending the interest coverage or having additional sensors.
However WSNs still have high level of fault tolerance due to the massive number of
nodes, cooperation efforts between sensors and the strong self-organizing capabilities,
allowing the compensation of the influence of failure of minority nodes and improving
the sensing quality [Akyildiz et al., 2002; Stojmenovic, 2005].

There exist essentially three styles of topology architectures in WSNs: centralized, dis-
tributed and hybrid [Mourad, 2010], each corresponding to the provided services. In the
centralized networks, all the sensed data are transmitted to the central fusion station
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and computed over there. Normally nodes in that kind of networks are only capable
of sending and receiving measurements therefore they do not perform computation or
processing. These networks could provide high quality processes but consume extremely
large energies, especially for the nodes nearby the central station. The distributed archi-
tecture permit nodes to execute specified computations at the node itself. They could
exchange the signals among their neighbors within their communication range and carry
out necessary computations at appointed nodes. This kind of network is much more
robust to failure than the former in the case of failure of the fusion center or interfer-
ence of measurements during the transmission. It also permits the parallel computing
and allows to introduce the individual agents proving much more privacy protection for
decentralized data. However, such a topology needs distributed algorithms that might
be more complex to develop and sometimes less accurate than the centralized ones. The
third topology combines the ideas of centralized and distributed architectures. Practi-
cally, information transmission consumes more energy than computation. Under this
rule, the whole network is partitioned into several groups, or clusters. Each of them
owns a head or cluster-head that plays the role of central fusion station. Providing
an optimum balance between energy consumption and processing capacity, the hybrid
topology mostly fits the large-scale and complicated organized wireless sensor networks
[Bandyopadhyay and Coyle, 2003|. Figure 1.2 illustrates the three types of network
architecture.
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Figure I.2: Three topologies of wireless sensor networks

On the basis of networks architecture, WSNs communication is established through
specified transmission medium to maintain the networks connectivity. Radio frequency
communication is a basic communication mode. Based on the modulation and demod-
ulation techniques, it achieves low energy consumption 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 communication range could be seriously up to fourth
order exponent of the distance between them [Akyildiz et al., 2002]. The reduction of
the path loss influence is always a challenge issue from the views of concrete hardware
design and abstract signal transmission [Zhang and Pathirana, 2013]. Zigbee technique
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[Cheong et al., 2011] based on IEEE 802.15.4 protocol could be an alternative choice in
case of deploying a large number of nodes, which is also in low-consumption, low-rate
and low-cost but with weak penetrating ability in indoor surroundings. Comparatively,
the Ultra-WideBand (UWB) [Chehri et al., 2009|, which serves for the measurements
of time arrival, is capable of penetrating thick walls and insensitive to channel fading,
however in cost of relatively higher consumption. Bluetooth [Erasala and Yen, 2002]|
is anti-inference but requires additional device and consumes and costs more than the
latter. Therefore it is not suitable for a large-scale sensor network where equipping mas-
sive nodes with additional devices costs a lot. Comparing with the technique mentioned
before, WiFi, based on IEEE 802.11 protocol, is highly reliable but relies on powerful
communication station and access nodes [Li et al., 2011]. Other options exist such as
that the use of Radio-Frequency IDentification (RFID) [Choi et al., 2011], infrared [Gao
and Guo, 2010] or ultrasound [Shahid et al., 2010; Runge et al., 2011|. This kind of ap-
proach requires correspondingly additional devices embedded to the sensor. They could
achieve rather good precision and normally are limited to some specified scenarios like
underwater, jungles or hand-hold terminals. Practically, no matter what kind of com-
munication protocol 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 French proverb says, "chacun son métier".

I.1.2 Applications of wireless sensor networks

Research ultimately comes down to practice. The application area of WSNs falls in a
wide range involving military, environment, medical, biology, civil life, space exploration
and so on, performing a set of complicated information processing tasks categorized pos-
sibly into monitoring and tracking. This part cites as follows several classical examples
of WSNs applications existing in that diverse domains [Akyildiz et al., 2002; Yick et al.,
2008]. Figure 1.3 illustrates some applications of WSNs.

Defense

Predictive maintenance
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Figure 1.3: Different application fields of wireless sensor networks

Military applications : The characteristics of rapid deployment, self-organization
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and high fault tolerance of WSNs promise to make quick response to the constant
changes in the battlefield environments. In the first place, it helps in monitoring
and further managing the status of friendly troops, equipments or ammunitions
by attaching to them the smart sensors. All the sensed information are gathered
and aggregated in the networks, then forwarded to the commanders to make the
proper decision of action. Similarly, deploying the sensors in critical areas with
enemy troops, vehicles and supplies could keep a close watch of all the movements
of opposing forces, recognize the possible attack intension early and response
quickly. In case of crucial combat conditions where the nuclear, biological or
chemical attack occur, the multifunction sensor could sense polluted areas timely
and accurately, detect the concentration levels, warn the friendly forces and pre-
vent the human exposure in such areas. A counter-sniper systems is proposed in
[Simon et al., 2004] aiming at the detection and the localization of the snipers. It
measures the time of arrival between muzzle blast or shock waves then computes
shooter’s hiding location. The army of US have carried out a set of tests using
WSNs at the desert of California [Hill, 2003]. The DARPA (Defense advanced
research projects agency) of US has early launched the SensIT (Sensor informa-
tion technology) project to construct ubiquitous sensor networks for realizing all
kinds of measurements like light, sound, vibration, magnetism, humidity, pressure,
temperature, pollution, acceleration, etc.

Environmental applications : The most famous project in recent years concerning
the wildlife habitats is the great duck island project [Mainwaring et al., 2002|. This
project is conducted by the the team of computer engineers from the university
of California Berkeley to improve the research of the biologists at the college
of the Atlantic 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, which probably have disturbed the seabirds regular nesting behaviors
and even induced them to abandon their home. With this project, the networks
consisting of 190 wireless sensors at the island take place of man-work at the
stage, biologists could check on the birds in their office a few tens kilometers
off the island, browsing data from the sensors linked with satellite and sharing
their observations with their colleagues. Another similar application is ZebraNet
[Juang et al., 2002; Zhang et al., 2004], where sensors are attached to the zebras
collars to study their migration as well as their interaction with other species. At
the university of Hawaii, the PODS project [Biagioni, 2001; Biagioni and Bridges,
2002] uses WSNs to observe and further determine the critical factors influence
on the growth of endangered species of plants. Based on acoustic techniques
integrated with TinyOS systems, a case of underwater monitoring is developed
in [Vasilescu et al., 2005] to monitor coral reefs and fisheries in a long term.
In Sonoma California, WSNs participate into the study of redwood trees [Tolle
et al., 2005] by measuring several kinds of physiological signs like air temperature,
relative humidity, solar radiation and more at different spacial gradients around
the tree. Besides the application about flora and fauna, some other sensors, like
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seismic sensors, could detect the occurrence of an earthquake and monitor the
earthquakes direction and magnitude. Others could monitor the air quality, track
water pollution, detect forest fires or toxical leakage. In 2001, Kris Pister and his
Berkeley team conducted an imitated experiment in the Mojave desert of southern
California based on the UAV (unmanned aerial vehicles). They air-dropped six
wireless sensors along a road over the vicinity of the accident site. Once the
network is self-organized, it initiates the detection of passing vehicles then reports
to the UAV.

Health care applications : Biomedical WSNs are designed to measure a variety of
vital signs for a patient in bed for in-time surveillance in [Hande et al., 2006].
The sensors are integrated with the device of electrocardiogram (ECG) for mea-
suring the blood pressure. Additionally, it is equipped with the solar cells panels
facilitating self-charging in need. Patients equipped with the sensors, as a con-
sequence, are ideally under 24h non-intermittent supervision even though they
move around freely and independently. More over, in case of accidents such as
sudden slip or falls, sensor would notify the base station immediately and call for
immediate medical attention such as alerting a doctor to make a quick response
to the emergency. Another application [Schwiebert et al., 2001] adopts a kind
of glucose meter, embedded within patients to continuously observe blood-sugar
level trends for diabetes surveillance. Meanwhile the indicator of corresponding
measurements is relayed to the wristwatch display to remind the host in case an
abnormal concentration of blood-sugar occurs. The biomedical WSNs highly im-
prove the health care quality. They could serve equally for monitoring fire-fighters
vital signs, alerting the disabled abnormal event in a unattended environment, en-
suring the baby-sitting, tracking the activities of people with alzheimer disease,
etc.

Civil applications : The smart sensors networks promise an intelligent lifestyle. That
involves the surveillance of residence, transportation, industry and all kinds of
critical infrastructures in daily life. Specifically, energy control in offices buildings
reduces energy consumption by two quadrillion british thermal units, in the US,
saving up to 55 billion dollars per year and reducing 35 million metric tons of
carbon emissions [Rabaey et al., 2000]. [Viani et al., 2011] proposes a WSN-
based system for early alert of road incident by reason of wildlife road crossing.
[Dagher et al., 2014 conceives an ubiquitous navigation system based on WSNs
and smart city concept. It provides a local navigation service for the citizens
driving a vehicle 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 maintenance.
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I.2 TIllustration of the localization problem

Handling with the issue of surveillance or tracking, WSNs reports eventually the location
where the detected event occurs in real-time. This objective requires in fact the prior
knowledge of sensors location themselves, which are in most real cases kind of unknown.
The problem of determining the nodes locations is referred to the localization problem
[Yick et al., 2008].

[.2.1 Definition of the problem

In some applications of WSNs, sensor nodes could be deployed manually beforehand at
expected positions. However, on request of the application in diverse domains as men-
tioned above, sensors nodes are generally randomly scattered into a specified place, such
as in the air-drop manner, afterwards they self-organize into an efficient communicable
network. Moreover, in some cases, the sensors move in requirements or unexpectedly
by uncontrolled outside factors such as the airflow or the vibration nearby. As a con-
sequence, sensors stay generally in the statue of unawareness of their actual positions
at the very beginning of organizing networks or during the period of reconstructing
networks. Hence, the capability of sensor nodes for self-localization is expected to be a
key issue in playing the role of monitoring or tracking.
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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 1.4. However, this solution implies two impractical facts, one severely
constrained with the place where the WSN is applied and the other with the hardware
support. Namely, in case of obstacles blockage between the satellite and the sensors,
GPS is incapable to obtain the accurate communication signals between the sender and
the receiver. This is the case in indoor environments where GPS signals are completely
not reliable or acceptable. In the other hand, a full set of GPS receivers would be needed
to equip all sensors, which is highly-costing, extremely energy-consuming during working
and also requiring special design. That device is thus bulky for the tiny sensors and too
much expensive to furnish in a large-scale network.
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Figure 1.5: Network with anchors equipped with GPS in (a) or having fixed locations in

(b)

Because of the impracticality of GPS, alternative solutions serving for localization in
WSNs have emerged. A majority of such approaches solve this problem with the help of
anchors, which are sensors having positions known in advance. That could be by means
of GPS in case of mobile outdoor networks as shown in Figure I.5-(a), or anchors could
have fixed locations as in Figure I.5-(b). The other remaining sensors are called nodes,
having unknown locations no matter fixed or moving. The key idea of localization here
is to make use of the internodes communications, the sensors measurements and/or
the information exchanged with the anchors, such as temperature, signal strengths,
transmission time or angles, or even 1 or 0 denoting a detection of anchors or not, to
determine nodes’ locations.

Let us define the localization problem in an indoor scenario where a node j moves in
a D-dimensional space included in R”, with D = 2 or D = 3. Suppose there are
N4 anchors and Nx nodes, that is j € {1,...,Nx}. Each anchor i is denoted co-
ordinately by a; = (a;1,...,aip), © € {1,...,Na}. Each node j is denoted similarly
by x;(t) = (z;1(t),...,xjp(t)), where t denotes the discrete time-step. We assume also
that anchors are fixed and that nodes use the exchanged information with anchors to be
localized. Let m;;(t) be the measurement of node j related to anchor i. Then m;(t) =
(mj1(t), mj2,...,mjs, ..., mj7NA)T is the measurements vector collected by the node j at
time t. We also denote in the following by m(t) = {m(t), ma(t), ..., m;(t),... mn, (t)}
the set of all measurements vectors collected at time ¢. Then, the objective is to com-
pute x;(t) while having the positions a; and the corresponding measurements m;(t).
Different anchor-based techniques have been proposed to meet the diverse requirements
of sensors in WSNs, such as those based on distance estimation, connectivity measure-
ments, scenario information collection etc. In the following part, couples of such kinds
of existing methods are introduced successively.

I[.2.2 Solutions of the localization problem

The measurements m(t) provide practically kinds of possibilities to locate a wandering
node. Some measurements could be transferred to distance information, others reflect
the connectivity information. In the following, basic solutions are introduced first to give
an intuitive recognition of sensors positions in the network. Then the connectivity based
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methods and other range based methods follow. Other types of localization methods
such as signal-strengths-based and scenario-based approaches are also included.

1.2.2.1 Basic solutions

Intuitively, according to the geographical geometry, it is possible to infer a node’s loca-
tion when its distances to at least three anchors are available. Meanwhile, the localiza-
tion process is achieved under the assumption of m(t) relying on concrete measurements,
that could be periods of elapsed time, relative angles, signal strengths, radio hops or
other features obtained by all means of measurements between the sensors. In basic
localization methods, the measurements are used to compute the relative range (or dis-
tance) between nodes and anchors, namely in the ranging phase, which is followed by the
combination phase to obtain the nodes’ positions. Methods using the distances between
sensors in networks are called range based localization methods. At the very beginning,
it is recommended to describe the classical ways in terms of different types of measure-
ments techniques serving for range measurements. The combination of range is variant
and presented later. There exist couples of fundamental ranging methods for distance
estimation, based on Time of Arrival (ToA) [Guvenc and Chong, 2009], Time Difference
of Arrival (TDoA) [Priyantha et al., 2000; Savvides et al., 2001], Angle of Arrival (AoA)
[Niculescu and Nath, 2003; Priyantha et al., 2001|, Received Signal Strength Indicator
(RSSI) [Kaemarungsi and Krishnamurthy, 2004; Bahl and Padmanabhan, 2000] or radio
hop-count which is illustrated later.
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Figure 1.6: Illustration of fundamental ranging methods

The ToA method records the traveled time of signals emitted by the anchors and received
by the nodes. These signals could be radio frequency, acoustic, infrared, ultrasound and
so on [Pal, 2010]. By knowing the propagation velocity of the emitted signal and its
travel time, the ToA method consists of computing the distance separating the two sen-
sors. The problem here is that ToA measures the absolute time of arrival at the receiver
according to its clock, which needs exact synchronous clocks at both sensors. Inaccu-
racy in the synchronization process leads to inaccurate distances estimates. Respective
distances of each node to three anchors are normally needed to get then the position
estimates. When the synchronization of emitter and receiver clocks is not possible, two-
ways-travel ToA could be applied, where an anchor sends first a signal to a node, then
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at reception, the node sends a signal of the same type (ultrasound for instance) back
to the anchor. Here the absolute time of arrival is measured by the anchor and then
divided by two to be used to get their separating distance. An illustration is given in
Figure 1.6-(a) and Eq. I.1. In order to overcome the multiple ambient environment fac-
tors, multipath, pathloss, interference and the like, the Ultra Wideband (UWB) signals
could be used here due to their flexibility and their fine properties, specially in indoor
communications, which benefits the final localization precision [Denis et al., 2006].

d205*y*((T1 —T0)+(T3—T2)), (Il)

where Ty, T1, T5 and T3 are known values denoting respectively the emission time of the
first signal of the anchor, its reception time by the node, the emission time of the second
signal of the node and its reception time by the anchor and v denotes the velocity of
the signals.

The TDoA method expands ToA method by using the time difference of arrival of
signals traveling between two sensors. Indeed, it consists of sending two different kinds
of signals from an anchor at the same time then measuring at a receiving node the
difference of their two times of arrivals as shown in Figure 1.6-(b). The distance between
the two sensors is computed by using the difference of arrival times and the individual
propagation speeds of the signals, as shown in Eq. [.2. This method is impressively
accurate under condition of LoS (light of sight) at the expense of equipping the sensors
with additional hardware. Nevertheless, adopting the sound signal is not accurate to
ranging on account of the varied sound speed in environment with air temperature,
humidity and other environmental factors [Stojmenovic, 2005].

d=((T3-T1)— (T2 -T0))/(1/vutrasound — 1/Vradio), (1.2)

where Ty and 75 denote the emission times of both signals, 77 and T3 their respective
reception times and V,qqi0 and Vyjtrasound their respective velocities with known values.
The AoA method measures the relative angles of arrival of signals exchanged between
two anchors and a node as shown in Figure 1.6-(c). That could be obtained through
antennas phase interferometry or amplitude response [Rappaport et al., 1996; Koks,
2007|. Using the trigonometry laws of sine and cosines, one can get the position of the
node by drawing the triangle constituted of the anchors and the node [Kulaib et al.,
2011]. Then the relative distance between node to each anchors are determined.

o (] O
40db  -podb ,@b o) ,@g -20db  -40d|
o

Figure I.7: Illustration of RSSI ranging methods

Other ranging methods based on the Received Signal Strength Indicators (RSSI) exist.
These methods benefit of the property of the signal degradation while traveling, that

10
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is signal power decreases proportionally with the increase of the traveled distance sep-
arating the emitter and the receiver. Practically, each anchor broadcasts signals in the
network with the same initial power. These signals are received by nodes with different
RSSI, according to their distances to the anchor. Then the measured RSSI are con-
verted to distances using the pathloss model [Kaemarungsi and Krishnamurthy, 2004].
One classical degradation model is shown in Eq. 1.3 where Fj, is the power measured
at 1 meter from the anchor, d is the corresponding distance between the sensors, n is
the channel parameter and Py is the RSSI measured at distance d in dbm.

Pd = Pdo — 10*n*£og(d). (13)

Compared to the first three methods which need extra hardware like ultrasonic or
synchronization equipments, RSSI-based methods overcome the burden of additional
equipments hence they are easier to implement and less-costing than the others.
Given the anchors positions and their corresponding distances to a node, it is then
possible to locate the node by trilateration (with three anchors) or multilateration (with
more than three anchors) by intersecting the circles (or spheres in three-dimensions)
centered on the anchors and having their distances to the node as radii [Pal, 2010].
Having the angles of anchors signals to a node using the AOA technique, one is also able
to localize the node using the triangulation technique. In two-dimensions for example,
the node would be located at the vertex of the triangle having two anchors as other
vertices with their respective measured angles. These positioning methods are depicted
in Figure 1.8 in order of trilateration (a), triangulation (b) and multilateration (c).
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Figure I.8: Illustration of the positioning methods

[.2.2.2 Connectivity-based solutions

Other existing localization methods go towards the range free approach. They are also
called connectivity-based methods since here the measurements m;(t) are attributes of
connection rather than concrete values about the signals. Indeed, the elements of m;(t)
denoted by m; ;(t) are supposed to be positive if anchor i and node j are capable to sense
each other within a range r at time t. Under such definition, the connectivity-based

11
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methods come into being. These methods are more robust against signal perturbations,
than the basic methods, since they use comparison results of signals information instead
of their exact values. In the following, several connectivity-based methods are discussed.

e Unlike the basic solutions, connectivity-based methods do not need the ranging
phase where distances to anchors or angles are computed. The contribution of
[Bulusu et al., 2000] is such a method. It only takes into account the anchors
that are in the communication range of each node. It then estimates a node’s
position by the centroid of the geographical coordinates of the connected anchors
around it as shown in Figure 1.9-(a). This technique leads to a blinding simplicity
of algorithm no matter in terms of computation processing or hardware design.
However, it results in a coarse estimation due to blind average operation, partic-
ularly when the density of anchors in networks is low, or in case of outliers where
the node falls outside the convex of all its truly connected anchors as shown in
Figure 1.9-(b).
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Figure 1.9: Illustration of the diffusion method

In this context, works of [Bulusu et al., 2001, 2002] manage to improve the perfor-
mance by an adaptive placement of anchors beforehand. Additionally, [Savvides
et al., 2002] recommends to place several anchors around the edges of the full
sensor networks in considering the network topological structure.

e Similarly to the described method, the gradient introduced in [Bachrach et al.,
2004] employs equally the connectivity with anchors around a node. Furthermore,
it constructs gradient information and estimates the distances between the node
and at least three nonlinear anchors roughly by utilizing the minimum hop-count
value h;; from node j to anchor ¢ and maximum sense range r associated with
one single hop. Consequently, node j is at most distance of gradient value h;; * r
from anchor ¢. Then all of the gradient values could be combined to estimate the
nodes position by multilateration algorithm.

e Another localization method that prevents the use of ranging processing is intro-
duced in contribution [He et al., 2003]. As a range free locating method, moreover,
it performs equally well even though when nodes and anchors are irregularly de-
ployed over surveillance area due to its area-based idea cooperating also with
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anchors location information Figure I.10. The theoretical clue of this idea lies in
that a node detects all of its connected anchors and then tests if it resides in any
triangle composed by any arbitrary three detected anchors. This test, denomi-
nated the Point-In-Triangulation (PIT) test, consists of considering that a node
is outside a triangle of three anchors if moving the node in any direction would
increase/decrease its distances simultaneously to the three anchors. It is inside
the triangle otherwise. By exhausting all the possibilities, the node defines the
triangles where it resides and then by aggregating these triangles, it narrows down
the possible triangular area where it is located. Its position is then estimated by
the center of gravity of the obtained area. This method, called APIT, is illustrated
in Figure I.10. This method has shown good estimation results, however the PIT
test is not applicable when the node could not be moved in a controllable manner
and here an approximated version of PIT is needed.

Figure 1.10: Illustration of APIT method

The connectivity idea could also be realized by implementing hop-count through-
out the sensors topological network. [Niculescu and Nath, 2001] proposes a dis-
tributed style, similarly with the contributions presented above, however using
hop-by-hop and Distance Vector (DV-Hop) routing as well as Landmarks of an-
chors to infer nodes location, namely the DV-Hop propagation algorithm divided
into the following actions as shown in Figure I.11 .

— The objective node builds a table X;,Y;, H;; denoting the coordinates of the
i-th anchor (or landmark as denoted in [Niculescu and Nath, 2001]) and the
path length obtained by counting the number of hops connecting the node
to its neighboring anchor L;.

Figure I.11: Illustration of DV-Hop
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— Each anchor or landmark L; estimates its own distance indicator per hop
with help of the real distances as well as hop counts between its neighboring
landmarks, which then flood the correction over the whole network.

D VX = X))+ /(Y - 1)
Zk;éi Hi .
— Node estimates separately its distances to at least three anchors by multi-

plying the path lengths with a distance indicator computed by the closest
anchor.

C;

(L4)

dj,i = Hj,i * Cclosest- (15)

— Once the distances to at least three anchors/Landmarks are available, node

could estimate its position by trilateration or multilateral method as intro-
duced in the basic solution part.

The DV-Hop method takes advantage of simplicity of hop measurements there-
fore it is very easy to carry out in a connectable networks. It performs well in
isotropic networks where the property of graph remains the same in all direction,
consequently however it brings constraints in application when the property of
graph changes.

e The distance inferred by hop-count may also be obtained by another way. The
contribution of [Nagpal et al., 2003] proposes a similar positioning method called
Amorphous with DV-hop but with a different way of estimating the average dis-
tance per hop dj,, employing the local neighborhood 7;4.q and communication
range 7, as shown in Eq. 1.6,

1
dhop — . (1 4 e~ MMocal _ / e~ "l‘:fal (arccost—t-/ 1_t2)dt)- (1.6)
1

Then the distance d;; separating the node j from anchor i is approximated to be
dhop * hj; where h;; denoting the hop-counts from node j to anchor ¢. This con-
tribution makes also theoretical analysis that a minimum average neighborhood
size of 15 is required for achieving good accuracy. Meanwhile, the resolution of
the coordinate system is also limited due to the strict determination from local
communication.

e Contribution [Doherty et al., 2001| solves the localization problem by a distinct
exploration. For instance, if two sensors are able to sense each other, it is con-
cluded that their separation are definitively less than the communication range r.
It represents then this geometric constraints, existing between two sensors in the
networks, as linear matrix inequalities(LMIs). In this case, the radio constraints
expression between sensors positions a and b at left is represented as equivalent
LMIs [Boyd et al., 1994] at right in Eq. .7,

Lr —a=bi., (1.7)

—bll, <
la—0bls <r= (a—b)T r Z
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where Iy is the two-dimensional identity matrix. In a convex topology, connec-
tivity of the network can be represented as a set of convex position constraints.
The set of individual LMIs can be then combined/stacked in diagonal blocks to
form one single semi-definite program (SDP) for the entire network. Note that
the intersection of the convex sets is also a convex set. Hence, the localization
problem is transferred to solve the convex SDP problem as Eq. 1.8,

Minimize cT:c,

subject to F(x) = Fy + 1 F1 + ... + 2, F, <0,
Ax < b,
E = F;Ta

(L8)

where @ = [T1 Y1 ... Ty Ym Tm+1 Ym+1 - Tn yn]T, each couple of terms denoting
the position (z,y) of one sensor. The principal of such evolution could be illus-
trated by graphs as shown in Figure 1.12-(a). For node N, it possesses the radio
constraints as area within the circle A and circle B. After combining/intersecting
the individual geographic constraints sets A with B, the feasible area decreases to
be smaller and more precise area as the overlapped shaded area. Then the rest of
question remains to solve this optimized semi-definite program. The SDP problem
is possible to be simplified to a rectangular bounding box which represents the
possible set of this problem as shown in Figure 1.12-(b).

Anchorl Anchor2 Anchorl Anchor2
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(a) - SDP (b) - Bounding Box

Figure 1.12: Illustration of SDP

e Instead of semi-definite program, [Shang et al., 2003] solves this positioning prob-
lem by mathematical technique multidimensional scaling (MDS) which includes
three steps.

1. For all the sensor nodes, compute the shortest path length between all of
possibilities of two pairs of nodes over the network and form a global path
matrix.

2. Construct a relative map by applying MDS technique to the path matrix
obtained in the last step.

3. Transform the relative map to absolute position with aid of known locations
of at least three anchors participating in the global map.
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This method utilizes the full connectivity information all over the network, flexible
when additional information is introduced. However it is executed in centralized
scheme when gathering path map information thus leads to technical limitations
in most applications. [Shang and Ruml, 2004; Shang et al., 2004| improves the
original method by a MDS-P algorithm which builds local maps and then patches
them into global map in a decentralized scheme. The latter acquires more accuracy
than the former even when few anchors exist.

1.2.2.3 Propagation to range-based method

Considerably, the range-based methods are fundamentally based on the possibility of
connectivity between sensors. Intuitively developed from this point of view, several
methods mentioned above could be propagated to range-based methods even achieving
better performance. Comparatively, couples of other original range-based methods are
introduced in the following.

e As for the DV-Hop method [Niculescu and Nath, 2001], this contribution also
proposes that the distance between neighboring nodes is able to be propagated
by the Received signal strength instead of the distance vector hops. In that case,
distance vector is in fact accumulated with signals traveling. It obtains higher
accuracy comparatively with DV-Hop but it is inevitably kind of sensitive to
measurements errors.

A third scheme based on the true Euclidean distance propagation from anchor/landmark
L is equally developed in [Niculescu and Nath, 2001|, in which the position is even-
tually computed through quadrilateral relation existing in a quad. As shown in
Figure 1.13, node A resides in the neighborhood of nodes B and C where B and

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

C are also available through distance measurements. In that case, all of the outer
edges of ABLC are already known as well as one diagonal BC', consequently

the distance AL is possible to be estimated by applying Pythagorasg generalized
theorem in triangles ACB, BCL, and ACL of the quadrangular ABLC. This
method is considered to give the closest estimates compared to GPS method.

B

C

Figure 1.13: Illustration of euclidean propagation
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1.2 Illustration of the localization problem

The ranging measurements directly between neighboring nodes technically leads
to more accurate estimates. Nevertheless, some estimates are acquired with ac-
cumulation of ranging errors as mentioned above. [Savvides et al., 2002] proposes
using a cooperative multilateration for the purpose of relieving the error accu-
mulation. It performs when the density of anchors over the networks is higher,
strictly when a nodes hears at least three anchors 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 first hop step is taken over the network to overcome the sparse anchors
embarrass. Then the algorithm gives the initial estimates by the way similar to
DV-hop, followed by an iterative refinement algorithm which yields more accurate
nodes positions through solving the least square triangulation equation using its
own and neighborhoods estimates.

A ranging-oriented semi-definite program (SDP) method is alternatively discussed
in [Biswas and Ye, 2004|, where the measured distance between neighboring nodes
is employed to formulate further the semi definite program problem with tighter
convex constraints. As a consequence, the localization problem is rescheduled as
Eq. 1.9,

l; — xjll2 = d7 ;. lak — =2 = d};, V(i j), (k,j) € N,

INE
s — @jll2 > 175, llak — ;)2 > 175, Y(i,5), (k,§) € Ni, (1.9)
s — ajll2 <775, lak — xjlla <775, V(i, §), (K, ) € N

where aj;, € R?, k = 1,...,m, denotes anchors with known positions, T; € R2,j =
1,...,n, denotes nodes with unknown positions. CZ” is the measured Euclidean
distance between nodes x; and x; whereas cfk,j is that between anchor a; and
x;. r; ; and T; ; denotes separately the distance lower and upper bound between
nodes @; and x; whereas r; ; and Ty ; denotes that between anchor aj and node
xj. N, Ny and N, stands respectively for the set of indices which lead to the nodes
distance to nodes, or anchors, satisfy the preceding equations or inequations. The
localization problem remains to find a such x; satisfying the conditions above.
Contribution [Liang et al., 2004] further improves the SDP-ranging results by a

gradient search procedure.

The MDS approach is similarly extended to incorporate distance measurements
into location decision as in [Ji and Zha, 2004]. In that contribution, the whole
network is required to be divided into several small parts in advance, where the
adjacent groups may share common sensors. Then the pairwise distance is col-
lected by RSSI measurements between all pairs of sensors in that part. Whereafter
the MDS algorithm is used to estimate the relative location between sensors using
the estimated distance. The local relative maps built in each part are stitched
together to form a global relative map by utilizing the common sensors existing
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between adjacent local maps. The position alignment technique is employed at
the last step to map the relative coordinates to physical coordinates.

Similar to the idea of stitching small areas together, there exists contribution
[Meertens and Fitzpatrick, 2004] which employs the same framework but differs
in solutions. In this contribution, local map derived from distance information is
constructed in each area at the beginning. Then align and reconcile a local map
with its nearby maps which have some nodes in common but differ on the positions
by minimizing the discrepancies between them throughout the transformation of
translation, rotation and optional reflection.

discrepancy(L, M) = Z |L, — M|%, (I.10)
peC

Eq. .10 shows the computation of discrepancy between map L, and M,,, where C
is the set of common nodes appearing in both maps. Other relative stitching based
method could also be referenced in [éapkun et al., 2002; Moore et al., 2004]. In
the former, a local coordinate system is constructed with aid of range of internodes
and known anchors positions. Then the direction of the local coordinate systems is
adjusted to obtain the same direction for all nodes. Finally, according to the nodes
residing along the same direction, the unknown nodes position could be estimated
simply as a sum of two vectors like il = ik + Kl as illustrated in Figure 1.14. In the

N
\J

Figure 1.14: Illustration of Stitch

latter contribution, the node and its set of neighbors are considered as a cluster.
Nodes first localize themselves in the coordinate system of their own cluster under
the constraints of properties of the quadrilateral. In this step, they further restrict
the quadrilateral to be robust by identifying the triangles satisfying the inequality
as Eq. .11 which bounds the probability of worst-case of a flip error for each
triangle.

b* sin%0 > dpin, (I.11)

In the inequality above, b is the shortest side length, 6 is the smallest angle and
dmin 1s the set threshold. A numerical optimization such as spring relaxation
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or Newton-Raphson could be optionally applied whereafter in order to refine the
estimates with the full set of distance constraints in terms of reducing and redis-
tributes any accumulated error. Finally, clusters are aligned with help of common
nodes existing in two neighboring clusters as well as the transformation operation
like rotation, translation and reflection.

Besides the range-propagated methods cited above, there exist also some other
localization approaches based on ranging measurements. Simulated Annealing
(SA) [Kannan et al., 2005], utilizing the measured distance of internodes, solves
the localization problem by a stochastic optimization approach which is in detail
a generalization of Monte Carlo method in combinatorial optimization. Applying
this idea to localization issues, the location estimation problem is formulated
into an approximated optimization framework as minimizing the cost function as
Eq. 1.12,

CostFuntion = ZN Z (d;-j - Jij)Q, (I1.12)
=1 jew,

where N denotes the nodes number, N; denotes the set of neighbors of nodes ¢,
CZZ']‘ is the measured distance between nodes ¢ and nodes j estimated in simulation
by blurring the true distance by Gaussian noise, d;j is the estimated distance
obtained by computing Euclidean distance of the estimated coordinates of node 4
and node j. This cost function reflects practically the quantitative measure of the
goodness of the estimated coordinates. The minimization problem of this function
is solved by using Simulated Annealing techniques to make out the meaningful
estimates. The core of simulated annealing relies in selecting empirically the
annealing parameter (temperature 7', cooling rate « and perturbation distance
Ad) which perturbs a node in a random direction then evaluating the change
of cost function by ACF = CFyep — CFyy. According to the value of ACF,
optional decisions could be made. Another framework utilizing Monte Carlo idea
to localize mobile nodes is introduced in a connectivity based way in [Hu and
Evans, 2004]. Moreover, the Simulated Annealing localization method is further
improved in [Kannan et al., 2006] by a phase of optimization performing on the
nodes that are likely to have flip ambiguity problem.

A bounding box thinking is proposed in [Savvides et al., 2002]. In this contribu-
tion, the possible location for a node is constrained in a region with aid of measured
distances between node and anchors. Then the initial estimate is decided as the
center of the bounding box. The bounding box positioning principle is shown in
Figure 1.15. As a consequence, the coordinate of node C along x axe, X¢, is
assumed to be located in the interval of [ X4 — a, Xp + b+ ¢], similarly applied on
the y coordinates. Then it only needs to take the center of interval values as nodes
position. [Savvides et al., 2002| also refines the initial estimated positions using
specifically Kalman Filter instead of the standard least squares methods. This
method employs collaborative multihop information combined with the known
anchors location to estimate accurately nodes positions.
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b+c

Figure 1.15: Bounding Box I

An optional framework is described in [Savvides et al., 2001; Simic and Sastry,
2002]. The principle of this positioning scheme relies in the fact that node resides
within the intersection of all its anchors squared bounding boxes. The bound-
ing box of anchor A is centered at the anchors position with height and width 2d,
where d is possibly to be the measured nodes distance or some other representative
range value. The final estimate is then taken as the center of the final intersected
bounding box as shown in Figure [.16. The bounding box is a rather computation-

Anchor a
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Z O

ode

Jd (@]
Anchlor b Anchor ¢

Figure 1.16: Bounding Box II

ally saving and simple method. It works best among massive localization method
when the sensor network is extremely limited by capacity of computation.

1.2.2.4 Scenario based method

Regarding to the variety of the localization methods discussed above, either connectivity-
based or range-based, they all adopt a thinking that infers a node’s position straight-
forward from the measurements m;(t), either by hop-count, distance value or other
connectivity indicator. In most cases, measurements m;(t) are possibly influenced and
interrupted by various surrounding factors such as additive noise, obstacles, tempera-
ture, pressure, etc. Even the signal itself has some influences like multi-path, channel
fading, system clock synchronization, etc.

Cite the case of RSSI in real environment which is usually serving for estimating the dis-
tance or other characteristics owning to its simplicity for implements. RSSI is supposed
to be a function of the distance separating the internodes. However, an exact model of
RSSI as a function of the distance is more complex and uncontrollable in reality thus
it is practically 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

1.2 Illustration of the localization problem

be capable of describing the trend of the relation between distance and signal strength,
but not able to reflect an exact degradation in a real environment, due to the factors
of additive noise, obstacles, multi-path, channel fading, etc. An example of RSS values
with various distances in real case [Ilyas and Mahgoub, 2004] is shown in Figure I.17.
The plot shows a slight tremulous curve of variation of RSS not strictly following the
logarithmic distribution.
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Figure 1.17: Received signal strength with increase of distance (figure from [Ilyas and
Mahgoub, 2004])

Consequently, there emerged kinds of improvements on the RSSI-based methods. Such
works perform improvements by adjusting transmission power, constructing localiza-
tion error models, generating connectivity measurements or an empirical method in
contribution [Jiang et al., 2013]. The combination of the distances constraints could
be solved using different approaches, such as Sequential Monte-Carlo algorithm [Hu
and Evans, 2004; Baggio and Langendoen, 2008], interval analysis [Mourad et al., 2008,
2009], variational filter [Teng et al., 2010], etc.

Another type of improvement for RSSI-based method takes the scenario characteristics
into consideration. It is based on the idea of pattern matching as shown in Figure 1.18,
which tries to compare the measured signal strength in real time with the training ones
recorded in the database in advance and determine the likelihood between them, defined
as fingerprinting method [Bahl and Padmanabhan, 2000; Lorincz and Welsh, 2005]. A
further improvement method is executed by a full collection of scenario information,
which indicates gathering the surrounding significant characteristics, including but not
limited to colors, edges, humidity, temperatures, magnetic field [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 fingerprinting methods typically consist of two
phases, offline phase and online phase. Once a comparison between the data of the
two phases is made, the similarity of the measured data with the training positions
could be determined by several different methods, such 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 logic such as in [Suroso et al., 2011; Liu et al., 2012; Rozyyev et al.,
2012] or learning algorithms such as neural networks [Gogolak et al., 2011] or machine
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learning [Farjow et al., 2011; Mahfouz et al., 2013b,a| that are further introduced in

Chapter IV.
Q026

Figure I.18: An example of pattern matching

The fingerprinting methods are very prospective, allowing configurations of complex
scenarios with high flexibility in real applications. This method circumambulates the
uncertainty of direct conversion of the signal strength to the distance as mentioned
before. Instead, it directly employs the values of signal strength which could be con-
sidered as modeling of scenario reflecting much more real environment. Therefore, it
is also considered as range-free method. Note that, although utilizing connectivity in-
formation is more robust than estimating distances using RSSIs, the distribution of
anchors and nodes would highly affect the accuracy of the positioning algorithms. Un-
like connectivity-based methods, the fingerprinting methods perform well even with
low-density anchors in the network.

In order to improve the estimation accuracy, it is practicable to combine different meth-
ods, like inertial navigation measurements to improve the precision of localization. In
the application of indoor localization, it is possible to use the additional lightweight
devices for example accelerometer or gyroscope for localizing and tracking the objet
moving in indoor environment [Hsu and Yu, 2009] along with the fingerprinting meth-
ods as discussed in the following chapters.

[.3 Content Organization

This thesis concentrates on the localization problem settled in an indoor environment.
It explores couples of methods around the RSS based localization method, for instance
the fingerprinting as mentioned above. It also manages to combine other useful measure-
ments that would help localize an unknown node in the case of movements, for instance
the inertial information derived from accelerometer and gyroscope to correct and further
refine the measurement precision. With regarding to the solution, it equally introduces
the interval analysis technique and Kalman filter with which all the measurements are
dealt in respective way to infer an approximated position estimation.

In what follows, at the very beginning, Chapter II introduces a new trend mathematical
technique, the interval analysis. This theory is able to include all solutions of sets of
inequalities, nonlinear equations even non convex global optimization problem. It is
proposed since 1960’s and developed until nowadays owning its own journal and regular
international conferences. It pursues the guaranteed results depending on rather simple
computations which are feasible and applicable in real processing platform. The core
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of this technique relies on the concept of an interval [x] = [z, Z], in which lower bound
and upper bound constrain the possible solution into a box.

Chapter III presents a centralized localization method using radio-fingerprints and ac-
celeration measurements. In this method, all measurements are collected and processed
at the central fusion station. The computations lead to two estimates, the first offered
by a pattern matching approach based on RSSI and the second offered by the mobility-
based 2-nd order integration equation. The solution is given using the interval analysis
technique. This framework takes all the measurements uncertainties into consideration
leading to an interval box of location estimates.

In Chapter IV, the localization algorithm is extended to the clusterized scheme. Indeed,
clusterized algorithms are more feasible and flexible in a large scale sensor network of-
fering much more opportunity in a variety of applications. In this case, the whole
surveillance area is divided into several small areas on request where a calculator is
settled separatively serving as individual central station. The localization is then exe-
cuted at the relative individual stations at each small area. The computation at these
small areas is similar to that of the centralized algorithm mentioned in Chapter III. The
solution is given using either interval analysis or Kalman filter. Moreover, the attitude
of node is possibly to change such as in the case of pitch, yaw and roll directions. This
chapter makes an additional extension to the primary movement model by considering
the rotation of nodes, equipped with gyroscopes in addition to their accelerometers.
In view of current trend and application requests nowadays, Chapter V proposes a local-
ization method based on scenario of zoning applying on the area addressing localization.
Instead of locating a node at an exact point, it addresses the indicator of room or part
of the area where the node actually resides. This method is nominated as zonage in
french or zoning as normally speaking. In this part, several zoning attempts are illus-
trated and compared with some fashionable classification methods since categorizing a
node to a corresponding zone is possibly considered as classification initiatives. This
part employs also interval technique with mobility measurements to help deciding the
probability of an area where a node drops in as well as testing with real data.

Chapter VI finally makes a conclusion and describes the perspectives. This thesis dis-
cusses a hybrid localization method making use of measured RSSI and mobility informa-
tion. Interval technique and Kalman filter are both introduced to solve the localization
problem from different views. This work is not an ending but many perspective facts
remain to be considered and improved. Especially in real cases, the online measure-
ments are empirically blurring due to the surrounding factors. It always remains a great
challenge for the researchers in this domain to estimate correctly the real locations with
minimal errors.
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n a majority of engineering applications, the nonlinear problem is fre-
'~ quently encountered and addressed in reality however looking forward to
a robust solution. Such kinds of mathematical 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-convex cost function. Interval analysis
provides a framework for solving such problems in a guaranteed way. The basic idea
lies in enclosing all the possible scalar or vector solutions of the problem, leading
to intervals or pavings/boxes, ensuring guaranteed results unlike some classical nu-
merical approaches, even with strong nonlinearities and discontinuities. Instead of
performing an inner approximation of the solution by computing single estimates,
interval analysis consists of performing an outer approximation leading to paving
boxes. The solution boxes ideally and consequently include the exact solutions of
the problem, and also all computation and measurement incertitude. Not to mention
that it is extremely simple and easy to implement in on-board equipments such as
distributed wireless sensor networks. This chapter gives a general view of interval
analysis, including the basic operations, functions and functional solvers.
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II. INTERVAL ANALYSIS

II.1 Introduction

For various reasons, interval analysis have been with limited impact in engineering
applications until early 90’s last century. Since then, it has turned back to the acting
stage definitively. Interestingly, issuing from 1950s and 1960s, the notion of interval
was once motivated by the procedure of calculating v/2 [Sunaga 1958; 2009]. It is thus
recommended to firstly glance at the demonstration of procedure of square rooting of
numeral 2 as in Figure II.1.

14 1 042
142,00, 00, o, 00

1
24T 00

a6
28130 0

2828204 0 O
56564

Figure I1.1: Procedure of calculating V2

As inferred in that contribution [Sunaga 1958; 2009, firstly it is calculated up to numeral
1, as 1 is the maximum real number whose square value is inferior than object 2. Then
it is proceeded to sign at the follow decimal places as 1.4, 1.41, 1.414 etc. The author
questioned the meanings of this sequence of numerals and proposed that numeral 1 does
not simply denote a rational number, moreover it implies that, in the consequence steps,
one value from 0 to 9 is definitively picked up as the following decimal place under the
decimal numeral system. Namely, the obtained numeral 1 implies in fact an interval
counting initially from 1 and up to next integer numeral 2, concluded as the interval
[1,2] containing all numbers from 1 to 2. By such 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] etc. This procedure
of calculating v/2 gives a hint that the inference of /2 is acquired practically under the
assumption of series of intervals.

Thereout, as concluded, the concept of an interval is considered more fundamental and
illustratable than that of a real number. Furtherer, such kind of interval ensemble is
possibly to be derived simply from only one rational number rather than two rational
numbers, such as the numeral 1.414 which actually signifies an interval, for instance
[1.4135,1.4145] by rounding off. Therefore, what do all of this inference mean? To
describe a physical quantity, the representation of an interval is more suitable than a
concrete real number. This transition also allows a certain breadth for the physical
quantities description. The interval concept is also considered as an applicable tool
which is capable to link the pure mathematics with reality, as well as pure analysis with
applied analysis.

In consequence, interval analysis arose and promoted at historic moments [Sunaga 1958,
Moore 1966; Kearfott et Kreinovich 1996; Jaulin et al. 2001]. This analysis is an ap-
proach of mathematical computation aiming at operating sets, instead of numerical
numbers. It is attached to solve the unsolvable problems by many normal ways, such
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I1.2 Definition 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-convex cost functions [Hansen et Walster 2003| as shown in
Figure I1.2. It provides then guaranteed conclusions enclosing all the solutions of the
addressed problem, even works with strong nonlinearities or discontinuous sets. All of
the guaranteed operations rely on the robust properties of interval or paving(boxes)
which will be introduced in the following sections.

Z A
1

?\ﬁ

X 4

(a) - Non-linear Equations (b) - Non-linear inequalities  (c) - Non-convex function

G1

Figure I1.2: Problems attached. (a) demonstrates the case of two curves with crossing
points, (b) demonstrates the case of a curved plan cut by a curve and (c) demonstrates the
case of non-convex surface.

I1.2 Definition of intervals

The set of all variables ¢ satisfying the condition of o < ¢ < S is called an interval. It
is denoted by [a, 5]. An example is shown in Figure II.1 below.

A B

3 4 5 7

Figure I1.3: Two examples of interval

Interval A is denoted by [3,4], also interval B is denoted by [5,7]. Generally, in a real
space R, a real interval [z] is a connected subset included in R, defined as in Eq. II.1
below,

[z] =[z,Z]={zeR |z <z <T}, (I1.1)

where z and T denotes respectively the lower bound in f[x] and the upper bound sup|z]
of interval [z]. Both of the bounds could be finite or infinite. An empty set ) is
considered also as an interval if indicator () represents the absence of solution for certain
problem. Note that, the ensemble of all the real interval is denoted by IR. There are
couples of terms very useful in applied cases such as width and center. The width of
an interval [z] # (), one of the distinctions of [z], is defined as in Eq. II.2,

w([z]) =7 —z. (I1.2)
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II. INTERVAL ANALYSIS

w([z]) owns equally the attribute of denoting the size of interval [z] which is determined
by the uncertainty of the quantity . The interval is degraded as null if its width is equal
to zero, consequently denoted and identified by real number x. Another distinction of
[x] is its center defined as in Eq. II.3,

c([z]) = . (IL.3)

Based on these notations, a very useful formula is introduced to present the interval [x]
in another modality. In fact, any interval [z] is able to be transformed as the expression
of Eq. 1.4,

~w([z))] = e([z]) + 5 - w(la]) - [-1,1]. (I1.4)

This equation is quite handy and applicable in need of using interval analysis which will
be demonstrated in the following.

The concept of interval in one dimensional space as in Figure II.1 is further required to
be extended into multidimensional case. In a two dimensional case, a planar box [z] is
constructed by aligning two intervals [z1] at axis z1 and [z9] at axis x5 paralleled as in
Figure I1.4. This could be equalized as [x] = [z1] X [x2]. Generatively, an interval vector

x2

Figure II.4: An example of 2D interval

[x] denoting a subset of R™ can be derived by the cartesian product of n intervals [z;]
which is defined as closed. The n-dimensional interval or vector [x], also called paving
or box, is written as in Eq. I1.5 below,

[®] = [x1] X [®2] X ... X [2y], i =1,..,n, (IL.5)
where [z;] = [2;,7;] denotes the i-th interval component projected onto the ith axis of

vector [x]. Note that an empty set of R™ is denoted as ()1 x (3 x ... x 0, if and only if all
of the interval components are empty. This assumption guarantees the unique notation
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I1.3 Calculus of interval analysis

of a given box. Extensively, the lower and upper bounds of a box [x] are both bound
vectors composed of all the components’ lower or upper bounds as in Eq. I1.6,
= (ﬁa L2y ey m_n)Ta

(IL.6)
x = (x_lax_Qa "'7%)71'

Similarly, the width of [x] is defined as the maximum width existing in the set of all
the components, as in Eq. I1.7,

w([z]) = maz1<i<pw([zi]), (IL7)

whereas the center of a box is taken as the vector center stretched along each projected
axis as in Eq. IL.8,

c([2]) = (e([z1]), e(fwa]), ooy elfn])) " - (I1.8)

I1.3 Calculus of interval analysis

Once the concept of interval is defined, it is feasible to apply the usual operation rules
of sets to the interval framework, since interval analysis theory is founded on the set
theory and its computation is in fact a special case of computation on sets. Based on
this attribute, kinds of useful algorithms are developed and defined as consequence. In
this section, basic operations are firstly put into discussion to get a prior knowledge,
then they are followed by the inclusion function and subpaving which are deemed to be
used in interval analysis algorithm SIVIA and the determination of contractors.

I1.3.1 Basic tools

On the basis of the discussion of preceding sections, the real interval virtually possesses
double natures, represented as real number as well as set, which benefit eventually in
applying the normal set and number operations on interval space. As a consequence, it
is possible to define the concrete operation rules in interval framework [Moore et Moore
1979; Kearfott et Kreinovich 1996; Jaulin et al. 2001]. On account of this nature, basic
interval operations are divided into two ways, one based on set/ensemble operations
and another based on arithmetical operations.

I1.3.1.1 Set/ensemble operations

Similar with the set theory, the basic set operations are equally suitable to an interval
[z] of R. For two real intervals [z] and [y] of R, if the condition of z > y and T <77 is
satisfied, it is naturally concluded the inclusion relationship of [z] and [y] as in Eq. IL.9,

[z] € [y], if Vo € [a], 2 € [y]. (I1.9)

The intersection of [z] and [y] is defined as in Eq. II.10 which is also an interval,

_ 0, ifT<yory<uz,
=10 ] = { [max{z, y}, min{z,7}], otherwise. (T1.10)
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The interval union of [z] and [y] is nevertheless an exception, which is not the case of
their union as [z] U [y] = {z € [z] or z € [y]}. Indeed, [z] U [y] is not necessarily a
connected interval. As consequence, a new interval union of [z] and [y] is defined as
[x] U [y] and expressed as in Eq. IT.11,

(2] U [y] = [min{z,y}, maa{z,7}] . (IT.11)

The relationship of [z] deprived of [y] is defined as [z]|\[y] = [{z € [z]| = ¢ [y]}]. Alter-
natively it is expressed also as in Eq. I1.12,

z,yl, ifz<y<zT<7,
[z\[y] = @[’]ﬂ’ ify<z<j<t (11.12)
x|, else

Example 1 The ensemble operations of intervals are illustrated as follows:
[1,6] N [4,9] = [4,6],
[_172] U [47 5] - [_175]7
[1,4] \ 3,5] = [1,3].

11.3.1.2 Arithmetic operations

The real interval is actually composed of real numbers. The double natures of real
number and set also permit to apply rules of arithmetics on intervals. There exist four
fundamental operators such as addition (+), substraction (—), multiplication (*) and
division (/) possibly extended to intervals. For generalizing, let symbol ¢ denote any
binary operator among (4, —,*, /) bridging [z] and [y] as in Eq. I1.13,

@] olyl = {zoy € R |z e o], y € [y}, with o€ {+,—/}. (IL.13)

More specifically, the associated operation is performed using the real numbers, namely
the lower bounds and upper bounds of individual intervals, defined as in Eq. 11.14,

[z] o[yl = [min{zoy,z07y,Toy,Toy},max{z oy, oY, T oy, ToT}| (I1.14)

Note that this definition is true for division in only cases where [y] does not include 0.
Otherwise, one or the two bounds of the resulting interval would be infinite. Eq. I1.14 is
possibly simplified in further for the addition and substraction operations as in Eq. I1.15,
T+ Yy =z +y,T+Y,
[z] +[y] = [ LT vl (1115)
(2] -yl = [z -7,7 -yl

Additionally, the operations of negation (—) and square () are also applicable to interval
computations as in Eq. II.16,
—lz] = {—al z € [z]}] = [-T, —2],

[2]F = {a¥| = € [2]}, ke {1,2,..}. (IL.16)
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As for the operations of multiplication and division, under the condition of both bounds
are absolutely positive, the relative interval computations is possible to be included as
in Eq. 11.17,

[z] # [y] = [z *y, T +7],
[]/[y] = [z/9.7/y], (11.17)
(af? = 22, 72).
Note that, in Eq. 11.16, [z]® # [z] * [z]. For instance, [—1,2]? results in the interval

[0, 4] rather than [—1,2]*[—1,2] = [—2, 4] that should be distinguished in computations
applied on intervals.

Example 2 The arithmetics of intervals are illustrated as follows:

[172] + [47 5] = [577]7
[_175] - [173] = [_474]7
—[=5,6] = [-6,5],
[—1,3] * [-2,5] = [-6, 15],
[—2,4]/[-1,2] =] — 00, +o0], since 0 is included in [-1, 2],
[1,2]% = [1,4].

11.3.1.3 Operations extension to interval vectors

Since an interval vector [x] € IR" is derived from the cartesian product of n one-
dimensional intervals [z;], ¢ € 1,2,...,n as in Eq. IL.5, the basic operations of one-
dimensional interval [z] is equally applicable to each dimension modifying the corre-
sponding multidimensional interval []. Accordingly, the basic notions on sets and
arithmetics for ordinary intervals are extended into interval vectors as follows.

In the first place, a vectorial set/ensemble, denoting a paving or a box, [x] € IR"
is considered to be included in another vectorial set/ensemble [y] € R™ if all of the
components in [x] are included in associated components of [y], as in Eq. I1.18,

] C [y], if Vi, [z Clyi], 1 <i<n. (I.18)
Intersection of [x] and [y] of IR" is also a vector of IR" defined as in Eq. I1.19,

[ o if 34, 1<i<n, [z]Nly] =0,
[x] N [y] = { ([z1) N [ya]) x (Jz2] N [ya]) X ... X ([zn] N [yn]), otherwise.
(I.19)

For example, the intersection of [—1,2] x [2,3] and [1,5] x [6,9] leads to [1,2] x 0.
This result could be considered correct but inconsistent as the resulted interval [1,2] is
supposed to be the projection onto the first axis. It is also possible to consider that the
intersection interval vector is ()"* since the second component is empty.
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The union of [x] and [y] of IR™ is the cartesian product of all unions U of all components
of intervals [z] and [y], denoted as in Eq. I1.20,

[2] U [y] = (1] U [3n]) > (f2] U fya]) > . x ([a] U [yn])- (IT.20)

The vector [x] deprived of [y] is also a vector denoted by [z] = [x]\]y], whose com-
ponents [z], 1 < i < n, are further illustrated in condition as shown in Eq. I1.21,

[Zz] _ { [xz]\[yz], if Vj 7é 1,1 <j<n, [:C]] - [yj]’ (H.Zl)

[xi], otherwise.

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

[1,3] x [2,5] N [2,4] x [=1,4] = [2,3] x [2,4],
([=1,1] x [3,5] x [2,4]) U ([1,2] x [4,7] x [0,1]) = [-1,2] x [3,7] x [0,4],
([1,5] x [1,4])\([2,5] x [0,6]) = [1,2] x [1,4].

Another extension to the interval vectors is the application of classical arithmetic opera-
tion equally due to the double natures as mentioned above. The notions of arithmetical
operations (4, —, *, /,”) are all considered in terms of a symbol of binary operator ¢ for
the interval vector computations as in Eq. 11.22.

[2] o [y] = ([z1] o [ya]) x ([za] @ [3n]) > .. > ([zn] © [yn])- (I1.22)

Additionally, some classical algebraic properties on arithmetics such as commutativity
and associativity applied on addition and multiplication are equally suitable for the
interval vectors, such as in Eq. I11.23,

[x] + [y] = [y] + [=],
2] * [y] = [y] * [z],
a-[x] = (a-[z1]) x (- [22]) X ... x (- [w]), (I1.23)
[w]T * [y] = [«Tl] * [yl] + [xg] * [y2] + .+ [xn] % [yn]’

where o € R, T" denotes the transposition operation. The distributive law of ordinary
arithmetics fails to apply. However it is dropped into a sub-distributive law as in
Eq. 11.24,

[z]  ([y] + [2]) € [a] * [y] + [2] * [2]. (I1.24)

Moreover, the properties of inclusion of sets operations is combined with the intervals
operators with attribute shown as in Eq. 11.25,

[21] o [y1] € [w2] o [ya], if [x1] C [22] and [y1] C [ya]. (11.25)

All these properties provide thus the feasibility and the theoretical foundation in ap-
plying interval analysis on solving the approximation problem.
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I1.3.1.4 Inclusion functions

In this section, the interval analysis is further explored leading to the interval function
oriented analysis. Consider such a case often encountered in signal processing system,
with an existing variable & which is a vector of R™. It is required that variable € R" is
called for being mapped into another defined space R™, leading to a mapping function
f(x) associated to the argument @. This procedure is defined as in Eq. I1.26.

f:zeR" —» f(x)eR™ (11.26)

If the argument @ is a vector included in an interval vector [x] € IR", then its function
f(x) turns to be an interval function with argument [x] defined as in Eq. I1.27,

f(=) ={f(z) | = € [z]}. (I1.27)

Here it comes to the following question: towards the function f([x]) with interval vector
argument [x], is there any general method to define exactly the coverage area of such
a function? The problem here is that f([x]) is not necessarily an interval. To resolve
this query, the concept of inclusion function [f](o) corresponding to original function
f (o) is introduced here and defined as in Eq. I1.28 satisfying condition shown also in
Eq. 11.28.

[f([z]) = {f (=) |z € [2]}], satisfying

V[x] c IR™, f([z]) C [£f]([z]), (I1.28)

where [f([x])] € IR™. A physical signification of inclusion functions with n = m = 2
is illustrated explicitly in Figure II.5. The inclusion function [f*]([x]) is the minimal

’ (L)
g - (=) L
22 [ = £(l=) -

Figure II.5: Illustration of inclusion functions

function if, for any input [x], [f]([x]) is the smallest or the most compact box containing
f([x]), uniquely denoted as [f*]([x]). According to the illustration above, it is obvious
that there exist many possibilities of inclusion function [f]([z]) since it is possible to
be an arbitrary interval paving/box that is able to enclose the original sets of solutions.
Concerning this, the selection and construction of inclusion functions will influence
the purity of resulted enclosing function. Consider a special case of inclusion function
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[f]1([z]) € IR with input argument = € R, the most fitted inclusion function could be
simply abstracted by Eq. I1.29 as below,

[F1([z]) = [mind f(z), f (@)}, max{f(z), f(T)}]. (I1.29)

Additionally, an inclusion function [f] is considered to be inclusion monotonic function
if it satisfies the condition as shown in Eq. I1.30,

] Cly] = [f(=]) < [F]([y])- (I1.30)

This definition is true in only cases where the function f owns the monotonicity property,
either increasing or decreasing with increasing argument . An example could be given
by the extensive exponential function expressed in terms of intervals as in Eq. 11.31,

[exp®]([z]) = [exp(z), exp(T)]. (IL.31)

as well as the logarithmic function as in Eq. 11.32,

[log"]([z]) = [log(z), log(T)]. (I1.32)

It is also nevertheless possible to define a restricted non-monotonic function as a renewed
monotonic one. For example, the function sin is restricted as monotonic with input [z]
- 47

limited in interval [, %] as shown in Eq. IL1.33,

[sin*]([z]) = [sin(z), sin(T)]. (I1.33)

The inclusion vector function f, defined at the very beginning of this section, mapped
from R” to R™ is alternatively expressed by the cartesian product of m inclusion func-
tions [f;] € IR,7 € {1,2,...,m} mapped from sets of inputs of IR"™. Thus an inclusion
function f is given actually as in Eq. 11.34,

[F1([2]) = [A](=]) < [fa]([2]) > ... x [fm]([]). (IT.34)

This definition of [f] hints that the inclusion function [f] is convergent (thin, minimal,
inclusion monotonic), if all its coordinates functions [f;]([x]),7 € {1,2,...,m} are con-
vergent (thin, minimal, inclusion monotonic) respectively. Moreover, comprehensively,
this nature permits and facilitates the interval analysis in multidimensional functional
background in many real cases.

Example 4 This example shows four different formal expressions of the same contin-
uous function f(x),

filx) =z (x+1),
f2(fE) :$*$+IE,
f3(z) = 2* 4z,

1 1
fa(z) = (z + 5)2 -7
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The evaluation of their separate inclusion functions with input [x] = [—1,1] is given in
the following and also illustrated in Figure 11.6.

(@) = [e] % (] +1) = [-2,2),
[Fl() = [o] 5 o] + 2] = [-2,2),
o)) = of? + fa] = [-1,2),
@) = (2] + 37— = [-7.2

According to the plot, [fa] is the minimal inclusion function, leading to the smallest
interval. However, all other intervals includes the resulting interval of [f4].

The information reveals from the various results that the inclusion function could be
a variety of frames. On the other hand, accuracy of interval computation much relies
on the formal expression of function f. Analytically, interval [z] participates only once
in the interval equation fy, the corresponding inclusion result thus encloses tightly the
real solution as [—1,2], illustrated as interval [fs] in Figure IL6.

f(@)

/

—i\// 1| |ifd]

[f3]

Figure I1.6: Variety of formal inclusion functions resulting in different resulting intervals

I1.3.1.5 Inclusion tests

The inclusion tests are introduced to figure out whether all elements of a given box [x]
satisfy a given property corresponding 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

B = {0,0,1,[0,1]}, (11.35)

where () means empty, 0 means false, 1 means true and [0, 1] means indeterminate. Since
a test is defined from domain R” to B as a function ¢, an inclusion test is performed from
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domain IR" to IB as a function [t]. For any [x] € R", [¢] is determined by Eq. II.36.

([B(z]) = 1) = (Ve €[], t(z) = 1),
t :

1
([f)([=]) = 0) = (vVx €[], t(z) = 0) (IL.36)

Example 5 Let the test t for [x] = [x1] % [12]: R? — {0,1} given by
L if -2 20,
Hz) = { 0, if a1 — 2y <O. (IL.37)
An inclusion test associated to t is given by

, if TT— a3 <0, (11.38)
0,1], otherwise.

1
[1]([=]) = fE

Now let A be a set of R™. The test ts(x) denotes whether & € A or not. An inclusion
test [ta] associated to ta is programmed in Eq. I1.39.

(ta]([z]) = 1) & (Vz € [z],ta(z) =1) < ([z] CA),
([tal([z]) =0) & (Vx € [z],ta(x) =0) < ([z]NA=10), (I1.39)
(ta)(fe]) = 0,1) & [2] A £ 0 but [2] £ A.
If there exist two inclusion tests [ta] and [t,] € IB satisfying,
Viz] € IR™, [ta]([e]) C [fa]((]), (IL.40)

the inclusion test [ta] is said to be more accurate than [t,]. Couples of properties
on set/ensemble operation are equally able to be applied on inclusion test [t], such
as union, intersection or complementation. If, V € R" [ta](x) # [0,1], then test [ta]
is supposed to be thin. For two such thin inclusion tests [ta]([x]) and [tg]([x]), the
inclusion tests for their integrated sets ANB, AUB and A ={x € R" | © ¢ A} are
defined consecutively in Eq. I1.41.

[tars]([z]) = (
[taus]([z]) = ( [=]) U [te]([x]), (IL.41)
[t-()]([#]) = ~[tal([z]) =1 = [ta]([2])-

I1.3.1.6 Subpavings

A paving or a box is denoted by an interval vector [x] of IR". From the view of extreme
approximation in optimal analysis, any form of [x] is possible to be redefined as a union
of sufficient small pavings [x]; of IR™. A subpaving [Jaulin 1994; Kieffer 1999; Sam-
Haroud et Faltings 1996] is considered as a set of non-overlapping pavings/boxes of IR",

subpaving = U[m]k, with ], N [x]; =0, k # 1. (I1.42)
k
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I1.3 Calculus of interval analysis

When a succession of finite operations of bisection and selection is carried out on an
interval vector [x], smaller and more specific boxes are deemed to be generated. The
set of such attentive boxes is considered to be a regular subpaving of [z] illustrated in
gray in Figure I1.7. To formulate the concept of subpaving precisely and illustratively,

2 units

1 unit

0 1 unit 2 units

Figure IL.7: A regular subpaving
consider first an interval vector [z] of IR",

[z] = [21] X [w2] X ... X [x)] (IL.43)

— o1, 7] X [22,73] X .. X [2n, T,

Then select the j—th interval [z;] who owns the maximum width among all interval
components through Eq. 11.44,

j=min{ i | w([z;]) = w([x])}. (I1.44)

Then, the first batch of subpaving is obtained by calculating as in Eq. 11.45, where L
and R respectively denote the left side and the right side of [x]. This is called the
bisection process. By making a fusion of both sides L[x] and R[x], one obtains the
parent paving [x].

. Tj+T; .
L[SC] = [ﬂ)xl] X ... X [ﬂ, _T] X ... X [CC_n,fEn],
5 +7

2

(11.45)

VTG X oo X [T, Ty

Consecutively conduct and repeat the phases of bisection as above, the generations of
paving of [x] are then produced in notions of LL[z|, RL[x], RR[x],..., etc. Refer to the
box in Figure I1.7 supposing that 1 unit equals to 1, a subpaving of [z] = [0,2] x [0, 2]
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is generated as follows,

LRR[z] = 1, ;] < (1,2,

LLRRR|x] = [;, Z] <1, g],
LLRRRR[z] = [;, g] < [g, g].

Alternatively, the bisection procedure could be represented by a binary tree structure in
an computer environment since the partitioned parent and the descendant groups look
extremely similar with a tree. A binary tree is composed of a finite set of nodes. This
nodes set could be empty, could be a single node namely the root of the tree, or may
additionally contain two binary subtrees downside whose intersection is supposed to be
empty. According to this assumption, an example of a tree structure is illustrated in
Figure I1.8 which is capable to give more detailed bisection rules. In the illustration of

Figure I1.8: A tree for regular subpaving

subpaving, suppose one unit equals to numeral 4. Node A, the root of the tree, stands
for the initial box [x] = [0,8] x [0, 8] partitioned as follows. B and C' are the left and
right generations of A, corresponding respectively to the sub-boxes [0,4] x [0,8] and
[4,8] x [0,8]. The sub-box B is also partitioned leading to the sub-box [0, 4] x [0,4] or
notation D. D has no following subtree thus it is considered as a leaf in the tree. Putting
1 next to D means that D is selected in the subpaving. In the part of right generation,
node C further produces next generation at right side, or subtree, denoting part of
right-up corner [4,8] x [4,8] or notation E. Generation E owns the next generation
of double sides, denoted respectively by [4,6] x [4,8] (selected with 1 next to it) and
[6,8] x [4,8], further bisected leading to additional sub-boxes. Subdivision of the tree
continues until all sub-boxes are selected, as shown in Figure II.8. The number of the
necessary steps of bisections from the root node to form a box is defined as depth of the
box. For example, box E goes to depth of three. A tree is considered to be minimal if
it has no sibling leaves which could be obtain by cutting the leaves of any non-minimal
tree representing a subpaving of initial box .
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The basic operations on regular subpavings is likewise willing to be presented here
with aid of binary tree since the subpaving represents and illustrates alternatively the
available box [z]. There exist four basic operations paving-oriented enumerated as
reuniting the sibling subpavings, intersecting subpavings, taking the union of subpavings
and testing whether a box is included in a subpaving.

The sibling subpavings as mentioned above are actually 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 described 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 first generation of parent [x],
the computation of reunited subpaving Z = (X,Y) € RSP([x]) is as followed.

o if X = L[x] and Y = R[x], then the reunited subpaving Z = [x]|;
o clse if X=0 and Y =0, then Z = ;

e clse, LZ =X and RZ =Y.

If intersecting two regular subpavings X € RSP([z]) and Y € RSP([x]), the intersected
result leads to the shared nodes in both trees, or boxes. This procedure is illustrated
as follows.

Algorithm 2 The intersection algorithm:
e if X=0o0rY=0, then Z =0;
o clse if X = [x], then Z=Y;
o clse if Y = [x], then Z =X;
e clse, Z = (INTER(LX, LY, L[x]), INTER(RX, RY, R[x])).

If uniting two arbitrary subpavings X € RSP([z]) and Y € RSP([x]), a new expanded
subpaving Z = XU Y € RSP[z] is obtained simply by putting all nodes together.

Algorithm 3 The union algorithm:
o if X=0orY=|x|, then Z=Y;
o clse if Y =0 or X = [x], then Z =X
e clse, Z = (UNION(LX, LY, Lz]), UNION(RX, RY, R[x])).

To make a judgement whether a box [z] is included in a subpaving X € RSP[x] or
not, tests are firstly applied to the root of tree [x], then to its left and right subtrees in
sequence and denoted by 1 and 0 if the inside judgement result is true or false.
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Algorithm 4 The inside algorithm:
o if [2] =0 or if (X is a boz [x] and [z] C [z]), then t = 1;
o clse if X =0, then t :=0;
o else, t := (INSIDE([z] N L[z|, LX) U INSIDE([z] N R[z], RX)).

I1.3.2 Basic algorithms

Under the basic knowledge on the operations and properties of interval ensemble, vector,
inclusion function and regular subpavings, it is possible to go further into introducing
two basic algorithms of interval analysis, which are able to be largely applied in the real
engineering problems. In this section, the inversion algorithm SIVIA and some compact
contractors are going to be discussed aiming to solve the non-linear equations problem.

I1.3.2.1 Set inversion SIVIA

In many cases, the problem often encountered is solving the inversion function given
a range of the function values. For example, let f be a function with argument x
respectively in real spaces of R™ and R™. The inversion function of function f is
obtained as shown in Eq. 11.46,

y="rfz) = o=7"(y) (I1.46)

Similarly, given a possibly non-linear function f : R™ — R™ and a subpaving Y C R™
obtained from f. A set inversion operation is defined as computing a subpaving in R"
denoted as in Eq. 11.47,

X={x cR" f(x) e Y}=f (V). (11.47)

In order to approximate the solution of subpaving X, for any function f admitting a
convergent inclusion function [f](-), two regular subpavings denoted by X and X which
constrain the inner and outer bounding approximations for X as in Eq. 11.48,

X CXCX, (11.48)

are to be worked out. An algorithm called SIVIA (set inverter via interval analysis) is
invented to solve this problem [Jaulin et al. 2001]. To acquire a guaranteed subpaving
of X, SIVIA algorithm demands a very large database denoted as search box [x]o. The
procedure of SIVIA algorithm to infer a solution of X and X is illustrated in a simplified
example as Figure I1.9 where four cases possibly encountered are explicated as follows.

e If the intersection of [f]([x]) and Y is not empty and the former is not entirely
included in the latter, then [x] is considered to be containing a partial solution
set. This box is firstly assumed to be under-determined. If the width w([x]) is
greater than a threshold parameter ¢, then it is decided to be bisected and tested
recursively once updated. Figure I1.9-a
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e If the intersection of [f]([x]) and Y is an empty set, then [x] actually does not
belong to X. As consequence, this value could be cut off from the solution tree.
Figure I1.9-b

o If the [f]([z]) is entirely included in Y, then [z] is considered as belonging to the
solution subpaving X and stored in two bounding subpaving of X and X. Figure

I1.9-c

e If [x] is determined as ambiguity box but with a small enough value of width
w([z]) sentenced by e, then it is acceptable and stored in the outer approximation
X of X. Figure I1.9-d

X T space y space X x space Yy space

@] =l @] 2],

o @A\ ?7 o ’ f

|0 /o y "
(a) - undetermined with w([x]) < € (b) - rejected

(c) - included entirely (d) - undetermined and outed

Figure I1.9: SIVIA

Algorithm 5 SIVIA algorithm based on an inclusion function:
o if [f]([x]) NY = 0, return; Figure II.9-b
e if [fl([z]) CY, then {X = XU [z],X = XU [z], return; }; Figure I1.9-c
o if w([x]) < e, then {X = XU [z], return; }; Figure I1.9-d

e SIVIA (f,Y,L[z],¢,X,X),SIVIA (f,Y, R[x],¢,X,X). Figure II.9-a

The recursive 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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11.3.2.2 Contractors

The SIVIA algorithm pursues stitched subpavings playing the role of inner and outer
approximations for the non-linear problem. Alternatively, as regard to another thinking,
consider firstly a function f of R™ whose coordinates vectors are composed of functions
fj»3 €1,2,...,m, which are in form as in Eq. I1.49,

fj(.%'l,wg, ...,.%'n) =0, je€ {1,2,...,m} (11.49)

where the arguments of function f;, namely vector @, is expressed as = (x1, %2, ..., Tp)
whose prior domain is also determined as [x] = [z1] X [z2] X ... X [x,]. According to
this, the function f could be written in vector form as f(x) = 0, which corresponds to
a constraint satisfaction problem(CSP) H formulated as in Eq. I1.50,

H: (f(x) =0, ze€z]). (I1.50)
Thus this problem is only finding the solution set of R™ as in Eq. I1.51,
S={x e [x] | f(x)=0}. (I1.51)

Normally, such CSP problems are likely to involve equality and inequality constraints
operated both in discrete domains, like the values taken from z; belongs to finite sets,
as well as in continuous domains, like subsets of R or intervals [Clowes 1971; Cleary
1986.

In the framework of sets, a possible solution of CSP problem could be defined as an
outer approximation of the real S. The interval based methods do not only provide a
guaranteed enclosure [x] of S in time and space, especially, it offers an opportunity of
contracting the solution of H into smaller domain [2'], which means,

S c [@] C [z]. (11.52)

If [x] is able to be contracted into a smallest box containing S, that is considered as
an optimal contraction of H. Accordingly the contraction operator is nominated as
contractor denoted by C.

Aiming to solve some specific classes of CSP problems, there exist several basic con-
tractors which are efficient even for a much larger class of C'SPs. In the following
section below, the basic contractors, Cqr, Cags, Cx and C|4, used to get efficient inter-
valized /interval finite solvers are presented to deal with various optimization problems
and resolution of equations and inequalities.

Consider the CSP H : (f(x) = 0, « € [x]), a finite subsolver could be obtained by
computing the values of some variables z; while some other variables xz;, j # i, are
known. The formal definition of a subsolver is determined in virtue of the definition
of a subvector of a given vector . The vector u = (uy,usg,...,uy,) i a subvector
of vector x = (x1,x2,...,x,) if there exists a subset Z = {iy, 9, ...,4n, } belonging to
set {1,2,...,n} such as u = (x;,%,,...,T;,,) equally possibly written by u = 7.
Meanwhile, if there is a subset J = {jl,jg,...,j%} of the same vector x carrying
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subvectors v = x 7 satisfying Z N J = (), then a finite subsolver of H is defined as a
finite set-values algorithm ¢ : u +— ¢(u) making Eq. I1.53 hold true.

f(®x)=0 = v e d(u). (I1.53)

The components of subvector w are the inputs of ¢ where those of v are the correspond-
ing outputs. More often, function ¢(w) is a singleton, translating Eq. I1.53 to Eq. I1.54,

v = ¢(u). (I1.54)

Notion of subsolver ¢ is equally applied on interval counterpart. An inclusion function
[@] of ¢ transformed from R™ to R™¢ satisfies for all pavings/boxes wu,

o([u]) C [@l([u]), where ¢([u]) = UyepP(w). (I1.55)

As a consequence, if [¢] is an inclusion function of ¢, a contraction of H can be derived
by updating each domain [z;],j € J by the domain [x;] N [¢;]([u]), such as in Eq. I1.56.

(] =[] 0 [¢]([ae])- (I1.56)

One classical Gauss elimination contractor is proposed to solve the CSPs of square linear
systems of interval equations. For a specific CSP problem shown as in Eq. 11.57,

. ( A<[Al,beb],p < p]
H: ( Ap—b = (0) , (I1.57)
with
ai; a2 v Aip, by
An,1 Anp2 0 Qnpn, bnp

The Gauss elimination procedure is considered as a finite subsolver permitting to com-
pute p when input vector uw = (a1, @12, ..., Gnyn,, b1, b2, ..., by, ) is known inferred from
the set of variables of H x = (a11,a12, ..., Gnyn,, P1, P2, -, Py, b1, b2, ..., by, ). The oper-
ator of Gauss elimination is defined as in Eq. I1.59,

Car([A], bl [p]) — ([A],[0], [p] N [@]([A], [p], [b])), (I1.59)

where [¢](+) is given by Algorithm 6. GE denotes Gauss elimination contractor for CSP
problem H.

Algorithm 6 Gauss elimination contractor:
1. fori=1ton,—1
2. sz € [CL”]

3. ([pl]a SX3) [pnp]) = R"™; return,
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4. forj=i+1ton,
5. oyl = lagl/laul;1bj] = [bj] — [ay] * [bi];
6. fork=i+1ton,
7. lage] = lagn] = log] * lail;
8. for i =mny, down to 1
9. [pi] = ([bi] = 2 j=iqalai] * [ps]) /el
A Gauss-Seidel based contractor is also proposed to solve the same CSP problem,

[ A€[A],be [b],p < [p]
H ( Ap_b:(é’) p > (I1.60)

where the matrix A is assumed to be square matrix. A is then deemed to be decomposed
as the sum of a diagonal matrix and its corresponding matrix making all the components
on diagonal equal to zero as shown in Eq. I1.61,

A = diag(A) + extdiag(A). (I1.61)
Consequently, Ap — b = 0 is equivalent to
diag(A)p + extdiag(A)p — b = 0. (I1.62)

Assuming that there exists the inverse matrix (diag(A))~! corresponding to diag(A),
Eq. I1.62 is rewritten as Eq. I1.63,

p = (diag(Ab)) ™1 (b — extdiag(A)p). (I1.63)

Then formulate a fixed-point subsolver for H as

A A
w(b)< b ) aLos
p (diag(A)) (b — catdiag(A)p)
Applying the inclusion function on % then leads to
[A] [A]
P | [b] = (0] . (I1.65)
[p] (diag([A]))~" ([b] — extdiag([A])p)

The Gauss-Seidel contractor is generated accordingly as

( [A] ) ( [A] )
Cas: [W]| [b] | — [b] . (1L66)
[p] [p] N (diag([A])) =" ([b] — extdiag([A])[p])
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Another basic contractor is proposed based on Krawczyk [Neumaier 1990]. Considering
the CSP H : (f(x) = (0),z € [z]), the Krawczyk contractor Cx utilizes the fixed-point
subsolver in the same manner as Cggs. If satisfying ny = n and a differentiable f, for
any matrix M,

flx)=0)s z—-—Mf(x)==. (I1.67)
The subsolver () is then defined as in Eq. I1.68,
YP(x) =z — M f(x). (I1.68)

Applying the centered inclusion function on 1 leads to Eq. 11.69,

[$)([z]) = (o) + [Ty]([2]) * ([2] = z0), (I1.69)

where [Jy] is an inclusion function for the Jacobian matrix of 4. x¢ is the center point
mid([x]) of [x]. Then a Krawczyk contractor reducing [x] is obtained by Eq. I1.70,

Cr ¢ [z] = [z] N (P (x0) + [Ty )([z]) = ([x] — 20)). (IL.70)
Substituting Eq. I1.68 into Eq. I1.70 leads to
Ci : [2] = [&] N (@0 — M f(zo) + (I - MIJf](2]) * ([2] - o). (ILT1)

where notion I is the identity matrix, [J¢] is an inclusion function for the Jacobian
matrix of function f. The matrix M is often defined as the inverse function J qen
computed at value y. The relative algorithm is illustrated as Algorithm.7.

Algorithm 7 Krawczyk contractor:

~

. g = mad([x]);
.M = J;l(w());
- Iyl =1 = M[Jy]([=]);

2
3
4. [r] =z — M f(zo) + [Jy] * ([x] — z0);
5

The fourth contractor, forward-backward contractor Cy4, is a problem solver on basis of
the principal of constraint propagation [Waltz 1972; Cleary 1986; Davis 1987; Benhamou
et al. 1999], enabling to reduce the domain of the CSP H : (f(x) = 0,z € [z]) by
iterating all the constraints consecutively with assumption of any f;(x1,z9,...,2,) = 0.
The dimension of f is not any long necessarily equaling to n in this case. Each iteration
on constraint give a different finite subsolver. Consequently the contractor C 4+ performs
the intersection of all various subsolvers to reduce paving/box [].

However, for each constraint in form of f;(z1, z9, ..., z,) = 0, f; is possible and deemed to
be decomposed into a sequence of operations, involving the basic operators (4, —, *, /)
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or functions (sin, cos,log, ...). Alternatively speaking, a constraint is decomposed into
the primitive constraints [Waltz 1972] which are in fact single constraints involving just
one single operator included in (+,—,%,/), or single function (sin,cos,log,...). The
contraction procedure is actually performed at each of the primitive constraints until
the contractor degrades to be inefficient.

Consider an example of constraint equation f(x) = 0 where f(x) = x;-exp(z2)+sin(zs).
The objected domains of variables x1,x9 and z3 are denoted as [z1],[z2] and [z3]. To
contract such domains by the forward-backward method, it needs firstly to write down
an imaginary finite sequence of elementary operations in interval counterpart to apply,
for example as in Eq. I1.72,

]
[a’?] = xl] * [a1]7
[as] = sin([3)); (I.72)
[y] - GQ] + [ag]

The forward-backward algorithm is conducted and concluded as in Algorithm.8.
Algorithm 8 Forward-backward contractor:
1. aa] = exp([aa]);
[ag] = [1] * [aa];
[as] = sin([z3]);

[y] = laz] + [as];

[az] = ([y] — [as]) N [az];
[as] = ([y] — laz]) N [z3]
[25] = sin™" ([as]) N [a3];
[a1] = ([az]/[z1]) N [an];
[z1] = (laz]/[a1]) N [z1]
11. [z9] = log([a1]) N [x2].

S T T R
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=
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=
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Besides these basic contractors, there exist also some extended and collaborative con-
tractors, as well as that for sets operations. Contractor is a very useful notion of interval
analysis since it is capable to downsize the search paving/box by a variety of thinking
nevertheless without any loss of all the possibilities. It also serves basically for an ad-
vanced function called solvers in concrete analysis, which is not included in this paper.
For more information about contractors, please refer to [Moore 1966; Moore et Moore
1979; Moore et al. 2009; Kearfott et Kreinovich 1996; Jaulin et al. 2001].
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I1.4 Conclusion

I1.4 Conclusion

Interval analysis technique is a guaranteed numerical approximation approach on sets
operations applicable on the unsolvable non-linear problem encountered many often
in the area of engineering. The main theoretical foundation relies on a rather simple
conception of enclosing real numbers in intervals, or real vectors in boxes ensuring guar-
anteed results and numerical processions. This chapter briefly introduces the concept of
interval analysis. Based on the basic operations such as on ensembles and arithmetics,
inclusion function is founded and employed to help producing the outer approximation
of problem solutions. Equally, subpaving, an inverse evaluation of function on basis
of subpaving planning of box [z], is then introduced in name of SIVIA leading to a
union of possible sets covering the real set of inner and outer approximations which
are generated from (). Supplementally, with the aid of contractors based on inclusion
functions, the initial possibly large search box [z] in solving constraint problems is able
to be reduced up to satisfy specification, however without any loss of possible sets of
solution of the optimal problem.

The next chapter will illustrate a combined centralized localization method with aid of
interval analysis showing how the interval analysis technique is employed to help localize
a mobile sensor in a wireless sensor network. Meanwhile, the corresponding reliability
is also analyzed.
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2 he capability of sensors for self-localization is one of the basic and cru-
cial requirements in ad-hoc wireless sensor networks. People prefer the
Y robust, flexible and reliable localization algorithms to ensure a guaranteed
5 estimation of sensors positions. Interval analysis technique, presented in
the preceding chapter, is capable to solve this localization problem in the interval
framework by introducing the uncertainties of relevant measurements in wireless sen-
sor networks. Measurements used in the method introduced in this chapter include
both fingerprints and accelerometer information as nodes move freely. The former,
in terms of RSSI measurements, serves for two phases of measurements. It is firstly
used to configure a priori a global power map over the surveillance area, then com-
pute the first estimate by the way of pattern matching once the second measurements
are acquired in the real-time phase. A second estimate relies on the latter, namely
acceleration values measured from accelerometer device, as well as the last renewed
estimate. Both instant estimates are then integrated using interval analysis, yielding
solutions in a form of boxes including the real positions of the nodes.
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III. CENTRALIZED LOCALIZATION

ITI1.1 Introduction

Recent developments in electronics miniaturization such as micro-electromechanical sys-
tems, embedded micro-processors, as well as in wireless communication techniques en-
able the emerging and boosting of the Wireless Sensor Networks (WSNs) technology
[Akyildiz et al. 2002; Zhao et Guibas 2004; Conner et al. 2004]. WSNs consist of ad-hoc
networks composed of a large number of smart and tiny devices, called also sensors, hav-
ing sensing, computation and communication capabilities [Akyildiz et al. 2002]. Sensors
are autonomously driven by their light embedded power sources, i.e. on-board batter-
ies. Such power sources are generally non-renewable, hence all communication protocols
and processing algorithms should be low-energy consuming to extend the lifespan of the
whole network. WSNs have been widely applied for surveillance and tracking in many
domains surrounding peoples, like agriculture, industry, medicine and military fields,
making meaningful and great achievements [Shorey et al. 2006; Czubak et Wojtanowski
2009]. In this context, position awareness of the sensors is crucial, since all sensed data
are tightly related to the geographical locations 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 efficient with regard to localization.
Nevertheless, this kind of heavily-armed large scale ad-hoc WSNs means meanwhile
the energy-consuming, high cost and bulky burden for tiny sensors. Moreover, GPS
receivers are constrained in an indoor or large covered background, hence they turn to
be impractical in these situations, GPS signals not being reliable any way.

Massive alternative solutions have been proposed since the passed last decades. Many
classical solutions are already roughly described in Chapter I. They use two types of
sensors: anchors, having known positions, and nodes, having unknown positions. Such
various localization approaches are able to be categorized into distance estimation, con-
nectivity measurements or scenario information collection based methods [Mao et al.
2007], or in term of processing scheme, into centralized or decentralized methods [Stoj-
menovic 2005; Pal 2010], or in term of adopted signals, into acoustic based, optic assisted
and Received Signal Strength Indicator (RSSI) [Schweinzer et Syafrudin 2010; Sifuentes
et al. 2011; Kaemarungsi et Krishnamurthy 2004; Bahl et Padmanabhan 2000], etc.
Considering the simplicity and flexibility of implementation aligned with the reason-
able positioning accuracy, RSSI based techniques are taken into account more often.
To improve the positioning accuracy of RSSI-based methods, instead of converting
straightforward RSSI to distances, several novel ideas based on connectivity make a
comparison between the received signal strength and a power threshold leading to dis-
tances constraints. Combinations of such constraints have been made diversely, such
as using Sequential Monte-Carlo algorithm [Hu et Evans 2004; Baggio et Langendoen
2006], interval analysis [Mourad et al. 2008; 2009], variational filter [Teng et al. 2010,
etc. Another novel idea is based on collecting scenario information [Tapus et Siegwart
2006; Robles et al. 2010] which also make comparison between signal strengths but in
a different whole-area-search and pattern matching way. This approach is commonly
known as fingerprinting method, using the information collected, which indicates gath-
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ering the surrounding significant characteristics, like colors, edges or RSSI, to model
the actual environment of features. With such considerations, fingerprinting methods
are considered very prospective due to their high flexibility to various surroundings.

In case of mobile sensors in a WSN, fingerprinting methods are also adaptive to localize a
mobile node since its dependence on actual ambient matters no matter what time instant
it is. In fact, the mobility of mobile sensors introduces the difficulty to positioning since
the movements of sensors are often unregulated and unpredictable, occurring to any
direction or any displacement, especially when the sensors are not equipped with precise
instrument for reading the relevant movement data. However, one could improve the
localization accuracy by having some mobility information, such as certain attributes
of movement, possibly constrained by sensor itself or environmental factors, like the
maximum velocity that a mobile sensor could possibly have (patients walking speed),
or an angle when a robot could turn around within a time period. Researches on
the mobility models are made in [Camp et al. 2002] where entity mobility models and
group mobility models are proposed offering choices for researchers to localize a mobile
sensor. Some efforts regarding the mobile sensors are proposed with exploiting both
the connectivity and mobility constraints, such 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 localize the nodes throughout mobility adaptive
RSSI filter by [Chandra-Sekaran et al. 2009].

Sensors could also be equipped with additional devices for movements measurements.
For instance, by having magnetometer, a varying magnetic fingerprinting similar to RSSI
is constructed and solved alternatively by Monte-Carlo in [Haverinen et Kemppainen
2009]. Moreover, [Choi et al. 2011] localizes mobile robots by utilizing radio-frequency
identification (RFID) tags [Ni et al. 2004] and ultrasonic sensors processing in a hierar-
chical scheme. If the installed device is an inertial measurement unit, it yields directly
an estimation for the displacement of the mobile sensor, such as in [Hsu et Yu 2009
which equips a robot with an accelerometer. Such a method offers accurate estimation if
perfect measurements are presented. Otherwise, the device accelerometer is commonly
considered to be especially susceptible to the interruption which leads probably to a
rather rough localization in normal cases.

This chapter introduces a novel localization technique based on both fingerprints and
accelerometer information, which compensates estimation error. The proposed method
is an anchor-based method executed in a centralized scheme undertaking the finger-
prints collection. It performs firstly a configuration phase, preceding the localization of
the nodes. In the configuration phase, RSSI fingerprinting information are collected to
model the network, leading to a power map. In the localization phase, a first position
estimate is computed using the constructed power map. A second estimate is meanwhile
computed using instantly measured accelerometer information. Both instant estimates
are then combined using interval analysis [Jaulin et al. 2001; Mourad et al. 2009], lead-
ing to boxes including the actual positions of the nodes. Beside the basic idea, two
alternative mobility models are equally proposed to apply on the second estimation,

99



III. CENTRALIZED LOCALIZATION

either economizing the time-consuming or refining the estimation accuracy. Concerning
the first estimate, several different computations of weight factors are equally shown and
discussed. Furthermore, the interval analysis technique is applied in various optional
ways which will be illustrated in the end of the chapter.

I11.2 Problem statement

This chapter proposes a centralized algorithm for sensors localization. It thus consid-
ers the centralized topology of WSNs, shown in Chapter I Figure 1.2, having a single
base-station. Sensors in this topology are uniquely capable of sending and receiving
measurements, lacking of the capabilities of computation and processing. As a conse-
quence, all of the sensed data are required to be transmitted to the central fusion station
where all the computations are conducted. Such network could collect high quality mea-
surements to provide high accuracy processing result. Nevertheless, the cost lies in that
sensors digest much more energies, especially for the sensors nearby the central station,
due to the fact that energy consumed in transferring one bit is higher than the energy
needed to process one bit. Based on such a network, a centralized localization method
is designed using fingerprinting technique and accelerometer measurements. In the fol-
lowing, the network components are first presented. The localization problem using
either fingerprints or sensors’accelerations is then described. The proposed algorithm
combining all the measurements is provided in Section ITI.3.

IT1.2.1 Configuration of the network

The proposed method is an anchor-based localization technique performing finger-
printing collection. Consider a surveillance area of RP, with D = 2 or D = 3 for
a two-dimensional or a three-dimensional area. The network has two types of sen-
sors: anchors and nodes, the former with known fixed positions denoted by a; =
(@i1,..aip), i € {1,...,Na}, and the latter having unknown positions, denoted by
xi(t) = (xj1(t),...,z;p(t)), j € {1,...,Nx}, Na and Nx being the number of an-
chors and nodes in the network. The localization problem consists then on finding
x;(t), 7 € {1,...,Nx}, using measurements and information related to the a;, i €
{1,...,Na}. Moreover, being based on radio-fingerprints, the proposed method per-
forms RSSI collection to define a power or RSSI map over the network. To do this, Np
uniformly deployed reference positions are generated over the whole network, denoted
by pr = (Pk,1,--PkD), k € {1,..., Np}. An example of such a configuration is shown
in Figure III.1.

Once the basic network is built up, a collection of power information is performed at all
these reference positions. To this end, anchors, denoted as circles in the plot, broadcast
signals in the network with the same initial power &y. It is noted that their signal
powers are inversely proportional to transmission distances, namely they decrease with
the increase of the distance separating the sensors. According to this attribute and by
putting test nodes at the reference positions, one is able to measure the Received Signal
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Figure ITL.1: A configuration of a centralized network

Strength Indicators (RSSI) of anchors signals received at these exact positions denoted
as small points in the plot, constructing the reference RSSIs. Let €p,, k € {1,...,Np}
be the reference RSSI vectors, given by

£Pk = (SPk,la -")SPk,NA)a k S {]-a "')NP}; (III]_)

where {py; is the strength of the signal emitted by the anchor i and received at the
reference position pi. The configuration phase leads then to a fingerprints database,
also called power map [Robles et al. 2010]. This database consists of Np couples, each
one denotes a couple of a reference position and its associated RSSI vector (pg,&€py),
k € {1,...,Np}. The fingerprints database is stored at the central fusion station, also
called computation center, to be used with the real-time measurements in order to
perform the localization computation. This phase is thus performed offline, before the
start of the localization process.

II1.2.2 Localization using fingerprints database

During the online positioning procedure, nodes travel freely through the network and
collect signals of all anchors. At every time-step ¢, each node j measures the strengths
of its received signals, sent from all anchors. The real-time RSSI vectors is generated
and denoted as follows,

Exj(t) = (€x (1), Exja(t), - Exna (1), J € {1, ... Nx }, (T11.2)

where notation £x j;(t) stands for the signal strength at reception of the signal emitted
by the anchor ¢ and received by the node j at time ¢. Then, in order to localize a
node 7, one looks for a pattern matching with the fingerprints database. To this end,
the proposed method is based on the K-nearest neighbors algorithm [Navarro et al.
2010]. Tt thus computes for each node j the Euclidean distances [|€x ;(t),&p | between
its instantaneously obtained vector y ;(¢) and all reference RSSI vectors &py, k €
{1,...,Np}. According to that, the K smallest distances are selected. Let I;(t) denote
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III. CENTRALIZED LOCALIZATION

the set of indices of the reference positions yielding these K smallest power distances.
Since signals RSSI are tightly related to geographic distances between sensors, then
I;(t) could be considered as the set of indices of the K nearest reference neighbors to
the node j at time ¢. Accordingly, the fingerprints based position estimate of node j is
computed as in Eq. I11.3,

Erit) = > wiklt)pr, (I11.3)

k‘elj(t)

where wj ;(t) is the weight factor associated to the selected reference position k. The
weights w; x(t), k € I;(t), are chosen in the way of inversely proportional to the Eu-
clidean RSSI distances. Indeed, the smaller a distance between RSSI vectors is, the
nearer the node is to the corresponding reference position, thus the greater the weight
should be. Also, the weights should be normalized as Zkelj(t) w;k(t) = 1. One could
choose an inverse computation of weights as in Eq. 111.4,

1€x (1), Eppll ™
uel;(t) 1€x (), Epull™

wjk(t) = 5 (1T1.4)

where « is a fixed parameter of weight factor which could be chosen empirically. Another
formula expressing the inverse relation existing between distances and RSSIs could also
be used for the weights. Eq. II1.5 below shows the computation of such weight factors,
called exponential weights.

o p () = exp (—al€x (1), €pill) (111.5)

Zuefj(t) €xp (—04H§Xj(t)a £PuH) .

The exponential weights in fact amplify the difference among all computed distances.
The adaptivity of both weights computations will be discussed later. Note that the
computation in this section is performed using exact measured data, and thus it does
not take the measurement incertitude into consideration. In the Section III.3, the com-
putation including measurements incertitude, as well as combination to accelerometer
measurements are presented.

II1.2.3 Localization using accelerations

Each node j is assumed to be equipped with an accelerometer device [Hsu et Yu 2009,
yielding, at each time-step ¢, its acceleration values over all the coordinates, denoted by
Yj1(t),...,7;,p(t). Based only on this information, node j computes another estimate
of its position as in Eq. II1.6 using a second-order mobility model,

. . 1
& (t) =2y ;(t — 1) +vj(t — 1AL+ 573‘(75)&2, (I11.6)
where ;(t) = (v;,1(t), .-, 7;,p(t)) is the acceleration vector of node j at time ¢, v;(t) is

the node’s velocity vector, At is the time interval between two consecutive time-steps
and &, j(t — 1) denotes the previous position estimate of node j obtained at time ¢ — 1
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while using only accelerations. Velocities v;(t) are also computed at each time-step
using accelerations as in Eq. II1.7,

vi(t) = vt — 1) + (6 At. (IIL7)

Note that the model of Eq. I11.6 and Eq. ITI1.7 assumes that the accelerations are constant
between time-step ¢ — 1 and time-step t. With slightly varying curves of accelerations,
this scheme leads to accurate estimates. However, with abrupt changes in accelerations
or much noisy interrupted accelerations, estimates & ;(t) might be sensitively deviated
from the exact trajectory, due to cumulative errors from ~;(t) over time accumulation.
One first-order more simplified model is an optional choice to compute acceleration-
based estimates. According to this model, instantaneous velocities are first computed
using Eq. II1.7. Then, the position estimates are given by Eq. IIL.8,

.’ﬁ%j(t) = Lﬁ%]‘(t — 1) + Vj(t)At. (IH.S)

Here, accelerations are first assumed to be constant between time-steps t — 1 and ¢
to compute velocities at time ¢. Then, an additional approximation is performed by
assuming that the velocities are constant between time-steps ¢t — 1 and ¢. Clearly, this
model is less accurate, but runs faster than the first one. In some applications, it is
more efficient since the estimation error stays within an acceptable range.

Having the values of accelerations at time-steps t — 1 and ¢, one could propose a better
third-order model taking the variation of the accelerations into consideration. Indeed,
such a model is more suitable to trajectories where the measured accelerations have
abrupt changes. The position estimates are formulated by the third-order model as in
Eq. TI1.9,

17j(t) -, —=1)
6 At

where v;(t — 1) is the velocity vector of the node j at time-step ¢ — 1 computed at
iteration ¢ as Eq. II1.10,

At (II1.9)

1
B (t) = B (¢ = 1) + vt = DAL+ S(t — A

1;(t) —v;(t=1)
vi(t) :uj(t—1)+7j(t—1)At+§ At
It is worth noting that this model assumes that, between two consecutive time-steps
t — 1 and ¢, the accelerations are linear going from ~;(t — 1) to v;(t), with a slope

of W)—T’th(t—l) With a small value of At, this model works very well, since the ap-

proximated acceleration curves becomes very close to the real ones. In the following,
the combination of both estimations using fingerprints and accelerations, as well as
measurements incertitude, is presented.

At?, (IT1.10)

ITI.3 Centralized localization algorithm

Nodes collect RSSI information and measure their accelerations while moving in the
network. Under such consideration, the real-time measured RSSI are used with the
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fingerprints database to compute first estimates of nodes positions, whereas measured
accelerations meanwhile are used to compute second positions estimates. The combi-
nation of the first, fingerprints-based, and the second, accelerations-based, estimates,
is performed in the interval framework [Jaulin et al. 2001; Mourad et al. 2009]. Based
on interval analysis, the combination employs interval information which could include
all incertitude over measurements and computations data. Practically, instead of tak-
ing the exact estimated positions computed above, one could take the incertitude over
measurements and computations into consideration leading to estimated boxes includ-
ing the actual positions of the nodes inside. In the following, the computations using
fingerprints and accelerations shown above are reformulated in the interval framework.

I11.3.1 Reformulation over accelerations

Let 4, be the incertitude over the measured acceleration values, then one could define
acceleration boxes (or interval vectors) as follows.

[v;1() = [l (8) x -+ x [y;.0](8) = [0 () = 64, 75,1 (8) + 65] X -+ X [v5,0(t) = 05, 75,D(t) + 65].
(IT1.11)

[v,1(t) is a D-dimensional box, assumed to include the actual value of the accelerations
vector of node j at time t with extension down to lower boundary ’yj(t) — 051 and up
to upper boundary v,(t) + 6,1 where 1 is a vector of D ones.

The quantity ¢, is taken as the measurement incertitude defined by the manufacturer
of the used accelerometer device. Alternatively and more practically, it could also be
defined by a prior calibration of the accelerometer, before the localization procedure,
where it would be set to its maximal measurement error. More details for computation
of 4, are given in Remark 1 below. Under such assumption, it is possible to rewrite
the acceleration-based position estimates of the second-order model of Eq. II1.6 using
[v,1(t) in the interval framework as follows,

(2], (8) = [2;](t = 1) + [v;](t - DAL+ %[’Yj](t)Atza (ML.12)

where the previous acceleration-based position estimate of node j is replaced by the
previous final estimated box [2;](t — 1), obtained after the combination with the finger-
printing estimate. [1;](¢) is its boxed velocity, computed as follows,

[v;l(t) = [v;](t = 1) + [v;](¢) At. (IT1.13)
It is also possible to rewrite the first-order simplified model as follows,
[;]5(t) = [2,](t = 1) + [v;](t) At, (I11.14)

where velocities boxes are first updated using Eq. ITI.13.
Similarly for the third-order mobility model, nodes movements are reformulated into
interval framework as follows,

1[y)(t) =[] =1)

[&5]5 (1) = [&](t — 1) + [v;](t — )AL+ %[»Yj](t ~ DAL 4 2 N A3, (IIL15)
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where v(t) is equally boxed by

,)(t) = [vy](t — 1) + [v,](t — 1)At + % [v;1(®) —A[Zj]u —1)

At?, (I11.16)

Remark 1 Computation of d,

The reliability of final estimation relies on the uncertainties introduced to the measure-
ments, while applying the interval computations. Applying the interval analysis, it is
hoped that all the incertitude is included inside the constructed measurements bozes.
The quantity 6., is either considered to be the measurement incertitude defined by the
instrument manufacturer, or determined by an anticipated calibration procedure of the
accelerometer. Considering the impacts possibly generated at surroundings, the latter is
supposed to be more accurate and comprehensive. In other words, one could carry out
a preliminary measurement over the uncertainty of accelerations in specific scenario.
By comparing with the observed acceleration wvalues, it is possible to have a set of ac-
celeration errors values. Let 7;4(t), £ € {1,...,D} be the correct noiseless accelerations
of node j among the (-th coordinate at time-step t, and let ~y; ,(t) be its corresponding
measured noisy value. Then,

’Yj,@(t) = :)’jl(t) + 6%]'75(15), { e {1, ey D}, (11117)

where € ¢(t) is the additional acceleration noise. To get the parameters of €4 ;o(t),
several values could be obtained by performing the anticipated calibration phase of the
accelerometer as said before. Consider that €. j ¢(t) is a zero-mean gaussian noise, with
a standard deviation denoted by o.. Accordingly, the incertitude o, could be taken to
30.,. It is possible to justify this choice by computing the probability of including the real
noiseless acceleration 7;,(t) into the acceleration interval to be considered [v;(t)] =

[vj.e(t) = 8, 75.0(t) 4 8,] as follows,

Pr(%5,6(t) € [vj,e®)]) = Pr(7;,6(t) — 6 < H5,0(t) < v50(t) + 64)
= Pr(—=0y < ey,(t) < 6y)

(IT1.18)
=erf &
("7\/5>

where erf (-) is the Gauss-error function. With 6, = 30, Pr(%;(t) € [vje(t)]) =
0.997, that is a probability of 99.7% ensuring the real acceleration is included within the
considered interval. One could also take 6, to the mazimal acceleration error value. If
the error has not a zero mean then one could set an acceleration bias equal to the error
mean and then update the measured acceleration values by subtracting this bias in the
way to have a zero-mean error.

Remark 2 Update of velocity boxes
While the RSSI-based estimation uses only information of current time, the acceleration-
based estimation employs previous interval information, leading to incertitude accumu-

lation. Indeed, models of FEq. II1.12, Eq. III.1} and Eq. II.15 use boxed velocities
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v;](t) and [2;](t) where all previous incertitude values are considered. While final
bozes [x;](t) have variable bit widthes, velocity bozes [v;| grow with time, leading to
larger acceleration-based position boxes from one time-step to the other. In order to
reduce the impact of incertitude accumulation, one could correct the velocity bozes while
using the second-order model after computing [&;](t) as follows,

)= 1) = 1y PAD BN D 2 SBIOAT gy g

The corrected velocities substitute previous velocities in Eq. II1.13 to compute velocities
of time t. Similarly with the third-order Eq. I111.15, the velocity boxes are corrected as
follows,

A A 2 _ 1 bul@mieoy
[f/j](t_l):[Vj](t_l)m[wj](t)—[wj](t—l)—%[vj](tA—tl)At A AP (IT1.20)

For the first-order simplified model, the velocity boxes are corrected after computing
[@;](t) as follows,
2](t) — [&](t — 1
1) = sl 0 IO B2, )

In this case, the corrected velocities are used in the estimation of nodes positions in the
following time-step.

Remark 3 Acceleration-based incertitude &, (t) over estimates

By observing Eq. II1.11-1I1.16, one can see that the incertitude introduced to accelera-
tions is in fact inevitably accumulated to the upper computation until the final displace-
ment as time goes on, especially when acting over the highest order computations such
as in Eq. 1I11.15. This means that the acceleration-based position boxes would be wider as
time goes on. By correcting the velocities intervals as in Remark 2, one might possibly
reduce the accumulated incertitude. On the other hand, if we refer to Chapter II at Sec-
tion 11.5.1.4, there exist different ways to represent the incertitude, some more optimal
than the others. The key idea consists here of computing the incertitude over the ac-
celeration estimated position in a different manner, to check later whether this solution
is more accurate or not. Let the equations of position estimation using accelerations
Eq. I11.6, Eq. II1.8 and Eq. 111.9 be rewritten as follows,

To,,e(t) = By je(t — 1) + Bje(t), (I1.22)
where £ is the coordinate index having values in {1,...,D} and B (t) = v;(t)At for
the 1st-order model, B; g( ) = vt — DAt + 37;0(t)At? for the 2nd-order model or

Bjo(t) = vje(t — )At + 270t — )AL + 1 %Aﬁ for the 3rd-order model,
the welocities v;(t) being computed accordmg to Eq. IIL.7 for the 1st-order and the
2nd-order models and Eq. II1.10 for the 3rd-order model. When applying the interval
computations, the acceleration-based estimation equation would be given by

[Z5,0]5(8) = [25,6)(t — 1) + [Bje] (¢), (T11.23)
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II1.3 Centralized localization algorithm

where [Bj](t) = [Bje(t) — 6z, (t), Bj(t) + 0z, (t)]. The quantity Bj,(t) remains scalar
and 0., (t) is the incertitude coming from the acceleration measurements to be computed
in this section to cover the corresponding model incertitude, in a different manner than
before.

To compute 6, (t), let us start with the standard deviation of the velocity error. Having
o the standard deviation of the noise contained in the acceleration measures, it is
possible to compute the standard deviation of the velocity noise o,,. Consider the first-
order or the second-order mobility models, with Eq. II1.7, then o, would be function of
the time-step t as follows,

o2(1) = 2 At?,
02(2) = O’g( 1)+ UgAtQ = 20§At2
0p(3) = 07(2) + o5 At? = 305 AL, (I11.24)

ol(t) = oo(t — 1) + 2 At? = to2 At?,
where the initial velocity is null with no noise. This leads to
o, (t) = Vto, At. (I1.25)

Now if we consider the position estimation using the first-order model, the noise over
the additive quantity B; ,(t) would result from the current time velocity noise and thus
its standard deviation denoted by o, (t) is equal to o, (t) = o, (t)At = Vto,At?. In
terms of incertitude, the incertitude over Bj(t) would then be induced by the velocity
term incertitude and thus

5z, (t) = Vo, AL, (I11.26)

similarly to the erpression of o, (t).

If the second-order model is considered, the incertitude over the Bj(t) term is induced
by the sum of the previous velocity and the current acceleration obtained errors, whose
variance o2 (1) = o2(t — 1)At? + iagAt‘l = (t— %)U%At‘l, in other words o, (t) =

Ty

\/t — 30,At?. Here the incertitude 0, (t) is given by

bz, (1) =/t — %@At{ (TT1.27)

similarly to the erpression of o, (t).
Consider now the third-order model. The expression of Bj(t) could be rewritten as
follows,

1 1
g’Yj,ﬁ(f — )AL + EWj,e(t)Atz. (IIL.28)

Also the wvelocity expression of Eq. 111.10 could be reformulated as follows,

ij(f) = Z/j’g(t — 1)At +

vie(t) = vje(t —1) + % ot = 1)AL+ ’YJ o(t)At. (IT1.29)
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III. CENTRALIZED LOCALIZATION

Accordingly, the standard deviation of the velocities error for the 3rd-order model o, (t)
1s also computed as follows,

oZ(1) = $02 AL,
02(2) = 03(1) + 10’§At2 =2 At?,
o3(3) = 02(2) + Tolar — So2as, (I11.30)

ol(t) = op(t — 1)+ 302At* = Lo2 At?.

oy (t) = \/gawAt. (IT1.31)

Here the incertitude of Bj(t) is induced by the sum of the previous velocity and the
previous and current accelerations obtained errors, whose variance Ugw(t) = o2(t —

1)At? + %U%Afl 3602At4 (L - %)O‘%Afl, in other words o, (t) = /5 — 30, At
The incertitude .. (t) is given here by

This leads to

8z () = % - %%Aﬂ, (I11.32)
similarly to the erpression of o, (t).
Hawing the expression of 6. (t) for each model, one could then compute Bj,(t) and up-
date the previous position estimate using Eq. 111.23 to have the acceleration-based boxed
position estimate, instead of using Eq. I11.12, Eq. I11.1] or Eq. II1.15. The performances
of the proposed method using the new expression of the estimated position boxes would
be compared to its other version using 0, in the simulations section, to check whether
this new version leads to more estimation accuracy or not.

IT1.3.2 Reformulation over fingerprints

With the purpose of rewriting the fingerprints-based position estimates in the interval
framework, an incertitude £d¢ is introduced over the measured RSSI values similarly to
accelerations. This quantity could be determined by performing several measurements
within the surveillance area preceding the localization process. Indeed, consider two
sensors exchanging information in the network with the same initial power. For a
given distance d separating the sensors, a fixed RSSI value is deemed to be obtained
in a perfect environment, which is not the case in real environments resulting in the
measurements incertitude. Thus, one can place the sensors at different distances, in
different ways for each distance, and then measure the RSSI of exchanged signals. Let
[€]a be the RSSI interval including all values of RSSI associated to a given distance d.
The incertitude over RSSI then corresponds to the maximal gap between the RSSI per
distance over all distances. That is to say, ¢ is set to be the maximal width of [£]4 over
all distances.

Based on this idea, suppose [§x ;|(t) be the boxed RSSI vector of node j at time ¢,
[£p k] be the one associated to the reference point k. Then, [ x ;](t) = [€x 1] (t) X - -+ X
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Exjna(t) and [Ep] = [Epra] X -+ X [€pk,n,] are actually obtained by introducing d¢
as in Eq. [11.33,

[€x 5.4 (t) = [§x4,i(t) — O, Ex ja(t) + O¢],

I11.33
EPki] = [EPk,i — ¢, EP ki + Oe], ( )

where ¢ € {1,...,Ng}. Dealing with the uncertain RSSI values, the fingerprints-based
position estimation is reformulated into box as follows,

[#]5(t) = > [wisl ()P, (IIL.34)

kel;(t)

where [w; ](t) is the interval weight associated to the reference position k, in form of
Eq. II1.35 and Eq. II1.36 according to the two definitions of inverting distances as shown
in Eq. II1.4 and exponential scheme as in Eq. IT1.5 given as follows,

1€ ;1(2), [€pilll—®
wer, o Ex 1), [€p Il

[wj k] () = 5 (I11.35)

and,

exp (—oll[§x,1(8); [Epi]ll)
Dty P (—all[€x 1(1), [Epull)

These quantities could be easily computed using interval tools as presented in Chapter
II. The obtained boxes [#;]f(t) are assumed to geographically cover the real positions
of the nodes.

An alternative way to obtain the uncertain box [2;]¢(¢) is to introduce another quantity
of uncertainty +d,, to the final estimate & () by fingerprints-based method as shown
in Eq. [11.3. Indeed, it considers the uncertainty of localization over the network instead
of the uncertainty of RSSI defined at the very beginning of the configuration. The
quantity of £d,, could be determined by executing a prior procedure of localization. To
do this, generate a set of test positions over the surveillance area, measure their RSSI
and localize them using the nearest neighbor algorithm. Estimation errors could then
be obtained with the known test positions. The incertitude over the position estimation
corresponds then to the maximal uncertainty in locating the test positions. That is to
say, 0, is set to be the maximum value existing in the error set over all test positions.
Consequently, given the position estimate & ;(t) of node j at time-step ¢, an estimated
box could be formulated as in Eq. I11.37,

[wjel(t) = (I11.36)

[@5](t) = [E74,1(t) = Oue, Tfja(t) + 0] X -+ X [Z55,D(t) = Oue, T5j.D(t) +0sc].  (IL3T)

The two versions of the method will be compared in the simulations section to select
the most accurate one.
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III. CENTRALIZED LOCALIZATION

I11.3.3 Combination step

Once both boxed estimates are computed for a given node j at time-step ¢, the final
estimated box is given by intersecting both estimates as follows,

[251(t) = [25]5 () O [2]4(F). (IT1.38)

The center of [;](t) yields the desired punctual position estimate of node j at time ¢.
In case of empty intersection, there exist also two choices. The fingerprints-based box
[€;]¢(t) could be chosen, since the fingerprints-based estimation is more reliable than the
acceleration-based one, the latter making more assumptions to set its model. Otherwise,
take the union U of these non-overlapped boxes to form a larger box which includes both
possibilities inside. The design of the proposed interval based method is visualized in
Figure II1.2. It denotes the reference positions in black points, the anchors positions
in black circles, the fingerprinting estimated box in light gray line, the acceleration
estimated box in dark gray dashed line, the final estimated box in black line and in stars
their corresponding estimated exact positions. By intersecting the estimated boxes, one
obtains a smaller box with less incertitude, leading to more accurate position estimates.

100

80

X, (m)
3
<\

40+

20

0 20 40 60 80 100
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Figure III.2: Interval-based localization

III.4 Analysis and simulations

The performance of the proposed method is illustrated in detail and in all directions
throughout the following simulation part. To this end, consider a surveillance area
extending over a two-dimensional plan of dimensions 100m x 100m, where anchors
and reference positions are both uniformly deployed. For simplicity and without loss
of generality, consider the localization for only one mobile node, equipped with ac-
celerometer yielding relevant readings, and thus, the j index will be withdrawn when
needed in the following. This is possible in that each node localizes itself using only
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anchors 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 performance is put forward to be analyzed by all relevant parameters
impacting the localization process. Particularly, optional decisions on the uncertainties
0, and ¢ are discussed at the first hand. An illustration of the method performances
with different parameter values is also given. A comparison is made between the pro-
posed method and a connectivity-based method in the last part.

I11.4.1 Generation of simulated data

In order to simulate a node movement trajectory, the acceleration signals are firstly
generated over the 1st and the 2nd coordinates varying over a period of 100s with time
interval At = 1s using the sine function. The trajectory is then obtained by integrating
twice the acceleration functions at each axis and setting the initial velocities to null,
meaning that the node is assumed to be fixed at a known position at the beginning of the
localization. In fact, various trajectories are taken into account in the simulations. An
example of acceleration signals is shown in Figure I11.3, the corresponding trajectory of
the node being shown in Figure II1.4. The plot also shows 16 anchors and 100 reference
positions uniformly deployed over the surveillance area.

Acceleration 1 (m/sz)

i i i i
20 40 60 80 100
Time (s)

Acceleration 2 (m/52)

20 40 60 80 100
Time (s)

Figure ITI.3: An example of acceleration signals

In order to generate RSSI values, a pathloss model [Medeisis et Kajackas 2000] is em-
ployed here. According to it, distances separating the anchors from the reference posi-
tions and the node at all time-steps are required. Then, these distances and the pathloss
model are used to reckon the RSSI fingerprints as follows,

Epki = &0 — 10nplogg ||ai, Pr| + ¢ ki
Exi(t) = §o — 10nplogyg [laq, (t)[| + cei(t),

where the interruption considered here is presented in terms of noise obeying certain
probability distribution. In this simulation, all RSSI are in dBm, &j is the initial trans-
mission power in dBm, set to 100dBm, np is the pathloss parameter, set to 4. ¢ ; and
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Figure IIL.4: An example of the node’s trajectory

g¢,i(t) are zero-mean gaussian noises added to the original signals, with standard devi-
ations denoted by o¢. A zero-mean gaussian noise €, (t) is also added to acceleration
values, with a standard deviation denoted by o:

Ye(t) = Fe(t) + e4,0(t), £€{1,2},

where J,(t) denotes the noiseless acceleration signal of coordinate ¢. The resulting noisy
data are used as input signals in the algorithm during the computation. The numbers
of anchors N4, reference points Np and neighbors K, as well as standard deviations o
and o¢, will be varied in the following. Note that, noises appended to the RSSI and
acceleration values could also have diverse distributions which will be discussed in the
next chapter.

Accordingly, the incertitude quantity ¢, is set to 30, as illustrated in Remark 1. Sim-
ilarly, d¢ is set to 30¢ in simulated data. In real environments where o, and o¢ are
unknown, d, and J¢ are set empirically as shown in the description of the algorithm.
Nevertheless, there also exist optional adaptive choices making reform of this procedure
which will be discussed later.

I11.4.2 TIllustration of the proposed method

The proposed method is illustrated using the trajectory of Figure II1.4 in this section.
In this context, set the number of anchors N4 to 49, the number of reference points Np
to 196, the number of neighbors K to be considered to 3 and the standard deviations of
noises 0 and o¢ to 0.004m.s~2 and 0.1dB respectively. Figure IIL.5 shows the estimated
boxes in red using the proposed method. The blue and green boxes respectively denote
the boxes obtained from fingerprinting and accelerometer. The plot shows as well the
estimated positions and the real trajectory, with the anchors and the reference posi-
tions. Consider that the estimation error is the average distance between the estimated
positions and the real ones. Table ITI.1 shows the estimation errors in meters obtained
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using the three acceleration-based mobility estimation models. It also shows the esti-
mation errors using single fingerprinting information or accelerations. The table shows
the average computation times in milliseconds per time-step as well. The results show
that the proposed method leads to more accurate estimates than the only fingerprinting
or accelerometer based methods, at the cost of an increase of the computation time that
remains however very small. It also reveals that the third-order acceleration-model is
more accurate than the others, but also less time-saving. In the following, the impacts
of the mobility models as well as RSSI parameters will be discussed in details.

100

80

60

x, (m)

= = = Fingerprinting
Accelerometer
== Combined
*  Estimated positions |1
Real trajectory
Anchors
Reference positions

60 80 100

Figure ITL.5: Estimated boxes using the proposed method

Table III.1: Simulation results using trajectory 1

Fingperints Accelerometer Combined method
1st ord. 2ndord. 3rdord. 1stord. 2ndord. 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

I11.4.3 Analysis of measurements incertitude

The accuracy of the localization process depends on the way the incertitude is considered
while applying the interval computations. Indeed, with small incertitude values, the
final estimated box could be empty or not including the correct node’s position, while
with high incertitude, the final box could be large with its center far away from the
correct location, which leads to high estimation error. As depicted in section IT1.3.1
and section II1.3.2, measured acceleration vector v has an incertitude ¢, away from the
actual values, same as RSSI vectors £p and £y with an incertitude J¢ over measured
RSSI. This section gives analysis and alternative predictions of the incertitude quantities
to be taken in the interval computations.

73


3_Centralized/figures/EPS/figbox_t5_3.eps
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I11.4.3.1 Accelerations incertitude

Two different ways to consider the accelerations incertitude are presented in the algo-
rithm description. The first one introduces incertitude d., over the accelerations, leading
to acceleration boxes, velocity boxes and thus estimated position boxes. The second
one consists of keeping scalar accelerations and velocities and then adding incertitude
boxes employing the quantity ¢, to the final computed boxes, as shown in Remark 3.
In this section, the performances of the proposed method using either d, in the first way
or 0, are compared. To this end, six trajectories shown in Figure II1.6 are considered
with Ny = 49 anchors, Np = 100 reference positions, o¢ = 0.5dBm, o, = 0.01m/s2,
K = 3 neighbors and the first weights expression with o = 1. The first three tra-
jectories have slightly varying accelerations, whereas the trajectories 4 to 6 have more
varying ones. The estimation errors of the only-fingerprinting based method, the only-
acceleration based method with the 1st, the 2nd and the 3rd order models, and the
combined proposed method with its d, version and the d,  for the three models, are
given in Table II1.2 - Table II1.7 with trajectories 1-6 respectively. All results are ob-
tained as an average result of 50 implementations companying various noises with same
standard deviations. The standard deviations o¢ and o of noises appended are equal
to be around 2% — 5% of that of measurements {x ;(t), {py and ~(t). Parameters
considered in the configuration are set casually here, nevertheless giving a reasonable
estimation. A more detailed analysis on performance with respect to all these relevant
parameters is illustrated in later part. The tables show also the areas of the boxes
obtained with the combined method while using boxed accelerations, with d,, or scalar
accelerations with d,. . The estimation results show that the proposed method is more
accurate while using the second version where incertitude is added using d,., at the po-
sition estimation. In addition to the smaller errors, this version leads to smaller boxes
with less final estimation incertitude, and this for all the trajectories. Results also show
that the 3rd order model in accelerations outperforms the other orders models for all
the trajectories. This is due to the better approximation this model employs while
depicting the node motion.

Consider now the velocity boxes modification shown in Remark 2, aiming at reducing
more the incertitude and thus increasing the estimation accuracy. For this, we will
consider the first version of the method using d, leading to velocity boxes with the
third-order mobility model. Table ITI.8 shows the estimation errors obtained using the
method with and with velocity modification for all the trajectories. The table shows
that the estimation error slightly varies with the velocity modification. In fact, this
is due to the slight decrease of the estimated boxes areas, which does not decrease
significantly the incertitude but moves the estimated position that is at the center of
the box. With slight modification, the center could go away or come closer to the real
positions but with no significant improvement in the estimation. It is obvious that the
version of the method using d,., is much more accurate. For this reason, in the following
sections, we will apply the version of the method with 6, for acceleration incertitude
with the third-order mobility model.
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Figure ITI.6: Tested trajectories

I11.4.3.2 Fingerprinting incertitude

The incertitude over the fingerprints algorithm is issued from the uncertainties of mea-
sured RSSI values influenced by surroundings. The interval box is employed helping
to include such uncertainties inside. To determine the scale of boxes, incertitude must
be first decided. It is more recommended that incertitude quantity will be decided
empirically in certain scenarios since it heavily depends on the actual measured RSSI.
Two possibilities for defining incertitude are presented in section II1.3.2. The former
works throughout the composition of RSSI £x ;(t) and &pj, where j € {1,..., Nx}, k €
{1,..., Np}, however the latter works on an aforehand localization of test positions. In-
troducing quantity of incertitude d¢ to the measured RSSI values forms sequently the
weights in terms of interval, as well as the interval estimations, as shown in Eq. I11.35,
Eq. TI1.36 and Eq. II1.34. According to Eq. IIL35, [|[[§x ;](t), [§pi)ll computes the Eu-
clidean distances between node j and reference position k by default. In an interval
form, this is computed as:

1€ ;1(8), [€pilll = \/Z([ﬁxj',@-](t) —[Epral)? 1€1,.., Na. (IT1.39)

Here it could rise an computational challenge over the interval calculus with regarding
to the "square” following the subtraction. Practically,

€x5,0(0) — [Epnd
= [center([€x ;.)(0)) — center([&py. ) — 2 % Ge, center([6x ;.](6) — center([Epp]) + 2% 5]
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Table III.2: Accelerations incertitude - Estimation results using trajectory 1

Traiectory 1 Fingerprints Accelerometer Combined using d Combined using &z
] ¥ Eerp 1st-ord. 2nd-ord. 3rd-ord. 1lst-ord. 2nd-ord. 3rd-ord. 1lst-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?) - - - 92.3933 91.8497 91.3933 50.9640 48.0413 34.7546

Table II1.3: Accelerations incertitude - Estimation results using trajectory 2

Trajectory 2 Fingerprints Accelerometer Combined using d Combined using
] y 8erp 1st-ord. 2nd-ord. 3rd-ord. 1lst-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?) - - - - 75.8825 73.9108 71.7928  47.7491 43.6521 34.9526

Table III.4: Accelerations incertitude - Estimation results using trajectory 3

Trajcctory 3  Fingerprints Accelerometer Combined using 0, Combined using Jz.,
] Y gerp 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?) - - - - 105.5747  105.5384  102.0451  57.5446 56.0571 42,1305

Table IIL.5: Accelerations incertitude - Estimation results using trajectory 4

Trajectory 4  Fingerprints Accelerometer Combined using 9, Combined using &z
Jectory 8erp Tstord. 2ndord. 3rdord. 1Istord. 2ndord. 3rdord. 1Istord. 2ndord. 3rdord.

Error (m) 1.7979 4.1974 3.4003 3.0990 1.5564 1.4023 1.3848 1.5310 1.2172 1.1186
Areas (m?) - - - - 80.6611 72.7402 72.3717  32.0660 29.6008 27.2089

Table II1.6: Accelerations incertitude - Estimation results using trajectory 5

Trajectory 5 Fingerprints Accelerometer Combined using 0, Combined using Jz.,
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?) — — — — 146.0893  127.8510 127.3997 70.0977  63.5796 48.6321

Table IIL.7: Accelerations incertitude - Estimation results using trajectory 6

Traiectory 6  Fingernprints Accelerometer Combined using d- Combined using Jz.,
] ¥ gerp 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?) - - - - 158.1260  138.4202  137.8966  60.8952 59.6077 40.8662

Table IIL.8: Estimation errors using trajectories 1 to 6 with velocities modification

Error (m) Trajectory 1  Trajectory 2  Trajectory 3  Trajectory 4 Trajectory 5 Trajectory 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 case of two intervals situating very close, namely they are in fact owning certain
overlapped region when center([€ x ;;|(t)) —center([§ py,;]) < 2%0¢, the resulting interval
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by subtraction includes zero inside. When it is required to calculate the Euclidean
distance, the square operation for an interval including zero inside will influence the
real interval structure, such as the displacement of interval center. In this situation, it
only needs to consider the center of the computed interval, leading to an interval whose
lower bound equals to its upper bound. Then, the Euclidean distance is computed
by Eq. I11.39. Alternatively, instead of using 2-norm (Euclidean distance), use 1-norm
(Manhattan distance) and reformulate it as Eq. I11.40.

11€x,1(t), [€pklll = Z| Ex ;@) = [€prill, € 1,..;Na. (I11.40)

which simplifies the interval computation but also keeps the interval structure. Once
the distance is obtained, it is possible to compute the weight factors by Eq. I11.35 and
Eq. I11.36.

One more thing to notice here is the division operation. When an interval is divided
by another interval, the obtained interval is practically expanded which leads to large
incertitude interval. Without loosing the system performance, the terms of denominator
are replaced by the respective centers of computed distances. Consequently, Eq. 111.35
and Eq. I11.36 are replaced by

o l€x (0 [Ep il
) = 5 s center (6 )0 Er ) -y
and, ( )
o exp (—all[€x,1(0), [Epall
i) = S center (exp (~alllx 1(0), erdll)) (II1.42)
alternatively in terms of 1-norm,
» _ 1Ex;1@), [Epilll®
) = S center (I 10, ol ) ()
and,
w ] (1) = exp (—afl[€x 1), [€pillln) (ITL44)

Yuer, ) center (exp (=[x 1), [€pulln))

Besides the definition [w;](t) in terms of 1-norm and 2-norm, one could alternatively
add the incertitude £4;, to the scalar position estimates as mentioned in section I11.3.2.
To this end, we need to generate a set of randomly deployed test positions and take their
maximal estimation error. In what follows, the performances are compared using J¢,
in both 2-norm and 1-norm, and estimated incertitude d,, with 50 test positions. The
accelerometer method is fixed to the 3rd-order model with applying d,., for accelerations
incertitude in combination. The estimation errors are presented sequently in Table II1.9
- Table II1.14. The number of anchors is set to 49, the number of reference positions to
100, o¢ = 0.5dBm, o, = 0.01m/s%, K = 3 and the weights with distance inversion are
considered with o = 1.
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III. CENTRALIZED LOCALIZATION

Table IT1.9: Fingerprints incertitude - Estimation results using trajectory 1

Trajectory 1 Acc Fingerprints Combined using 6
* d¢-2norm  d¢-lnorm  d¢-2norm  d¢-lnorm 515
Error (m) 2.7125 21713 2.1480 1.5635 1.9432 1.2857 0.9704

Table IT1.10: Fingerprints incertitude - Estimation results using trajectory 2

Trajectory 2 Ace Fingerprints Combined using 6
* d¢-2norm  d¢-lnorm  d¢-2norm  d¢-lnorm 515
Error (m) 2.8626 1.8362 1.8594 1.5008 1.6201 1.2248 0.9273

Table ITI1.11: Fingerprints incertitude - Estimation results using trajectory 3

Trajectory 3 Ace Fingerprints Combined using 6
* 65—2norm 65—1n0rm 65—2n0rm 65—1norm 6%
Error (m) 3.1822  2.0353 2.0053 1.5954 1.6965 1.3206 1.0559

Table ITI.12: Fingerprints incertitude - Estimation results using trajectory 4

Trajectory 4 Ace Fingerprints Combined using 6,
* 65—2norm 65—1n0rm 65—2n0rm 65—1norm 6%
Error (m) 2.8526 1.7734 1.7917 1.6674 1.7530 1.5028 1.0154

Table IT1.13: Fingerprints incertitude - Estimation results using trajectory 5

Trajectory 5 Ace Fingerprints Combined using 6,
* 65—2norm 65—1n0rm 65—2n0rm 65—1norm 6%
Error (m) 2.2049  2.0457 2.0058 1.6743 1.8981 1.3220 1.1493

Table IT1.14: Fingerprints incertitude - Estimation results using trajectory 6

Trajectory 6 Acc Fingerprints Combined using 6
* d¢-2norm  d¢-lnorm  d¢-2norm  d¢-lnorm 5I£
Error (m) 3.0467  2.0857 2.0776 1.5331 1.7342 1.3115 1.2666
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III1.4 Analysis and simulations

By observing these tables, the performance varies with the different introduced incer-
titude, as well as with the different tested trajectories. Generally speaking, Euclidean
distance cannot always give the suitable distance estimation anymore over the compu-
tation of intervals. Comparatively, Manhattan distance recovers such distortion in some
ways. However, using the incertitude over the position estimation achieves better results
in all cases. In the following simulations, the combination of finally added incertitude

with (53%,5%) is chosen to make further illustrations over the impact of all concerned
parameters.

I11.4.4 Impact of parameters

The method performance varies with different parameters considered in the localization
algorithm, such as the number of neighbors K, the number of anchors N4, the number
of references positions Np as well as coefficient « observed in both types of weights
factors. Some of them are deemed to be determined at advance, while others need to
meet the requirement of the network configuration. This part discusses the variation of
performances with respect to these parameters using the fourth trajectory. The relevant
acceleration curves are depicted in Figure IIL.7.

N

Acceleration 1 (m/sz)
=)

i i i i
0 20 40 60 80 100
Time (s)

Acceleration 2 (m/sz)

i i i i
0 20 40 60 80 100
Time (s)

Figure IIL.7: Acceleration signals of trajectory 4

111.4.4.1 TImpact of K

It is recommended to discuss the choice of parameter K to be considered in the RSSI-
based computation. To this end, we vary the number of neighbors K from 1 to 10, we
set meanwhile N4 to 49 and Np to 100. The noise standard deviations corresponding to
acceleration and RSSI are set separately to o, = 0.01m.s~2 and o¢ = 0.1dBm. While
varying values of K, all corresponding results are performed 50 rounds relying on the
average error. Figure II1.8 illustrates the estimation errors as functions of K, obtained
with the proposed combined method, the single acceleration-based one and the single
fingerprinting-based one. When K is higher than 2, errors are slightly varying. The
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III. CENTRALIZED LOCALIZATION

proposed method leads to more accurate estimates than the other methods in all cases.
In the following simulations, K = 3 is chosen since with K = 3 the best results are
obtained.

T T T T T T T T
51 —©— Accelerometer |{

4 —@— Fingerprints
45 =—8— Combined

Estimation error (m)

b 4
15 : 1
1L 1]

1 2 3 4 5 6 7 8 9 10
Number of neighbors

Figure IT1.8: Estimation errors as functions of K

111.4.4.2 Impact of N4

The number of anchors N4 is varied in this section from 25 to 400, with Np set to 100,
K to 3, o, to 0.01m.s~2 and o¢ to 0.1dBm. Figure I11.9 shows the curves of estimation
errors with respect to the increasing number of anchors, obtained with the combined
method, the single acceleration-based method and the single fingerprinting-based one.
As expected, the estimation error generally decreases with the increase of the number
of considered anchors, with the combined method outperforming the single methods in
all cases. The error curves however show irregularities around N4 = 81. In fact, the
estimation accuracy is highly influenced by the proximity of some reference points to the
anchors, due to the logarithmic expression of the RSSI/distance. Indeed the logarithmic
function highly decreases with slightly varying argument values when they are small.
That is, when a distance separating a reference point to an anchor is too small, the
corresponding RSSI is very high. A position not too far from this reference point could
have highly varying RSSI from the reference point one, misleading this way the nearest
neighbors algorithm. This explains why for some N4 values, the error increases instead
of decreasing with increasing V4.

111.4.4.3 Impact of Np

The number of reference positions Np is varied afterwards from 25 to 400, while setting
K to 3, Nj to 49, o, to 0.01m.s~2 and o¢ to 0.1dBm. Figure I11.10 shows the curves of
estimation errors with respect to Np. As expected, the estimation error decreases with
the increase of the number of considered reference positions. The combined method
achieves better performance, than the single ones. In all experiments, the reference
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Figure II1.9: Estimation errors as functions of N4

positions are regularly spaced over the surveillance area. We now consider randomly
distributed reference points according to a uniform distribution over the whole surveil-
lance area. Figure II1.11 shows the curves of estimation errors as functions of Np,
obtained with the only-fingerprinting and the combined methods with regularly spaced
(RegS) reference points and randomly distributed (RanD) reference points. The simu-
lation is run 50 times and the errors are average over all the results. The plot shows
that with regularly spaced reference points, the localization is more accurate with all
values of Np. Indeed, with the regular distribution, the network is regularly covered,
without having sub-covered regions.
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Figure IT1.10: Estimation errors as functions of Np

II1.4.4.4 Impact of o, and o¢

The additional noises are also an important aspect to assess algorithm adaptability. In
the following, the impacts of added noises are discussed. Firstly, we vary the standard
deviation of the acceleration noise o, from 0.0035m.s~2 till 0.008m.s~2 with fixed K =
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Figure III.11: Estimation errors with different distributions of reference points

3, No =49, Np = 100 and o¢ = 1dBm. The plot of Figure II1.12 shows the curves of
the estimation errors obtained with the combined method, the acceleration-based one
and the fingerprinting-based one with respect to 0. As expected, the estimation error
increases with the increase of the noise in the methods using accelerations. However,
the combined method remains much more accurate than the other ones.

—©— Accelerometer
—@— Fingerprints
2.2 —@— Combined D

Estimation error (m)
o

3.5 4 4.5 5 55 6 6.5 7 7.5 8
Standard deviation of acceleration noise(m/sz) x 107

Figure II1.12: Estimation errors as functions of noise standard deviations o

Afterwards, we vary the standard deviation of RSSI noise o¢ from 0.01dBm till 4dBm
with K = 3, Ny = 49, Np = 100 and o, = 0.01m.s~2. The plot of Figure III.13
shows the estimation errors with respect to o¢. Also, the plot shows that the estimation
errors increase with the increase of the RSSI noise. Moreover, the combined method
outperforms the single ones.
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Figure II1.13: Estimation errors as functions of noise standard deviations o

I11.4.4.5 Impact of weights parameters

The impact of the weights expressions is also worth to analyse. Indeed, the weights are
used in the computations of the estimates while using the nearest neighbors algorithm
with the RSSI fingerprints. To this end, we set parameters K to 3, N4 to 49, Np to 100,
and o and o¢ to 0.01m/s? and 0.1dBm respectively. Firstly, we consider the inverting
distance scheme given in Eq. [11.4 and we vary the parameter « from 1 to 5. Then we
consider the exponential weight scheme given in Eq. [11.5 and we vary the parameter
a from 1 to 5 also. Figure 111.14 shows the estimation errors curves as functions of
the parameters values, with both schemes as functions of a. The plot shows that with
the inverting distance scheme, the proposed method outperforms its version with the
exponential scheme. Also, the configuration with Eq. [11.4 using @ = 2 receives best
results. In the simulations presented later, this configuration of weight factor is adopted.

Estimation emor (m)

‘Weight parameter o

Figure II1.14: Estimation errors as functions of weight parameters
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III. CENTRALIZED LOCALIZATION

I11.4.5 Comparison to a connectivity-based method

In this section, the proposed method is put forward to be compared with a connectivity-
based method, using Monte-Carlo [Baggio et Langendoen 2006] where the strength of
a signal is assumed to decrease monotonically with the increase of its traveled distance,
as for the proposed method. According to [Baggio et Langendoen 2006], each mobile
node compares its online RSSI measurements at each time-step to a certain threshold
&, associated to a distance r. If the RSSI of a signal emitted by an anchor ¢ is higher
than &, the distance separating the anchor from the node at this time-step is less
than . In this case, the anchor 7 is assumed to be detected by the node, leading to
a disk constraint centered on the anchor and having r as radius, including the node
position. The solution of the problem is then set by intersecting all disks of detected
anchors. In order to define it using Monte-Carlo, N particles are generated in the
way to satisfy all detected anchors constraints. These particles are included in the
intersection area of all disks. Finally, the estimated position is given by the barycenter
of all generated particles. In order to compare this approach to our proposed method,
set the number of anchors N4 to 49, the number of reference points Np to 196, the
number of neighbors K to 3, the standard deviations of noises 0., and o¢ to 0.001m.s~2
and 0.1dBm respectively. Accordingly, set the number of particles N to 100 and the
range r to 15m, leading to a power threshold equal to 53d Bm according to the noiseless
pathloss model with & = 100dBm and np = 4. With this value of r, an average of
3.33 anchors is detected by the node at each time-step. The connectivity-based method
yields an estimation error of 3.6986m, compared to 0.8216m with the combined method
as shown in Table III.15. The average computation times are equal to 2.167ms and
0.252ms respectively. It is obvious that the proposed method is more accurate than the
connectivity-based one using Monte-Carlo. Comparisons to other methods are given in
the following chapter.

Table IT1.15: Comparison results

Monte-Carlo Combined method
Error (m) 3.6986 0.8216
Time (ms) 2.167 0.252

IT11.5 Conclusion

This chapter proposed a centralized localization technique for wireless sensor networks.
The proposed method is an anchor-based method, using both fingerprinting and ac-
celerometer information. Based on interval analysis, the proposed method computes
two interval-estimates, then combines them, leading to position boxes including the ac-
tual locations of the nodes. It discussed several possible solutions in terms of different
incertitude modeling. Simulation results show that the proposed method outperforms
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other methods using only accelerometer information or fingerprinting measures. It also
illustrates the efficiency of the proposed approach, compared to a connectivity-based
one using Monte-Carlo.

The centralized algorithm is easy to implement since all computations are done at the
base station. However, it is more energy consuming and less robust than clusterized
computations, especially in ad hoc networks. For this reason, a clusterized localization
technique performing the fingerprints collection is further explored in the following
chapter. Moreover, the measured accelerations values are no more reliable if some
rotations occur to the mobile node having the accelerometer device. It is recommended
to introduce some inertial measurements to make sure of the reliability of obtained
movement data. The next chapter will focus on the relevant solutions to these problems.
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o entralized localization is tackled in a rather simple way, permitting com-
?\‘\’f‘,’ plex computational task at the central base station with sacrifice over the
% %‘)&),)) communication cost of data immigrations in the network. Tradeoff between
‘\/@ cost of communication and computation turns to be of weakness once the
network becomes larger or denser. Besides, many applications are oriented to the
large-scale, or for harsh environmental contexts where the efficiency of centralized
algorithms drops enormously. Clusterized localization circumvents this limitation
by introducing massive parallel computations at nodes themselves or several com-
putation points distributed over the network. Considering the latter solution, the
surveillance area is required to be divided into several clusters, each equipped with a
head of cluster. The proposed clusterized localization algorithm employs both RSSI
and inertial information, to compute first estimates using RSSI-fingerprints, then
correct them using inertial information leading to more accurate estimates. Compu-
tations are performed using both solutions of the interval analysis and the Kalman
filter techniques.
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IV. CLUSTERIZED LOCALIZATION

IV.1 Introduction

The new generations of wireless sensor networks (WSNs) tend to be more flexible, with
higher capacity and functionality. Advances in wireless networking, microfabrication
and integration have enabled the massive-scale networks suitable for a range of com-
mercial and military applications [Zhao et Guibas 2004; Roseveare et Natarajan 2012].
Localizing sensors in a centralized manner in such networks encounters thus a dilemma
on communication cost inherited between sensors. Indeed, the energy consumption in-
creases rapidly even enormously, especially for the sensors nearby the central station,
with the normal growth of network scale in a centralized manner as mentioned in chap-
ter I. Consequently, the clusterized localization algorithm is notably recommended here,
since generally sensors are not only able to sense and communicate with each other, but
they are also qualified to execute some complex computations and operations by them-
selves.

Technically speaking, the centralized architecture considers only a single fusion center
that plays the unique role of processing all the information in the network [Tharmarasa
et al. 2011]. Such architectures are high energy consuming since all information should
be routed to the fusion center then relayed accordingly back into the network after
the required analysis and processing. Nevertheless the fusion center undertakes all the
computation task since it is specially designed. It is worth noting that the competition
between computation capacity and communication cost turns to be unbalanced once the
networks scale increases largely. By introducing individual agents, which could be smart
sensors themselves, in the network, information could be analyzed and processed at
hand or nearby, obtaining yet satisfying processing accuracy but saving communication
consumption. Moreover, as the clusterized architecture considers several collection and
computation points, it is usually more efficient and more robust to failure than the
centralized approach [Tharmarasa et al. 2011; Ferrari et Pagliari 2006]. Consequently,
clusterized network architectures not only relieve the computation pressure and increase
the process efficiency but also they are especially susceptible of the unexpected malicious
nodes.

Working through a clusterized localization manner, the entire surveillance area as talked
in Chapter III is considered to be divided into several small clusters according to the
location of individual agents. Under this context, compared with one single estimate
of centralized locating, clusterized algorithm offers the network individual localization
estimates in parallel corresponding to clusters. The individuals then manage to combine
themselves into one solution in considering their relevant importance.

Under this context, this chapter presents a novel localization technique based on finger-
printing and inertial information in clusterized sensor networks. The proposed method
is all the same an anchor-based range-free method performing fingerprinting collection
but in a clusterized scheme. The method consists of the configuration phase, followed
by the localization of the nodes. In the configuration phase, the surveillance area is
divided into several clusters each of which equipped with a head of cluster. Then RSSI
fingerprints are collected to model each cluster of the network, leading to a clusterized
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power map. Afterwards, in order to localize a given node, the power map is used with
the nearest neighbor algorithm to compute local position estimates, whose combina-
tion leads to a global estimate at each time step [Chen et Chang 2008; Aldhubaib et
Shuley 2010]. The collected accelerations [Schuler et al. 1967; Lee et Huang 2002| are
then used to correct the global estimate using either the interval analysis [Moore 1966;
Jaulin et al. 2001; Mourad et al. 2009] which allows a guaranteed estimation of the tar-
get node position in terms of interval, or the Kalman filter [Kalman 1960; Chan et al.
1979; Honghui et Moore 2002| which performs the optimal recursive data processing
and gives an efficient estimation by incorporating all information issued from different
sources.

IV.2 Configuration of the network

Consider the network is composed of N4 fixed anchors and Nx mobile nodes, denoted
respectively by a; = (a;1,...,aip), © = 1,...,Na, and x;(t) = (x;1(t),....,z;p(t)),
j =1,...,Nx, t being the current iteration and D the dimension of the surveillance
area (D = 2 or 3). The aim of the method is to localize the nodes with respect to the
anchors using their exchanged information.

cluster 3 cluster 4
O. L]
AN
® Mobile node
/%—.\. O Anchors
L . . . . /\ Head of clusters
e Reference positions
AN yAN
o . . 'o
cluster 1 cluster 2

Figure IV.1: Composition of the clusterized network

Being a clusterized approach, the proposed method consists of dividing the surveillance
area into several clusters. These clusters could be set according to the configuration of
the obstacles in the surveillance area, or by dividing the whole area into equal clusters.
Figure IV.1 shows an example of a network in a 2D environment, having nine anchors
and one mobile node, and divided into four equal clusters. Each cluster is equipped
with a head of cluster that could be a small computer or an anchor having computation
capabilities. Let N¢ be the number of clusters and let k() = (h(c)yl,...,h(c)yD), c =
1,..., N¢, be the head of clusters coordinates. The heads are usually positioned at the
centers of the clusters and they are assumed to have sufficient communication ranges
in the way to be able to communicate with each others. In order to localize the nodes,
the network is first modeled by a collection of radio-fingerprints. To this end, Np
uniformly distributed reference positions are generated in each cluster ¢, ¢ = 1,..., N¢o.
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These positions are denoted by p(), = (p(c%ml, ...,p(c)m,D), n =1,..,Np(). Then
anchors broadcast signals in the network with the same initial power. It is noted that
their signal powers are inversely proportional to transmission distances. By placing
a sensor consecutively at reference positions, one is able to receive the anchor signals
and measure their Received Signal Strength Indicators (RSSIs) at these positions. Let
&P (c),n be the reference RSSI vector given by

£P (c)yn — (£P (¢),n,1s -~-,£P (c),n,NA) , (IVl)

where {p(¢)n,i 18 the strength of the signal emitted by the anchor ¢ and received at
the reference position p(.), of the cluster c¢. The configuration phase leads then to a
fingerprinting database, namely the power map [Robles et al. 2010]. This map consists
of the union of N¢ submaps, having each Np (. couples, composed of the reference

positions with their associated RSSI vectors (p(c)m,ﬁp (c)7n>, n=1,..,Np( and c =

1,..., No. Each fingerprinting submap is stored in the corresponding head of cluster, to
be used hereafter with the online data in order to perform the localization computation.

IV.3 Clusterized localization method

Once the clusterized configuration is performed, the algorithm proceeds to both estima-
tions by fingerprints and inertial readings. In what follows, first estimates are presented
by using fingerprints in a clusterized manner. After, inertial information will be taken
into consideration to correct the fingerprints estimates. Solutions are given using inter-
val analysis and Kalman filter.

IV.3.1 Estimation using fingerprints

Each mobile node collects while moving the RSSIs of the signals it receives from the
anchors, leading to online RSSI vectors as follows,

£Xj(t) = (SXj,l(t)’ ""SXj,NA(t)) ) ] € {L '--’NX}’ (IV2)

where {x ;i(t) is the strength at reception of the signal emitted by the anchor i and
received by the node j at iteration ¢. Then, nodes send their RSSI vectors to the heads
of clusters within their communication ranges. Let Ic;(t) be the set of indices of the
heads receiving the node j RSSI online vector at iteration ¢. In order to localize the node
J, each head of I¢ ;(t) computes the Euclidean distances [|§x ;(t),§p (¢)nl Detween the
online RSSI vectors £y ;(¢) and all reference RSSI vectors £p (), of its cluster. Then,
according to the nearest neighbor algorithm [Chen et Chang 2008; Aldhubaib et Shuley
2010], the K reference positions giving the K smallest distances are selected. Let
Ip(e),;(t), ¢ € Icj(t), be the set of indices of these reference positions. Local position
estimates are then computed as follows,

Z(e),(t) = Z W) jm )Py, € € Ioj(t), (IV.3)
nEIp(c)’j(t)
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IV.3 Clusterized localization method

where w(c) j,(t) is the weight associated to the reference position py), using the node
7 information at iteration ¢. The weights, defined similarly as in Chapter I1I, are chosen
in the way to be inversely proportional to the RSSI distances. Indeed, having a small
distance between the RSSI vectors means that the node is close to the corresponding
reference position, and thus its corresponding weight should be high. Also, the weights
should be normalized, -, ./ @4 W(e),jn(t) = 1. One could choose for instance the
inverting distance scheme

||£Xj(t)’ £P (c),nH_a

Wie).in(t) = — (IV.4)
I TN vt 0 1x (0 €p @l
where o denotes the parameter of the algorithm, or the exponential scheme
exp (—alléx j(8),€p (0.l
We)jn(t) = (IV 5)

S et s &P (—all€x ;1) €p (0l

Now that local estimates are computed at the heads of clusters neighboring the node 7, a
first estimate is computed by combining these local estimates. To do this, heads use the
strength of the messages including the online RSSI vectors they receive from the node.
Let §x (c),i(t), ¢ € Io4(t) and j = 1,..., Nx, be these strengths. Heads exchange then
their measured RSSIs. The closest one to the node having the greatest RSSI collects all
the local estimates to combine them. To this end, second weights A, ;(t) are computed
using the exponential scheme as follows,

exp (gH (e),j (t)) .
Zuefcj(t) exp (fH (w),j (t))

Ae),i(t) = (IV.6)

A 1% global position estimate is computed at iteration ¢ for each node j using local
estimates as follows,

()= > Ne(O& k), je{l,..,Nx}. (IV.7)
CGch(t)

The A-weight, used to combine the local estimates, should be high if the node is close to
its corresponding head of cluster and small otherwise. This way the local estimates of
the nearest heads are considered more than those of far ones. Since the RSSI decreases
with the increase of the traveled distance, the higher g () ; (t) is, the closer the node j
is to the head of cluster ¢ and the higher its corresponding weight A ; (t) should be.
One could use for instance the normalized RSSIs as weights. However, by using the
proposed exponential formulation of Eq. IV.6, one gives much more importance to the
local estimate of the closest cluster to the node, which has the reference RSSI vectors
generated in the same geographical conditions as for the node at time t.
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IV. CLUSTERIZED LOCALIZATION

IV.3.2 Estimation using the inertial information

Previous Chapter IIT has discussed three mobility models applied in the localization
algorithm. In the following, basic solution by these models is revised . Then an extension
to the case of rotation occurrence is equally discussed.

IV.3.2.1 Basic solution

Each node is equipped with an accelerometer that yields its instantaneous acceler-
ations over the D coordinates [Lee et Huang 2002; Hsu et Yu 2009]. Let ~,(t) =
(75,1(t), --,75,0(t)) be the acceleration vector of the node j at iteration . Using ~;(t),
one is able to estimate the position of the node j by using the second-order mobility
model as follows,

@j(t) = 2;(t — 1) + v;(t — 1)At + 0.5v,(t) At (IV.8)

where v;(t) is the estimated velocity vector of the node j at iteration ¢, computed
iteratively by
vi(t) =v;(t —1) +,()At, (IV.9)

with At the time period between two consecutive iterations. The nodes are assumed
to be fixed at t = 0 at known positions with zero velocities. Note that model as
in Eq. IV.8 assumes that the acceleration vector is constant between the iterations
t — 1 and ¢t. With slightly varying accelerations, this model performs well. However,
with abrupt changes in accelerations or noisy interrupted accelerations, estimates might
be sensitively deviated from the exact trajectory, due to cumulative errors over time.
Another more approximated model could also be used as follows,

:]Aﬁj(t) = .’.i'j(t - 1) + Vj(t)At, (IV]_O)

where velocities are computed using Eq. IV.9. In model of Eq. IV.10, called first-order
model, the velocity vector is assumed to be constant between the iterations £ — 1 and
k. This model is less accurate, but runs faster than the first one. Alors, the third-order
mobility model is equally proposed as shown in Eq. IV.11,

1;() =t~ 1)At3
. ¢ At (IV.11)
= &;(t = 1) +0;(t = DAL+ 25t - DA + g’yj(t)AtQ,

1
(1) = &t = 1) + 05t = DAL+ S;(t = DA +

where ©;(t — 1) is the velocity vector of the node j at time-step ¢ — 1 computed at
iteration ¢ as in Eq. IV.12,
17,() —v;t—-1
pi(t) =0t —1) 4+, — DAt + 17,0 XJ( )At2
. 2 . t (IV.12)
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IV.3 Clusterized localization method

The accelerations are linear going from - (t—1) to v (t) between two consecutive time-

] ()= (t—1 . .
steps t — 1 and t with a slope of l&gt(t-’—) With a small value of At, this model
works rather good, since the approximated acceleration curves become very close to the

real ones.

The aim of the proposed method is to take advantage of the accelerometer-based es-
timates to improve the 1% global estimates obtained by using the fingerprints power
map. Details of the combination of all types of information are given in the following
two sections.

IV.3.2.2 Extension to rotation

3=13 3 3
i 3’
3 »
2!
\\ P /’ Y b
L s N
2' & s N
T N, Ny
-7 5 e \ 7 2
\ 2 2 o
2
/<;(\ %)
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1’ 1=1" 1’
(@) (b) ©

Figure IV.2: 3D rotations

By using the direct acceleration measurements made in the nodes, the method assumes
that the node is rotationally constrained, that is the nodes coordinate system remains
the same as the world coordinate system. However, while moving, the nodes could rotate
and the D accelerations measured by each node are no more in world coordinates. To
overcome this problem, the nodes should be equipped with gyroscopes, that yield their
orientations with respect to the initial coordinate system. Assume that D = 3, that
is the localization is performed in a 3D environment, and let ¥;(t), ¥;(t) and ¢;(t)
be the angles of rotation of the node j at time ¢ around the third coordinate axis of
the world system, the first one and the second one respectively. The plots (a), (b)
and (c) of Figure 1V.2 illustrate these respective rotations, 1,2 and 3 being the world
coordinate axes and 1°.2° and 3’ the node j ones. These rotations are assumed to be
counter-clockwise when the axis around which they occur is pointed toward the observer,
the coordinate system is right-handed and all angles are positive. For instance, 9;(t)
represents the rotation angle, around the third coordinate, of a vector aligned with
the first coordinate and going toward the second one. In the following explanation,
we will withdraw the notation (¢) in the sake of clarity. Now let ’]’;’;,11 7;,2 and 7?,3 be
the measured accelerations of the node j at time t in its coordinate system. Then its
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IV. CLUSTERIZED LOCALIZATION

accelerations 7; 1, ;2 and ;3 in the world coordinates are given by

751 Yia
Y2 | =RW5,05) | vie | (IV.13)
33 Vi

where the first column of the 3D rotation matrix is defined by

cos Y cos ¢;
cos ¥, sin ; sin ¢; + sin ¥, cos ¥; , (IV.14)

— cos v cos Y; sin ¢ + sin ¥ sin P

its second column is defined by

—sin ¥, cos ¢;
—sind; sin; sin ¢; + cos ¥ cosv; |, (IV.15)

sin ¥; cos ¢; sin ¢; + cos ¥, sin Y

and its third column is defined by

sin ¢]'
—sinyjcosg; | . (IV.16)

cos 1 cos ¢

In 2D space, the expressions of ;1 and ;2 could be obtained by considering only the
first and the second coordinates and by setting ¢; = v; = 0. Indeed, rotation is only
possible in the plane with the rotation angle 1;. This leads to the following,

V5,1 o COS 19]' —sin 19]' 7;‘,1 (IV 17)
= ) 3 . :
V5,2 sind;  cosd; Yj2
At each iteration, each node measures its accelerations in its coordinate system and
its orientations using its gyroscope and then it computes its accelerations in the world
coordinate system. These computed accelerations would be used in the localization
algorithm by applying Eq. IV.8 - IV.12. In the following two sections, the nodes are
assumed to be rotationally constraints for simplicity. However, the computations could

be easily modified for the other case, especially in the interval-based algorithm. Perfor-
mance on the case of nodes rotation will be illustrated in simulations section.

IV.4 Resolution using the interval analysis

Resolving the localization problem using the interval analysis consists of computing
the 1%¢ global estimates using intervals and then correcting these estimates using the
accelerations. Indeed, having measurements incertitude over the RSSIs and the accel-
erations, one could rewrite the RSSIs and the accelerations in the interval framework,
letting possible the computations using intervals and thus leading to estimated boxes,
instead of scalar ones. Let [{p ()], ¢ = 1,...,N¢ and n = 1,..., Np (), be the refer-
ence power boxes including all the RSSIs of the signals emitted by the anchors and
received at the reference positions p() ,. Indeed, due to signals reflection, multipaths
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IV.4 Resolution using the interval analysis

or additive noise, signals powers might vary even for the same traveled distances. The
power map in the interval framework is then composed of N¢ submaps having couples
composed of reference positions and their corresponding power boxes. Assume that
[€x;](t), 7 =1,..., Nx, are the online power boxes including the RSSIs of signals re-
ceived at the nodes j at iteration ¢. Then distances are computed between RSSI boxes
leading to distances intervals ||[§x ;](¢), [§p (c)nlll- The K indices of the reference posi-
tions yielding the smallest centers of distances intervals are then selected to define the
Ip(),;(t) set. Local boxes estimates [&(.) ;]() are then given as follows,

Zo B = D [wemalOPem ©€Iod), (IV.18)
n€lp (c),;(t)

where the weights [w(c) ;»|(t) are intervals obtained using either Eq. IV.4 or Eq. IV.5
in the interval framework with boxed RSSIs instead of vectors RSSIs with aid of d¢
introduced in Chapter III. The 15! global boxed estimate for a node j is then obtained
by
@10 = S Mol Ot j € {1y Ny}, (IV.19)
celc ;(t)

where [\ ;](t) are interval weights employing Eq. IV.6 in the interval framework with
boxed RSSIs. Alternatively, as shown in Chapter III, one could compute the 1% esti-
mated box by i) generating random test positions in the surveillance area, ii) computing
their estimated scalar positions using fingerprints, iii) defining an incertitude 0z, as the
maximal error obtained over the test positions estimation, afterwards iv) computing the
scalar estimate & () using non-interval RSSIs, and then v) defining the 1% estimated
box by [&;](t) = jzf)[ic;d(t) — b2, 4(t) + 0a], &5 4(t) being the d-th coordinate of
& (t) and II the cartesian product. Simulations of Chapter III showed that this other
way of defining [&;](¢) leads to more accurate estimates. For this reason, it would be
applied in the interval algorithm.

On the other hand, a 2" estimated position box could be obtained for each node
using accelerometer information. Indeed, each node measures its acceleration vector
v;(t) = (v5,1(t), -, 7;,p(t)) and defines its acceleration box as follows,

[v,1(t) = =P [v5.4) () = =L [v5.a(t) — 6y, 7j.a(t) + 64], (IV.20)

where d, is the acceleration incertitude set as shown in Remark 1 of Chapter III. The
27 estimated box at iteration t is then obtained according to the second-order model
of Eq. IV.8 as follows,

[@F1(t) = [&)(t — 1) + [v;)(t — DAL+ 05[] (t) AL, (IV.21)

where [&;](t — 1) is the final estimated box, obtained at iteration ¢ — 1 by combining all
information, and [v;](t) is the box including the velocity of node j at iteration ¢,

il(t) = [wil(t = 1) + [v;](0) At (IV.22)
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IV. CLUSTERIZED LOCALIZATION

By using the first-order model of Eq. IV.10, one obtains

[&7](t) = [2;)(t — 1) + [v;] () At, (IV.23)

where [v;](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,

[27]5(t) = [&;](t = 1) + [&](t — 1) At + %[’m](t — 1AL + é[’yj](t)AtQ, (IV.24)

where ©(t) is equally boxed by
[231(0) = [231(¢ = 1)+ 3106 — DAL+ 5 ;)0 (1v25)

Similarly to the 15¢ estimated box, one is able to compute the 2"? estimated box in an
alternative manner as shown in Chapter III. Indeed, [:i';r](t) could be set as [&;](t —
1) + [Bj](t) where [B;](t) = H4=P[B;4(t) — 65, (t), Bja(t) + 65, (t)]. The quantity
B; 4(t) is equal to v; 4(t)At for the first-order model, vjq(t — 1) At + 37;.4(t) At? for the
second-order model or v; 4(t — 1)At + 27, 4(t — 1)At? + 3, 4(t)At? for the third-order
model, whereas the incertitude &, (t) is equal to V6, At? for the first-order model,

% — %(%AF for the third-order model.
For more details, refer to Remark 3 of Chapter I1I. Simulations of Chapter III showed
that by using d,. (¢), the algorithm leads to more accurate results. For this reason, the
combination of finally added incertitude with (dz.,dz,) is chosen to make illustrations
of the interval-based solution.

Having two estimated boxes for each node j at iteration ¢, one could compute the final
estimate by intersecting these boxes at each iteration as follows,

- %57At2 for the second-order model or

[5](t) = [ 1(t) N [&]](2). (IV.26)
The exact position estimate is given by the center of the estimated box. If the in-
tersection of these boxes is empty, one could choose to keep only the 1% estimate.
Nevertheless, with this approach, one obtains boxes that usually include the exact po-
sitions of the nodes. Figure IV.3 shows an illustration of the proposed interval-based
method. It shows in black points the reference positions, in black circles the anchors
positions, in black triangles the heads of clusters, in light gray line the 1% fingerprinting
estimated box, in dark gray dashed line the acceleration estimated box, in black line
the final estimated box and in stars their corresponding estimated single positions. By
intersecting the estimated boxes, one obtain smaller boxes with less incertitude leading
to more accurate position estimates.

IV.5 Resolution using the Kalman filter

The process of combination could also be performed using the Kalman filter, being a
linear estimation based on the criterion of Least squared errors [Kalman 1960]. The basic

98



IV.5 Resolution using the Kalman filter

Figure IV.3: Interval-based localization

idea of the Kalman filter is to predict the unknown state using a given state equation,
then to correct the predicted value by using some observations. In order to apply the
Kalman filter to the localization problem, consider that the unknown states are the
exact D-dimensions nodes’ positions @;(t) and their velocities vj(t), that is, the state
X(t) is set to (z;(t)Trj(t)T)T. Assume that the state equation is the acceleration-
based one and the observations are the 15¢ global positions estimates obtained using the
radio-fingerprints map. The problem is then modeled by

X;(t) = AX;(t = 1) +u;(t) + ¢(1), (1V.27)

z; (1) = CX;(t) +¢5(1),
where ¢;(t) ~ N(0,V) is the state equation noise of zero mean normal distribution with
covariance matrix V' of (2D x 2D) and €;(t) ~ N(0, R) is the observation noise of zero
mean normal distribution with covariance matrix R of (D x D). Ais the state transition
matrix, w;(t) is the noisy control-input vector and C' is the observation matrix. A and
w;(t) are determined by applying the mobility model, whereas C is defined using the
observation model.

IV.5.1 Kalman parameters definition

According to the problem definition, the matrix C is a (D x 2D) matrix given by the
identity D matrix Ip, completed by zeros. The exact value of the covariance matrix
of € is not available. In order to approximate its value, a set of test positions are
randomly generated and they are localized according to Section IV.3.1. Then, since
the exact test positions are known, one computes the estimation error vector over each
coordinate. The matrix R is then estimated by computing the covariance of the D error
vectors. This matrix is constant over all iterations and is the same for all nodes. The
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state equation is defined with respect to the mobility model. Considering the first-order
acceleration model of Eq. IV.8, the corresponding kalman state equation is illustrated

X;(t) = ( = () > :A< xi(i:i; > + (1) + ¢(0),

v;(t) v

Ip Atl At?y,(t)
_ ( oo Allp >Xj(t—1)+ ( At;yj(t) ) +¢(1),

where Op is the (D x D) null matrix. As to the second-order model, the state equation

is shown as,
0= (20 ) AT ) Fu+ g
(o2 ) xie-n+ ( 25;%(( D)+ 60,

The state equation applying the third-order model is represented nevertheless as,

x0=( 20 ) =a( D021 ) +uor+

v;(t)
= AX;(t — 1) + ta;(t — 1) 4+ wp;(t) + (1),

- (o o) xe-n+( 3 At;y o)+ ( iﬁ%ﬁ? )+ao

(IV.30)

as,

(IV.28)

(IV.29)

IV.5.2 Algorithm using Kalman

Resolving the problem according to the Kalman filter consists of two phases. First, the
nodes positions are predicted using the previous estimate and the state equation.

X (t) = AX(t — 1) + uy(t), (IV.31)

where u;(t) is computed beforehand at each iteration as shown in the previous section,
Xj(t — 1) is the final previous estimate and Xj(O) is assumed to be known. Then the
predicted estimate covariance reflecting the accuracy of the state estimate is updated
as follows,

Pl (t) = AP;(t — 1)AT + Q(t) = Pj(t — 1) + Q(¢), (IV.32)

where o7 denotes the transpose of e, P;(t — 1) is the final previous estimate covariance
and P;(0) is equal to the null matrix since the state is initially known. The matrix Q(t)
is the covariance of X;(t) given X (¢ — 1), that is

Q1) = coo(X; (1) Xt — 1)) = covluy (1) + G (1)
= cov uj< )+ ol ) (1V.33)
= cov(u(1)) +
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where cov (-) computes the covariance matrix of its argument. Now if we consider
the first-order model, and since each coordinate acceleration noise has a zero-mean
normal distribution with a standard deviation o, and the D coordinates are statistically
independent, the covariance matrix Q(t) is given by

a0 =vrer((257%))

IV.34
v At4O'%ID Op ( )
o Op At2U§ID ’
By taking the second-order model, the covariance matrix Q(t) is given by
A2
Q(t) =V 4+ cov << 275 (1) >)
Aty (t)
(IV.35)

vy At 2ID OD
OD At3o ,QYID '

As to the third-order acceleration model, the covariance matrix Q(t) is given by

Q(t) =V + cov (uq; 1) + up (1))

(i -
e (( fg o)+ ( Agf%) ) (1V.36)

o[ B o
=V + o ar o |

The predicted quantities are then corrected using the observation equation as follows,

X;(t) = X (t) + Hj(t)(X; (1) = C- X[ (1))
— X0+ O (0 - X 0) v
Pj(t) = (Ip — H;(#)C )Pf t)
= (Ip — H;(t))P; (1),
where H(t) is the optimal Kalman gain given by
H;(t) = P} (t)C" (CP () C" + R)™ (1v.38)

= B ()(P} (1) + )

Note that the correction of Eq. IV.37 is only valid for the optimal Kalman gain. Using
other gain expressions needs more complicated correction equations.

IV.6 Simulation results

This section illustrates the performance of the proposed method using the interval anal-
ysis or the Kalman filter. To this end, we consider a 100m x 100m two-dimensional
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IV. CLUSTERIZED LOCALIZATION

surveillance area (D = 2). Only the localization problem of one mobile node is con-
sidered, since each node localizes itself using only anchors 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 trajectories,
selected from the sixth of chapter III, of 100 points with At = 1s are generated using
analytic expressions for both coordinates as functions of time. The trajectories are illus-
trated once more in Figure IV.4 and Figure IV.5, whereas their respective accelerations
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 trajectory
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Figure IV.5: Second trajectory

white noises with standard deviation o, are added to the accelerations.

The surveillance area is divided into N¢ equal clusters and the heads of clusters are
positioned at the centers of the clusters. N4 anchors and Np reference points are
positioned in a regularly distributed manner in the surveillance area, leading to equal
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Figure IV.6: Acceleration signals for the first trajectory in the top plots and for the
second trajectory in the bottom plots

%S reference points in each cluster. Figure 1V.4 and Figure 1V.5 show 16 anchors in
black circles, 100 reference points in black points, 4 clusters and 4 heads of clusters in
black triangles. The pathloss model [Medeisis et Kajackas 2000] is used to generate the
RSSI values, given as follows,

P (¢)m,i = &0 — 10nplogyg [|lai, Py mll,
Exi(t) = & — 10np logg ||ai, z(t)|], (1V.39)
€ () (t) = &0 — 10nplogyg || h(e), z(2)]],

where all RSSIs are in dBm, &g is the transmission power in dBm at 1m from the
emitter, set to 100dBm, and np is the pathloss parameter, set to 4. Random gaussian
white noises with standard deviation og¢ are then added separately to all RSSIs.

IV.6.1 Illustration of the proposed method

Consider that the surveillance area is divided to Ng = 4 clusters, setting the number
of heads of clusters to 4. Set the number of anchors N4 to 16, the number of reference
points Np to 100 and the number of neighbors K to be considered to 3. For the weights,
use the inverting distance scheme given in Eq. [V .4, with a set to 2, and the standard
deviations of noises oy and o¢ are set to 0.01m/s* and 1dBm respectively, which are
around 2% and 10% of the deviations of real signals. The covariance matrix V of state
equation noise is set to zero. Here the first scheme for the acceleration model is selected,
however comparison between models will be illustrated further later. Figure V.7 shows
the estimated trajectories using the interval analysis (DWKNN-1) and the Kalman filter
(DWKNN-K) and the estimated boxes for the first trajectory, whereas Figure [V.8 shows
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the results for the second trajectory. In both plots, the estimated trajectories follow
very well the real trajectories.

Let the estimation error be the average distance between the estimated positions and
the real ones over all time steps. Table IV.1 shows the estimation errors in meters
and the average computation time in milliseconds per iteration obtained on the first
trajectory using only fingerprinting-based method (DWKNN), only acceleration model
(Acc.), the combined method based on intervals (DWKNN-I) and the combined method
based on Kalman (DWKNN-K). The first, the second and the third orders models for
accelerations are considered in the three latter methods. As expected, combining infor-
mation leads to more accurate results at the cost of the increase of the estimation time,
that remains very low. Moreover, the performances of the Kalman filter and the interval
analysis are very close with a slightly better estimation accuracy with the Kalman fil-
ter. The table also shows that the third-order acceleration model performs much greater
than the others. This is due to the assumption of null or constant accelerations made
by the first-order and the second-order models respectively, which is not the case for
this trajectory. In the following, both the second-order and the third-order acceleration
models will be considered in the proposed method and the only-acceleration-based one.
Moreover, we will only consider the first trajectory for performance illustration, since
it is more complex than the second one and closer to an unexpected travel path.
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Figure IV.7: Estimated results using the interval analysis and the Kalman filter for the
first trajectory

IV.6.2 Influences of K, No, Ny, Np and weight parameters

In this section, we illustrate the performances of the proposed method with respect to
the parameters K, No, N, Np and the weight parameters of the algorithm. To this
end, vary at first the number of neighbors K considered in the RSSI-based computation
from 1 to 10. Set N4 to 25, Np to 100 and N¢ to 4. The noise standard deviations
are set to o, = 0.01m/s* and o¢ = 1dBm. Note that the same noisy data are used
in all experiments with different 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 filter for the
second trajectory

Table IV.1: Comparison of the proposed method to only fingerprinting-based and only
acceleration-based methods

[DWKNN | Acc. | DWKNN-I | DWKNN-K

Error / Acc. 1st-order mod. 2.32m 3.94m 2.29m 2.28m
Error / Acc. 2nd-order mod. 2.32m 3.48m 1.73m 1.53m
Error / Acc. 3nd-order mod. 2.32m 3.1Tm 1.59m 1.41m
Time / Acc. 1st-order mod. | 0.055ms | 0.0067ms 0.12ms 0.11ms
Time / Acc. 2nd-order mod. | 0.055ms | 0.0071lms 0.12ms 0.12ms
Time / Acc. 3nd-order mod. | 0.055ms | 0.0073ms 0.13ms 0.13ms

errors in the left plot and the average computation times in the right plot as functions
of K, for the proposed method using intervals (DWKNN-I) and Kalman (DWKNN-K),
the acceleration-based one (Acc.) and the fingerprinting-based one (DWKNN) with
both the second-order mobility model (mod2) in black and the third-order mobility
model (mod3) in blue. It is observed that in all cases, the proposed method leads
to more accurate estimates than the other methods, with slightly better performances
with Kalman. Also, the performances are much better using the third-order model.
The computation times increase using combining methods however they remain very
low. The best results of the proposed method are obtained for K = 3. Consequently
we choose K = 3 for the following simulations.

We verify then the influence of number of clusters No. We thus vary the number of
clusters N¢ for our clusterized algorithm from 12 to 52, where N4 is set to 25, Np to 100
and K to 3. The noise standard deviations are set to 0., = 0.01m/s? and o¢ = 1dBm.
Figure IV.10 shows the curves of estimation errors and computation times with respect
to the number of clusters N¢. The estimation errors of our method vary slightly with
the variation of the number of clusters, whereas the computation time increases with the
increase of N¢. This is due to the fact 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 functions of K

including all heads of clusters computation. By dividing the computation times by the
number of heads, one could obtain the average computation time per head, which would
decrease with the increase of N¢ due to the decrease of the number of reference positions
per cluster. The plot shows also that with several clusters, the clusterized localization
method is less accurate than the centralized method with only one cluster, however
with four clusters the difference in errors is very small while gaining in robustness and
energy consumption. In the following, N¢ is set to 4 since with this value we have the
best results with our proposed method.

a5h : —©— Accelerometer-mod2 | | 05
=0~ Accelerometer-mod3|g
—0— DWKNN 0.45
4t : == DWKNN H
—&— DWKNN-I-mod2 04
a5l =0~ DWKNN-I-mod3 || z
£ —&— DWKNN-K-mod2 E o35
= + =A~  DWKNN-K-mod3 2
£ =
2 BE < 0.3
S 2
g % 0.2
@ E 02 —©— Accelerometer-mod2
w o =0~ Accelerometer-mod3
01 : —— DWKNN
== DWKNN
01 —&— DWKNN-I-mod2
+ =0O= ' DWKNN-I-mod3
0.05 : —A— DWKNN-K-mod2
+ =A= . DWKNN-K-mod3
= -©- ©- s
1 4 9 16 25
Number of zones N Number of zones N
(a) (b)

Figure IV.10: Estimation errors (a) and times (b) as functions of N¢

Afterwards, we vary the number of anchors N4 from 22 to 202, while setting K to 3,
N¢ to 4, Np to 100 and o, and o¢ to 0.01m/s? and 1dBm respectively. Figure IV.11
shows the curves of the estimation errors and the computation times with respect to the
number of anchors N4. As expected, the estimation error decreases with the increase of

106


5_Clusterized/figures/EPS/MatErrKMod1Mod3.eps
5_Clusterized/figures/EPS/MatTimKMod1Mod3.eps
5_Clusterized/figures/EPS/MatErrNzMod1Mod3.eps
5_Clusterized/figures/EPS/MatTimNzMod1Mod3.eps

IV.6 Simulation results

the number of anchors, at the cost of the computation time that slightly increases. One
could also see that our two approaches outperform the other methods especially with
the third-order mobility model. The irregular error around N4 = 81 is equally caused
by the intimacy between some reference points and the anchor due to the logarithmic
expression of the RSSI/disance as analyzed in Chapter I11.4.4.
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Figure IV.11: Estimation errors (a) and times (b) as functions of N4

The number of reference positions Np is varied afterwards from 62 to 202, with K equal
to 3, N¢ to 4, Ny to 25, and o, and o¢ equal to 0.01m/s? and 1dBm respectively.
Figure IV.12 shows the curves of estimation errors and computation times with respect
to Np. The plot shows that the estimation error decreases with the increase of the
number of considered reference positions, at the cost of the computation time. The
plot demonstrates also that the proposed method using either intervals or Kalman
outperforms the other methods in all cases especially with its third-order model.
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Figure IV.12: Estimation errors (a) and times (b) as functions 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 impact of the weights expression used in the com-
putation of the 15! estimate based on the nearest neighbor algorithm and the RSSI
fingerprints. Firstly consider the inverting distance scheme given in Eq. IV.4, and vary
the parameter o from 1 to 5. Set K to 3, N¢ to 4, N to 25, Np to 100, and o, and
o¢ to 0.01m/ s? and 1dBm respectively. Then consider the exponential weight scheme
given in Eq. I'V.5, and vary the parameter o from 1 to 3. Figure IV.13 shows the estima-
tion errors curves as functions of the parameters values, where the labels Inv-1,...,Inv-5
mean that we are taking the first scheme with o = 1,..., 5 and the labels Exp-1,....Exp-3
mean that we are taking the second scheme with o = 1,2,3. The plot shows that with
the inverting distance scheme, our proposed method and the only-fingerprinting-based
method outperforms their versions with the exponential scheme. The best results are
obtained with Eq. IV.4 using o« = 2 with the third-order mobility model. We thus take
this configuration in the following simulations.
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Figure IV.13: Estimation errors (a) and times (b) as functions of the weight parameter

IV.6.3 Impact of additional noises

This section aims at studying the impact of the noises standard deviations, o, and o
on the localization accuracy. At the very first, we vary the standard deviation of the
acceleration noise o from 0.005m/s? to 0.02m/s? with K =3, No =4, No =4, Np =
36 and o = 0dBm. The left plot of Figure V.14 shows the curves of the estimation
errors obtained with the acceleration-based (Acc.), the fingerprinting-based (DWKNN),
the interval-based (DWKNN-I) and the Kalman-based (DWKNN-K) approaches with
respect to 0., with the second-order (in black) and the third-order mobility models (in
blue). As expected, the estimation error increases with the increase of the noise in all of
the three methods using accelerations information. However, the combined approaches
remain always more accurate than the other approaches. Then we vary the standard
deviation of RSSI noise o¢ from 0.1dBm to 4.5dBm with K = 3, No = 4, Ny = 16,
Np = 100 and o, = 0.01m/s?. The estimation errors are illustrated in the right plot
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of Figure IV.14 with respect to o¢. The proposed two-approaches method outperforms
the other methods in all cases, as well. It is worth noting that the errors either over
accelerations or RSSIs are generated 50 times for each value of the standard deviation
and the errors are averaged over the 50 simulations.
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Figure IV.14: Estimation errors as functions of noise standard deviations

Next analysis aims afterwards to illustrate the performance of our proposed method
with respect to the distribution of acceleration noise. Indeed, in the proposed method it
assumes that the acceleration noise is gaussian with zero-mean and known standard de-
viation o, taken here equal to 0.01m/s?, that is the algorithm considers 0y = 0.01m/s?.
However, the acceleration noise could have, in real, different distribution or higher stan-
dard deviations at times. For this reason, it is suggested first to generate a gaussian
acceleration noise with zero-mean and a standard deviation equal to 0.01m/s? for the
first 40 steps, 0.02m/s? for the following 30 steps, then 0.03m/s? for the rest, whereas
our combined algorithms still take 0., = 0.01m/s%. Table IV.2 shows the estimation
errors for the acceleration-based (Acc.), the fingerprinting-based (DWKNN) and both
combined method using interval (DWKNN-I) or Kalman (DWKNN-K) for this case. It
also shows the errors for the case where the acceleration have a noise of 0.01m/s? as
taken in the algorithms. It is considered for all the simulations of this part o¢ = 1dB,
N4 = 16 and Np = 100. The table shows that the estimation errors increase with
higher noises, compared to the case of gaussian noise with correct known standard de-
viation of 0.01m/s%, however the method remains accurate with its both schemes. We
then take a gaussian noise with a standard deviation equal to 0.02m/s? for all the steps
(which is very high compared to the accelerations values), while the algorithms still take
0.01m/s%. Also the estimation errors increase, but remain acceptable. Then, we vary
the distribution of the acceleration noise, but we kept the standard deviation equal to
0.01m/s?. Thus we take the Extreme Value distribution (EV), the Student distribution
(St) and the F-distribution (F). We also generate acceleration errors with less standard
deviation equal to 0.001m/s? with Extreme Value and F distributions. The estimation
errors are also shown in Table IV.2. According to these results, the method performs
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well even with different distribution of the acceleration noise. Moreover, the Kalman-
based approach performs slightly better than the interval-based one, especially with the
third-order mobility model.

Table IV.2: Impact of acceleration noises with o, = 0.01m /s, o¢ = 1dB, Ny = 16, and
Np =100

s Acc. DWKNN-I DWKNN-K
Distribution / real std. dev. mod? hod3 DWKNN hod? mod3 od? ods
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: Impact of the orientation noise with o, = 0.01m /s, o¢ = 1dB, Ny = 16,
and Np = 100

Acc. DWKNN-I DWKNN-K
oo / real acc. std. dev. mod2 | mod3 DWKNN 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 recommended also to consider the rotation problem of the sensor
nodes. Thus assume that the node starts with an orientation equal to 0, then it rotates
following its trajectory, that is the orientation of the node varies with its instantaneous
velocity. Then add a zero-mean gaussian noise to the orientation with different standard
deviations og going from 0.01 to 0.2 radian and we run our algorithms while considering
0, = 0.01m/s?. The standard deviation of the acceleration noise is first set to the known
value 0.01m/s?, then set it to 0.01 for the first 40 steps, 0.02 for the following 30 steps
and 0.03 for the next 30 steps. The estimation errors are given in Table V.3, where it
also shows the error where no noise over orientation is considered. The table shows that
the error increases with the increase of oy, however it is still acceptable. This increase
was expected since the algorithm considers that the orientation noise is null, while slight
variation in the orientation increases significantly the acceleration noises. A solution to
this problem consists of increasing automatically o, for the combined approaches. The
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results also show that the third-order model yields better performances. In the following,
we will consider the method with the third-order mobility model in its Kalman-based
approach.

IV.6.4 Comparison to range-based methods

After the performance analysis over all the parameters considered in the proposed
method, it is then preferred to compare the proposed method with some RSSI range-
based methods. Such methods estimate the distances separating the node from the
anchors using measured RSSI and the pathloss model given in Eq. IV.39. The distances
are then combined using lateration or min-max algorithm as shown in [Priwgharm et
Chemtanomwong 2011] or particle filter as in [Farmani et al. 2012]. The advantage
of such methods is that anchors could be mobile, whereas in our method anchors are
stationary. For the lateration algorithm of [Priwgharm et Chemtanomwong 2011], the
position of the node at each step is computed according to the least squares algorithm,
whereas for the min-max algorithm, boxes over anchors positions are generated us-
ing the distances estimates, then the boxes are intersected leading to a smaller box,
whose center corresponds to the estimate of the node’s position at each step. To com-
pare the proposed method to these methods, consider 16 anchors in the network of
100m x 100m. Table IV.4 shows the estimation errors in meters of lateration-based
method (Lat) and min-max (MM) algorithm for different values of the standard devi-
ation of RSSI errors o¢. The table shows also the estimation errors of the proposed
method using Kalman (DWKNN-K) and the fingerprinting method without using ac-
celerations (DWKNN) with 100 reference positions and the acceleration noise standard
deviation of o, = 0.0lm/s% In [Farmani et al. 2012], the nodes are assumed to be
fixed, with one mobile anchor. At each time step, nodes estimate their distances to the
mobile anchor and update their positions using the particle filter. Then, nodes exchange
signals with their neighbors and correct their estimated positions using their inter-node
distances with the Extended Kalman Filter. In order to compare this algorithm to the
proposed method where nodes are mobile, localize the nodes at each step by moving
the anchor over all its path. To this end, use Hilbert curve with order equal to 4 for
the anchor as proposed in [Farmani et al. 2012] for the 100m x 100m surveillance area.
Adopt 50 nodes and the average estimation errors over all the nodes of this technique
(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 accuracy, even with its basic form without the use of accelerations. For
very low RSSI errors, the lateration method performs better, however this method is
not robust to noise, since its estimation error highly increases with an increasing noise.
Table TV.5 shows the estimation errors of Lat, MM, DWKNN and DWKNN-K while
varying the number of anchors 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 N4 = 16

oc (dBm) | 0.001 | 0.01 0.1 1 5
Lat 0.0048 | 0.0480 | 0.4765 | 4.8561 | 27.0405
MM 43678 | 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 o¢ = 1dB

Ny 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 connectivity-based method

As discussed in chapter I, the localization approach could be categorized into several
groups, such as range-based and connectivity-based. This section shows the comparison
results over the proposed method and a connectivity-based method, using Monte-Carlo
[Baggio et Langendoen 2006]. In this approach, each node compares its online RSSI
measurements at each iteration to a certain threshold &, associated to a distance r. If
the RSSI of a signal emitted by an anchor i is higher than &, the distance separating
the anchor from the node at this time-step is less than ». In this case, the anchor
1 is assumed to be detected by the node, leading to a disk constraint centered on
the anchor and having r as radius, including the node position. The solution of the
problem is then set by intersecting all disks of detected anchors. In order to define it
using Monte-Carlo, N particles are generated in the way to satisfy all detected anchors
constraints. These particles are included in the intersection area of all disks. Finally,
the estimated position is given by the barycenter of all generated particles. In order to
compare this approach to the proposed method, set the number of anchors N4 to 49, the
number of reference points Np to 196, the number of neighbors K to 3, the standard
deviations of noises o, and o¢ to 0.001m/s? and 0.1dBm respectively. Set also the
number of particles N to 100 and the range r to 15m, leading to a power threshold
equal to 52.96d Bm according to the noiseless pathloss model with &, = 100dBm and
np = 4. With this value of r, an average of 3.33 anchors is detected by the node at
each time-step. The connectivity-based method yields an estimation error of 3.7989m,
compared to 1.0554m and 0.9031m with the proposed method based on intervals and
Kalman respectively. The average computation times are equal to 2.167ms, compared
to 0.1609ms and 0.1547ms respectively. Obviously the proposed method yields more
accurate results with much less time, compared to the connectivity-based one using
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Monte-Carlo.

Moreover, the performance of the connectivity-based one highly depends on the number
of anchors considered in the network. Figure IV.15 shows the relative estimation errors
of the Kalman-based method over the connectivity-based one, with respect to the num-
ber of anchors in the network. It also shows the relative computation times obtained
with Kalman over those using connectivity. For this figure, vary the number of anchors
from 22 to 102, set also N to 100, the range r to 15, Np to 100, N¢ to 4, K to 3, o, to
0.01m/s* and o¢ to 1dBm as for Figure IV.11. Simulations are run 50 times and the
illustrated errors and computation times are averaged over the 50 runs. As expected,
the estimation error of the connectivity-based method decreases with the increase of
the number of the considered anchors, and this with a higher speed compared to the
proposed method. That is why the error ratio increases but it stays less than 1. Also,
the computation time per time-step of the connectivity one highly increases, while the
Kalman computation time slightly varies, leading to a decrease of the time ratio.
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Figure IV.15: Ratios of estimation errors and computation times of the Kalman-based
method over the connectivity-based one, with respect to anchors

IV.6.6 Comparison to fingerprint-based methods

In this section, comparison is made specially between the proposed method and other
existing methods based on fingerprinting 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]. Such methods determine the final estimation by selecting single nearest
reference points for NN, by averaging the positions of the nearest reference points for
KNN or by combining the nearest positions using fuzzy logic weights for FKNN. [Liu
et al. 2012| and [Suroso et al. 2011] proposed localization techniques based respectively
on Fuzzy Clusters (FC) and Fuzzy C-Means clustering (FCM). Using the fuzzy logic,
these methods set the fingerprints into clusters, define for each mobile node at each
time-step its cluster, then determine its position using the NN within its cluster. Other
fingerprinting techniques use the learning process to define nodes positions. Based on
the fingerprinting database, such methods define a model that takes the RSSI as input
and yields the estimated positions as output. Learning such a model is performed using
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Table IV.6: Comparison to fingerprinting-based methods with N4 = 16 and Np = 100

while varying o

o¢ 0.001 0.01 0.1 1 )
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 | 54013 | 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 machine
learning methods, such as Support Vector Machines (SVM) in [Farjow et al. 2011] or
Ridge Regression (RR) in [Mahfouz et al. 2013]. [Koyuncu et Yang 2013| proposes
an Analytical Localization method (AL), that uses the distances between the offline
positions and the anchors to generate the fingerprinting database, instead of measuring
RSSIs. Then the node while moving uses its collected RSSIs to generate a characteristic
vector, that would be compared to the fingerprints to localize itself.

Table IV.6 shows the estimation errors for all these methods in addition to the proposed
method with 16 anchors in the network, 100 reference positions, acceleration noise
standard deviation equal to 0.01m/s?, 4 clusters and a varying standard deviation of
RSSI noise. Our proposed method is more accurate than all methods except for the
kernel-based methods (RR) and (SVM) with very low noise on RSSI. This was expected
since with almost no noise, RR and SVM with their non-linear aspect learn exactly 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 closer to setups of real
environments, our methods are more robust yielding more accurate results. Also, note
that the learning and the cluster-based methods are very time-consuming, compared to
the proposed methods. Table IV.7 shows the estimation errors while varying the number
of anchors with o¢ = 1dB, Np = 100, 4 clusters and o, = 0.01m/s%. Here also our
methods are more accurate than the others. Table IV.8 shows the estimation errors with
different values of the number of the reference positions. It is worth noting that with
Np = 16 and 4 clusters, only 4 reference positions are considered per cluster, which is
very low for an accurate localization. This is the reason why it is obtained an estimation
error around 11m with DWKNN, but this error, even high, is corrected to 1.7m with the
acceleration information in DWKNN-K. The proposed method outperforms the other
methods in terms of accuracy. 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 fingerprinting-based methods with o¢ = 1dB and Np = 100

while varying N4

Ny 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 fingerprinting-based methods with o¢ =

while varying Np

1dB and N4 = 16

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 Conclusion

Clusterized localization algorithm owns better adaptability and stronger robustness in
applications domain. This chapter presented an original clusterized localization tech-
nique for mobile wireless sensor networks. The proposed method is also an anchor-based
method, combining both radio-fingerprints and accelerometer information but execut-
ing computations in a clusterized manner. The resolution of the problem is performed
using both the interval analysis and the Kalman filter. In the interval-based approach,
the proposed method computes position boxes including all the possible solutions of
the problem. In the Kalman-based approach, the method predicts the positions using
accelerations, then corrects them using the radio-fingerprints.

Simulations are operated over all parameters and are equally tested with different mo-
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bility models. Results show that the proposed method in both approaches outperforms
other methods using only accelerometer information or fingerprinting measures. It also
illustrates the efficiency of the proposed method, compared to several recent localiza-
tion methods, including range-based methods, connectivity-based methods, and other
fingerprints-based methods. Although the proposed method works well in the simulated
environment, future works look for a chance to handle the localization problem using
real data. A robust method would then be proposed to overcome real environments
disturbance.

In the next chapter, a more practical case will be illustrated and tackled in a special
application scenario. Based on the same idea of using both fingerprints and mobility
information and solving by interval technique, it achieves the categorization function
for a mobile node by addressing it to a certain block over the surveillance area.
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o, mutation of the problem of self-localization in wireless sensor networks
@ consists of addressing zone affiliation, especially applied in an indoor sce-
A - t nario where the whole surveillance area is actually composed of separated
\/ ¥ units. People sometimes pretty prefer to know a symbolic zone that de-
notes where the object resides instead of an exact position point, which is also called
room-level localization. This chapter considers thus the zone localization problem in
a mobile wireless sensor networks. Similarly to the preceding algorithms, the pro-
posed method refers the attributed zone by using both signal strength and mobility
information. The former offers a set of possible zones by weighted k nearest neigh-
bors approach, and the latter gives another set of possible zones with aid of interval
technique, both of them carrying with the confidence factors with respect to the
selected zones. By intersecting the two sets of suggested zones and considering then
corresponding weights, the proposed method is supposed to be capable to ensure a
correct zone localization with an optional choice for each mobile node at each time-
step in case that the first choice fails. Moreover, the room-level localization could
be considered as a problem of multi-classification, thus the SVM-based method is
equally introduced in order to make a comparison in the simulations part.
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V. ZONING LOCALIZATION

V.1 Introduction

Rapid developments of micro-electronics and wireless communication not only promote
tremendously the technical revolution of wireless sensor networks, but also, in another
hand, they push forward meanwhile the widespread applications of WSNs, even going
into industrialization of wireless sensor networks. Meeting the requirements from all
sides of living, many practical applications are emerging in recent years, such as habitat
monitoring, smart building failure detections&reporting, and target tracking [Stojmen-
ovic 2005]. All of these applications are in need beforehand of a meaningful geographical
awareness of sensors themselves. Some pursue geographical information in terms of ac-
curate orientation with respect to the global coordinate system such as those discussed
in preceding chapters, while some aim to address a regional affiliation in terms of zone
attribute with respect to the dimensionality. Differing with the former coordinate-level
localization, the latter provides however objects room-level localization recognizing the
space index where the object actually resides.

The room-level localization is especially recommended in the location-based services
(LBS) applications [Schiller et Voisard 2004; Krisp 2013]. Such applications integrate
the geographical location of monitored objects to provide real-time and necessary ser-
vices for mobile users equipped with the handy terminals, such as for patients tracking
in hospitals or person monitoring in buildings having room units as shown in Figure V.1.
By means of interaction between the handy terminals and local monitoring devices, users
could be localized either in terms of coordinates or just area. While in such indoors
sectoral scenarios, the task of identification of the room area is much more meaningful
and efficient than a precise coordinates location estimation for mobile users. There exist
many researches over the room-level, or room-based localization which proceeds room
identification ahead, such as entrance trigger based methods [Noury et al. 2002; Lo
et al. 2012], RSS and pathloss compensation based methods, or path-restricted meth-
ods [D’hoe et al. 2008; Chiu et al. 2009] as well as probability based and SVM classifier
methods [Castro et al. 2001; Hotta et al. 2012].

rl BRI r2 » . r3

__________________

r4 5 |76 7T T8 “ r9

Figure V.1: Room-level localization

Managing from this localization design, a fingerprints-based area recognition technique,
exploiting mobility information, is explored in this chapter. It proceeds the network
configuration over the whole surveillance area. The first area estimates are made by
using fingerprints information, considering confidence factor with respect to each pos-
sible zone. Meanwhile, obtaining the instantaneous mobility measurements, the second
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V.2 Belief functions theory

estimates over areas are inferred by applying interval analysis technique over measured
acceleration values, consequently extending to the possibly arrived neighboring zones.
In this way, both of them hold respectively the set of the possible zones where object
likely resides. To make the final decision, all these possibilities are put into refinement
phase such as a combination phase by intersecting them and computing the appended
confidence factors. Resulting zones are ranked in order of their respective confidence
factors, where normally the first two meet the requirements in most cases. The solution
proposed in this chapter lies on the belief function theory [Shafer et al. 1976], according
to which the collected information are used to define belief functions tackled then with
a combination step to pursue a possible zone where the considered node falls. The
belief function theory is briefly introduced in the next part. The solution of zoning is
addressed in what follows.

V.2 Belief functions theory

The confidence factor, assigned to each possible solution and mentioned in the preceding
section, is decided effectively upon the Belief Functions Theory (BFT), called also the
Dempster-Shafer theory. The BFT is introduced below, considered as a mathematical
tool that permits the fusion of data issued from different sources in the way to make
the right decisions concerning the nodes locations.

V.2.1 Description of the theory

The BFT is introduced 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 accomplished this
work by proposing a formal framework for the BFT, named as the Transferable Belief
Model (TBM) [Smets et Kennes 1994|, which is an non-probabilistic model permitting
to represent the imperfection of collected information, to make a fusion of information
then to help making decisions. It is worth noting that this theory has been employed in
varied domains, such as fusion of multi-sensor information, fusion of classifiers, pattern
recognition, etc [Denoeux 1997; Lefevre et al. 2002; Ristic et Smets 2005].

Before introducing some basic notions proposed in the framework of TBM, consider any
kind of systems in which one looks for determining a status z. Let Q = {w1,...,wy} be
the definition set of x, known as the frame of discernment where the values {w;}?_; are
considered to be discrete and known. 2% denotes the set of all parties of 2, as below,

29 = {@, {wl}a“'aQ}' (Vl)
All the measurements concerning the status x are considered as sources of information
in BFT which introduces the confidence notion, represented in different ways in the

framework of TBM. In the following, several representations of belief functions are
briefly introduced, such as m-function, belief function and plausibility function.
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e The m-function, called also the belief masses function (MF), is the most used
formulation of the belief functions, denoted generally by mg and defined as follows,

me: 2% — [0,1],
A — mg(A), satis fying, (V.2)

i pe2n mg (4) =1

The symbol S denotes the source of information from which mg is issued. The
mass m¥(A) corresponds to the part of belief attributed by the source S to the
hypothesis of the status x being included in A. Generally, notation mg (A) could
be simplified as m‘*(A) when there is no need to specify the source of information.
All the subsets A of Q such that m(A) > 0 are called the focal elements. If Q = R,
the focal elements turns to be in the framework of intervals [Moore et Moore 1979;
Jaulin et al. 2001]. In the case of 2 = R", the elements are in terms of pavings of
dimension n.

e The belief function, associated with an MF m®, is equally defined from 2% to [0, 1]

as follows,
bel*(A) = Sgrpcam(B), VA C Q. (V.3)

The value bel(A) represents the level of belief with the assumption of z € A. In
this equation, the m®(-) is obtained by,

Soepca(—1)A Pl (B) VA€ Q,A#0,

m(4) = { 1 — bel(Q), ifA=0.

(V.4)

e The plausibility function is denoted by pl®, similarly associated with an MF m*.
It is defined as,

Pl (A) = Spraggm(B) = 1 — bel(A), YA C Q. (V.5)

The value of pl*(A) represents the maximal belief level associated to the assump-
tion of x € A. mQ() could be obtained from the plausibility function equation
above as follows,

o i Sozpca(=D)IATIBFRI(B) VA€ Q,A#0,
" (A)_{ e 1 —pl(Q), ifA=0, (V-6)

where B is the complement of B in €.

It is worth noting that the sources of information yielding the MFs could be not totally
trustful. In this case, it is possible to introduce a weakness coefficient (1 — a) € [0, 1]
to the MFs. This coefficient represents the reliability of the source. In this way, a
weakened MF denoted by m® is deduced as follows,

(1 —a)m(A) ifACQA#Q,

m*(4) = { a+(1—a)m®(A),  ifA=Q. (V.7)
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V.2.2 Combination rules

Obtaining the information issued from the different sources, the contribution [Smets
1993] proposed several operators to make a combination of all the information leading
to more trustful results.

Let m1 and mo be the simplified notations for m21 and mfsé which are two MFs issued
respectively from two different but trustworthy sources S; and S,. The conjunctive rule
of combination (CRC) is defined as follows,

@A) = (m1@m2)(A) = B jipinc;=ami1(B;)ma(Cj), VA C Q. (V.8)

The two sources of information could be conflicting leading to some empty intersections.
In this case, the definition of m1@2(-) could be followed by a normalization step, to

have a resulting MF having its sum equal to one.
In comparison, the disjunctive rule of combination (DRC) is alternatively used to com-
bine two MFs of which at least one issue is trustworthy. In this case, the combination
of two MFs m1 and ms is represented as follows,

mQel4) = (mi1@m2)(4) = B jipuc;=ami (Bi)ma(Cj), VA C Q. (V.9)

Note that the MF obtained by CRC is more informative than m; and ms since this rule
transfers the masses of focal elements to a smaller cardinality set. On contrary, the MF
issued by DRC is less informative due to an effect of generalization.

V.2.3 Decision rules

There exist several rules of decision utilized in the framework of the belief function the-
ory, such as the maximum of belief masses, the maximum of plausibility, the maximum
of the pignistic probability, etc [Denoeux 1997]. Since the mass and the plausibility
functions are already introduced, let us consider here the pignistic probability denoted
by BetP, computed using the pignistic transformation [Smets et Kennes 1994]. Let m®
be an MF associated to € and A1, ..., A, be the focal sets of m®. The pignistic trans-
formation lies on the uniform division of the mass of each element A;, i € {1,...,7},

shown as follows,
Q
m>*(A;
BetP(wi) = Zij4,cowpea, 7’2’2), (V.10)
(]

where |A4;| denotes the cardinality of A;. Note that, in the case of 2 = R, the focal ele-

ments turn to be in the framework of intervals [z]q, ..., [x],, thus the pignistic probability
is represented as follows,

BetP(z) = 2;21]1[33}1(:6)W’

where I[,(z) is the indicator function denoting the affiliation of x to [z]; with Ij), (z) =

i

1 or non-affiliation with Ij,;,(z) = 0, and |[z];| denotes the width of the interval [z];.

i

(V.11)
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V.3 Zoning methodology

The room-level localization, called here zoning localization, aims at determining the
correct zone where the object actually resides at any time-step ¢, rather than an exact
position estimate as discussed before. Correspondingly, the whole sensor network is
composed of several zones on behalf of independent spaces, such as offices, class rooms,
workshops and corridors. An object, that is usually taken as a mobile node, moves freely
throughout the zones of the surveillance area. Fingerprints and inertial information
employed in the preceding chapters are used to solve equally this zoning problem with
aid of interval analysis [Jaulin et al. 2001], combined to the belief function theory [Smets
et Kennes 1994].

V.3.1 Configuration of the network

The proposed method is an anchor-based centralized zoning technique, based on radio-
fingerprints. Consider a D-dimensional surveillance area of R” having N separate
zones, each assumed to be an independent unit of space. All zones are assumed to
be defined in the same spatial dimension, which is a particular problem of the zoning
issue. A certain zone could be denoted by a D-elements attribute (z1,...,zp), where
zq4 € {1,...,nz,} denotes the integer coordinate of the zone according to the direction
d, d € {1,...,D}, with nz, denoting the maximal value of z4 and Nz = Hgif)nzd.
Being an anchor-based method, the proposed approach considers two kinds of sensors
in the network, anchors a; = (a;1,...,ai,p), ¢ € {1,..., Na}, with known fixed positions,
and mobile nodes x;(t) = (x;1(t),....,x; p(t)), j € {1,..., Nx }, with unknown positions
moving freely over the surveillance area. The objective of the method is to determine
the attribute 2z, (t) = (24,,(t), .-, 22, 5 (t)) of the zone where the node j falls at time
t. Similarly to the previously described methods, a fingerprinting database is required
to process the computations later on. To do this, Np reference positions are uniformly
generated over the whole area, denoted by pr, = (pg1,...,px,p), k € {1,..., Np}, with
zone attributes zp, = (2p, 15+ 2p,p)s K € 1,..., Np, denoting in which zone the refer-
ence position pj resides. An example of a two-dimensional network with nine zones is
shown in Figure V.2. Here, nz, = nz, = 3. For instance, the zone 4 has the attribute
(1,2), whereas the zone 8 has the attribute (2, 3).

Once the basic network is constructed, anchors broadcast radio signals over the whole
network with the same initial power. The received signal strengths decrease with the
increase of the signals traveled distance, which means that given a position, there exist
theoretically a unique set of RSSI values corresponding to the distances separating this
position from the anchors. According to this virtue, the power database is built up by
measuring the RSSI {py; at all reference positions py, k € {1,..., Np}, of the signals
sent from all anchors a;, i € {1,..., Na}. Let £p;, be the N4 vector of the measured
RSSI at the reference position pg, then

€pr = (EpPkas-€PrN,)s kE{L,...,Np}. (V.12)

Consequently, the fingerprints database consists of Np couples, each one denotes the
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Figure V.2: An example of a centralized zone network

RSSI vector of a reference position with its zone attribute (§p}, 2p, ). The database is
then stored at the fusion center for further computations.

V.3.2 Fingerprints zoning

A node j measures the RSSI of the signals it receives from all sensed anchors at time-step
t and constructs its RSSI vector as shown in Eq. V.13,

Ex;(t) = (xja(t), - Exjna(t), 5 €{L,.... Nx}, (V.13)

where £x ;i(t) stands for the strength at reception of the signal emitted by the anchor
1 and received by the node j at time t. Similarly with the KNN technique mentioned
in chapter III, to locate the mobile node j in terms of zones, the proposed approach
proceeds to the computation of the Euclidean distances [|€x ;(¢),§pgll, & € 1,..., Np,
then it selects the K reference positions yielding the K smallest strengths distances.
Let I;(t) be the set of indices of these reference positions at time ¢. Given upon these
selected indices, zone location estimates are then computed using the respective zone
terms of the selected reference positions as follows,

g = Y wik(t)zp,,» d€{1,.., D}, (V.14)
k‘elj(t)

where w; 1(t) is a normalized weight factor inversely proportional to the RSSI Euclidean
distances computed in Eq. V.15,

HEXj(t)anguiz
Zuelj(t) H£Xj(t)a £PuH72
Note that this expression of the weight factors is adopted here since analysis in Chap-

ter IV showed that this expression yields the best estimation results. The quantities
Ze; 4(t), d € {1,..., D}, are the estimates of the zones coordinates in the d directions

) = (V19
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within the D-dimensional surveillance area. However, in most of the cases, 2, ,(t) are
not integer. Let z, () and Z;, ,(t) be the integers respectively preceding and following
Zz; 4(t), and let Z, ,(t) denotes the integer estimate of the exact zone coordinate 2, ,(t)
of the node j at time ¢. Then Z;, ,(¢) would have two values Z, ,(t) € {z,, ,(t), %z, ,(1)},

leading to 2P vector estimates of the zone attribute Zg,(t). Based on the behef functions
theory, the proposed approach consists then on assuming this estimation as a source
of information, yielding a mass function my;,(-), having the 2P obtained attributes
as focal elements. Let Zz,(t) = (Z4,,(t), ..., Z2, ,(t)) be one of these estimates, then
my;(-) is defined as follows,

my it (Za, (t 1:[ — |z, o (t) = 22, ,(1)]) - (V.16)

The quantity my ;; (Zw (t)) stands for the confidence given to the zone attribute esti-
mate Zg;(t). Indeed, the closer an element Z ,(t) of Z4,(t) is to the integer 2, (),
the smaller {zm W) = Za; 4 (t)| is and hence the greater the confidence given to Z, ,(t)
should be. If only one zone attribute should be selected, it would be the estimate having
the highest mass. If other choices are needed, one selects the attributes in the decreas-
ing order of their masses. An illustration of this computation is given in Example 6.
The estimation using fingerprints would be combined to the accelerometer information
to refine more the selection.

Example 6 Consider the 2-dimensional surveillance area of Figure V.2 with only one
mobile node. Assume that att = 50, KNN computations lead for instance to Z;, (t) = 2.3
and Z,,(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 approach leads to four attribute estimates (2,2),
(3,2), (2,3) and (3,3) corresponding respectively to the zones 5, 6, 8 and 9 with the
masses 0.07, 0.03, 0.63 and 0.27. The maximal mass decision rule leads to the selection
of the attribute (2,3) with the highest confidence of 0.63, with a second choice of the
attribute (3,3) with much smaller confidence of 0.27.

V.3.3 Accelerometer zoning

Mobile nodes equipped with accelerometer devices offer supplementary information for
the zoning process. Let v,(t) = (v;,1(t),--.,7;,0(t)) be the acceleration vector of a node
j, 7 €41,..., Nx}, at time ¢. This information would lead to an additional mass function
for zone estimation, using the interval analysis.

As mentioned before, a mobile node j moves freely over all the surveillance area. For a
node j at time instant ¢, given its instantaneous acceleration vector ; (t), it is possible
to estimate the current position by the mobility model, such as the third order equations
I11.9 and III.10, as follows,

17,0 7t = 1)

A#3 1
6 At ’ (V.17)

1
() = a;(t = 1) + 0t = DAL+ 5, (t = 1A +
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where () is the velocity vector of the node j at time-step ¢, computed by

i(t) = 0j(t — 1) +;(t — DAL+ 17;(t) —v;(t 1)

At? V.18

where At is the time interval between two following time-steps. In real conditions,
the measured accelerations could be noisy due to several factors. To avoid erroneous
computations, an incertitude quantity d, is introduced to the measured accelerations, d,
being set by performing a calibration step of the accelerometer device. The accelerations
are then reformulated in interval scheme as follows,

[v;1(8) = [j,1] () < - - x [75,0](t) = [7j,1 =0y, Vi1 +05] X+ X [v;, 0=, 7j,0+05]. (V.19)

By substituting Eq. V.19 into Eq. V.17 and V.18, one obtains a D-dimensional box
[€,](t) surrounding the position estimate @;(t) as follows,

[84](0) = (&3]0 — 1)+ 2510~ DAE+ Sy,)(e — DAR + ¢ 20 _A[Zj](t “Uas, (va)

where () is accordingly extended as,

D;](t) = D]t - 1) + [’Yj](t —1)At + % hj](ﬂ _A[Zj](t -1)

At?. (V.21)

It would not be surprising that the box [2;](t) grows more and more with time accumu-
lation. Consequently, the accelerometer-based zoning accuracy drops greatly through
time. Considering this drawback, an alternative solution using additive incertitude over
the acceleration-based position scalar estimate is also applicable. Refer to Remark 3 of
Chapter III for more details. This way, the resulting mobility based box grows more
slowly and keeps its efficiency over longer observing periods.

Once the box [&;](t) is available and going back to the zoning problem, the possible
landing zones of the node j at time t are obtained by intersecting [;](¢) with all the
zones of the surveillance area. The intersection might lead to 1, 2,..., or Nz zones.
Accordingly, a second mass function m. j(-) is defined. Its focal elements would be the
attributes of the zones having intersection with [&;](¢), with their associated masses
defined as the surface of the intersection area of [#;](¢) with each zone, followed by a
normalization phase. Consider the example of Figure V.3 with a 2-dimensional area and
one mobile node located at time ¢ = 50 in the 8-th zone with attribute (2,3). With the
position box as shown in gray in the plot, the proposed approach leads to two possible
attribute estimates (2,3) and (3, 3), corresponding to zones 8 and 9 respectively. The
intersection of the position box with zone 8 has a surface of 4/5 of the total surface of
the box and the intersection with zone 9 has a ratio of 1/5, leading to masses of zones
8 and 9 of 0.8 and 0.2 respectively. The maximal mass decision rule yields then zone 8
of attribute (2, 3).
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Figure V.3: An example of zoning using accelerometer information

V.3.4 Final zoning

The proposed method considers two sources of information, fingerprints and accelera-
tions yielding two zoning sets. Gathering both information consists then of combining
their defined masses functions using the conjunctive rule of combination. Firstly, the
zones attributes estimated with fingerprints are intersected with the ones obtained using
accelerations. Then, the masses of the resulting attributes are obtained by multiplying
their corresponding masses as follows,

maji (Ze, () = myjt (Za, (t) *my g (22, (1)) (V.22)

where Zg,(t) = (Z2,,(t), ..., Z, p (t)) is a zone attribute obtained in both fingerprints
and accelerometer estimations. If my;.(-) and m., () are conflicting, there might be
zones estimated by one and not the other. Here the computation of the global mass
function mn j () should be followed by a normalization phase. The global mass function
could have a single zone or several zones with corresponding confidences. In this case,
if only one zone is needed, the one having the greatest mass is selected. Otherwise, the
zones are sorted in descend order of their masses to make a decision according to the
probability confidence factor. The greater the mass is, the greater the probability of
the node j to fall into the corresponding zone is. One could also set thresholds €, ,, €n,,
and €, limiting the selection among the confidence factors of the mass functions m(-),
m(-) and mqn(-) respectively in order to optimize the final estimation. That means that
the proposed method considers only the zones attributes having masses higher than the
thresholds, reducing this way the set of selected zones.

Example 7 Consider the case of Example 6 and Figure V.3. The fingerprints mass
function has the focal elements (2,2), (3,2), (2,3) and (3,3) with their corresponding
masses 0.07, 0.03, 0.63 and 0.27; whereas the accelerometer mass function has the focal
elements (2,3) and (3,3) with their corresponding masses 0.8 and 0.2. The conjunctive
rule of combination leads to the zomes attributes (2,3) and (3,3) with the respective
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masses 0.504 and 0.054. The normalization leads to the final mass values of 0.903 and
0.097 respectively. If a final mass threshold of €, = 0.1 for instance is considered, only
(2,3) is kept in the estimation, which is the correct zone attribute.

V.4 Simulation results

The performance of the proposed zoning method is illustrated in this part. To this end,
consider a 100m x 100m surveillance area composed of Nz zones, where anchors and
reference positions are uniformly deployed, especially the reference positions are equally
uniformly deployed in each zone. Without loss of generality, consider the localization of
only one mobile node, hence the j index will be withdrawn when needed in the follow-
ing. This is possible since each node localizes itself using the anchors information and
accelerations, 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 produce the nodes trajectory, two acceleration signals are generated before-
hand along the xi-axis and the xo-axis, varying over 100s with At = 1s using the sine
function. The trajectory is then obtained by integrating twice the acceleration analyt-
ical functions. The initial velocities are set to zero since the node is assumed to be
fixed at a known position at the very beginning of the localization process. Accelera-
tion signals are depicted in Figure V.4, whereas the trajectory of the node is shown in
Figure V.5 with also 16 anchors and 81 reference positions uniformly deployed over the
surveillance area.

Acceleration 1 (m/s?)

20 40 60 80 100
Time (s)

0.5

Acceleration 2 (m/s?)

i i i i
20 40 60 80 100
Time (s)

Figure V.4: Acceleration signals

The RSSI values are then generated by using the distances ||a;,px||, separating the
anchors a; from the reference points py, or |la;, x(t)||, separating the anchors from the
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Figure V.5: Trajectory of the node

node, and the pathloss model as follows,

EPk,i :50—no*log(HaiapkH/dO)+5§k,i’

Exi(t) =& —ng*log(||lai, (t)||/do) + ee,(t), k €1,...; Np, i € 1,..., Na, (V.23)

where all RSSI values are in dBm unit. & is the transmission power set to 100dBm,
measured at the distance dy set to 0.1m. ng is the pathloss parameter, set to 4. ¢ ;
and ¢, (t) are both zero-mean gaussian noises, with standard deviations denoted by o¢.
Similarly, a zero-mean gaussian noise €,(t) with a standard deviation o, is added to
acceleration values, then measured accelerations signals are represented as follows,

Ya(t) = Ja(t) +e4,(t), d=1,2, (V.24)

where 74(t) denotes the noiseless acceleration signal over the d direction. The resulting
noisy accelerations are used in the algorithm during the computation. Accordingly, the
incertitude quantity d, is set to 30 in simulated data. In order to justify this choice
of value, refer to Remark 1 of Chapter III. It is worth noting that in real environments
where o, is actually unknown, d, is then set beforehand by the calibration of the
accelerometer device, ideally as the maximum of device measurement error.

V.4.2 TIllustration of the proposed method

An illustration over the proposed zoning method is given in a general way at the very
first, thus we set the relevant parameters N4 = 16, Np = 81, Ny = 9 and K = 3. With
Nz =9, ngz, = ngz, = 3. The additional noise standard deviation o¢ is set to be the
value within the range of 1% ~ 10% of the standard deviation of the RSSI database
€p and &y, and o, is equally set to be the value within the range of 1% ~ 10% of
the standard deviation of accelerations . In this context, consider the performance of
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zone localization for the nodes trajectory within 100s over the area of 100m x 100m
generated above. Table V.1 shows the zoning correct hitting rate over the 100 positions
of the node with different values of o¢ and o,,. The correct hitting rates are shown for
the case where only the zone having the greatest mass is selected (1 zone) and also the
case where the two zones having the two greatest masses are chosen (2 zones), compared
among the single fingerprints method, accelerometer method and the combined method.
It is observed that the combined method increases the hitting rate for the first choice
and further locates nodes with success by the second choice if the first estimate is not
the right zone location.

Table V.1: Zones hitting rate over 100 seconds trajectory

Fingerpintings accelerometer combined
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%

O~,0¢

V.4.3 Impacts of parameters

In this part, the performance over zone recognition is further illustrated by the criteria
of zoning hitting rate, while separately using varying values of the network parameters,
including the zones number Ny, reference positions number Np, anchors number Ny
and noise standard deviations o, and o¢. All the simulations are operated using the
third mobility model as Eq. V.17 and the first weight expression with @ = 2 as shown
in Eq. V.15. Besides, another trial with respect to the incertitude J, over measured
accelerations and §,, over computed velocities are equally proposed. Performance results
are the average zone hitting rate over 50 attempts.

V.4.3.1 Impact of the zones number Ny

At the very beginning, we set K to 3, Np to 100, N4 to 16, and o, and o¢ to 1%
of the standard deviations of the noiseless accelerations and RSSI signals respectively.
We then vary the total number of zones N from 22 to 62. Here the numbers of zones
per directions are assumed to be equal with ny, = nz, = /Nz. Comparison is made
with varying Nz among the methods of fingerprints, accelerometer and combination.
Table V.2 shows the correct zones hitting rate in terms of first choice (1 zone), as well
as the first and the second choices (2 zones), represented over the 100s trajectory as
shown in Figure V.5. The table shows that the proposed combined method as well as
its only fingerprinting based one perform well with very high accuracy, even while only
selecting the first 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

N Fingerprints Accelerometer Combined
4 1 zone 2 zones 1 zone 2 zones 1 zone 2 zones
Ny = 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 accuracy generally decreases with the increase of the number of zones. It
is worthy explicating additionally here the reason why the results for Nz = 9 turn to
be the worst among all the selections. According to the K nearest neighbors selection
method, the reference positions yielding the smallest RSSI distances with that of the
mobile node are chosen. However, by applying the RSSI computation model up to
Eq. V.23, the RSSI values decrease exponentially with the increase of the distance. This
means that if two points are too close but having very small distances to an anchor, the
difference between their RSSI would be large, which does not represent their closeness.
Here in the case of 9 zones, and since the reference positions are uniformly distributed in
each zone, some reference positions are very close to anchors, as illustrated in Figure V.6.
The plot shows in black circle the considered anchor, in red a node’s position whose
zone estimate is wrong, in black points the reference positions and in green circles the
selected reference positions using the K nearest neighbors algorithm for the considered
node’s position. The truly closest reference positions to the node are the two top ones
and the right down one. However, since the right top one is too close to the anchor,
and by taking RSSI distances, the algorithm falls on the reference positions encircled
with green. Consequently, the mobile node in red drops into the neighboring zone of
the true location, which decreases the correct zones hitting rate.

This phenomenon occurs thus when anchors reside too close to the reference points. It
is unpreventable if the random distribution of the network is adopted. Otherwise, it
could be considered as the case when additive noises are counted. Anyway, it offers
rather a chance of testing the reliability and adaptability of the proposed method with
the second choice of zones.

V.4.3.2 Impact of the number of reference positions Np

This section aims at analyzing the impact of the number of reference positions on the
proposed method accuracy. We thus set K to 3, the number of zones Nz to 9 and the
number of anchors N4 to 9, which leads to one anchor positioned at the center of each
zone separately. 0., and o¢ are set equal to 1% and 5% of the standard deviations of the
noiseless acceleration signals and RSSI signals respectively. The positions of anchors
are required to be moved slightly in order to prevent the case when their positions are
overlapped with reference positions. Table V.3 shows the correct zones hitting rate
with the only fingerprinting method, the only accelerometer method and the combined
method, with one and two selected zones. According to the plot, along with the increase
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Figure V.6: An illustration of altered reference position

of the number of reference positions, the zone hitting rate of the proposed methods
increases with slightly varying values since Np = 81. Moreover, the second choice
supplied is always 100% scoring 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

N Fingerprints Accelerometer Combined
P 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 Impact of the number of anchors N4

Performance with varying anchors number carries on then. We thus set Nz to 9 and
Np to 81. 0., and o¢ are equal to 1% and 5% of that of noiseless signals. The positions
of anchors are similarly required to be moved slightly (+1) in order to prevent the
case when their positions are overlapped with reference positions. Table V.4 shows the
algorithm’s performance while varying the number of anchors N4. Note that when
Ny = 9, anchors are situated at the center of each zone where no affection at the
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frontiers. Similarly when anchors are away from the zone frontiers, the zoning rate turns
to be better. The table shows that the only fingerprinting-based method performs very
well, with much better accuracy than the only accelerations-based one; however, the
combination of both information still increases, even slightly, the performances.

Table V.4: Zones hitting rate while varying N4

Na Fingerprints Accelerometer Combined

1 zone 2 zones 1 zone 2 zones 1 zone 2 zones
Np=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%
Ny =36 | 98.38% 100% 81.48% | 98.94% | 98.94% 100%
Ny =49 | 96.04% | 99.98% | 81.00% | 99.20% | 96.82% 100%

V.4.3.4 Impact of the noise parameters o, and o;

The impacts of additive noises are then taken into consideration, while setting Nz = 9,
N4 =9 and Np = 81. We first set o, equal to 1% of that of noiseless acceleration
signals and look into that of o¢. Since Ny = 9 and Np = 81, the positions of anchors are
required to be moved slightly (+1) in order to prevent the case when their positions are
overlapped with reference positions. Table V.5 shows the algorithm’s performance while
varying o¢. It is observed that the zoning hitting rate decreases with the increasing
values of o¢ for only-fingerprints method and the combined one. By taking also the
second choice zone, the hitting rate drops below 100% but is still very close to 100%.
Note that, in these simulations, V4 is set to be 9 which enhances the hitting rate of the
first choice but lacking robust when noises largely increase. Comparatively, increasing
N4 to 16 leads to 100% hits for the two selected zones possibilities.

Table V.5: Zones hitting rate while varying o

Fingerprints Accelerometer 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%

O¢

Afterwards, we keep Nz =9, No =9, Np = 81 and we set o¢ to 5% of that of noiseless
RSSI signals and observe that of o.,. Table V.6 shows the algorithm’s performance while
varying the values of 0. As expected, the zoning rate is inversely proportional to the
noises standard deviation. However, the proposed combination method still outperforms
the others.
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Table V.6: Zones hitting rate while varying o,

Fingerprints Accelerometer 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%

Oy

V.4.3.5 Impact of the acceleration incertitude

According to the results obtained in the sections above, the zoning hitting rate of
acceleration based method drops greatly when the number of zone Ny increases or
when the acceleration noise standard deviation o, becomes larger. Thus, this section
aims at analyzing the accelerometer-based method, by comparing the computation of
[#](t) while using the boxed accelerations and velocities as shown in Section V.3.3 with
d or using scalar positions to which the incertitude .., is added as shown in Remark 3
of Chapter III. To do this, we set Nz = 9 and we vary the value of o,. Figure V.7
shows the correct zone hitting rates in blue for the boxed accelerations method using 6,
and in green for scalar computations with additional incertitude using d,.. The results
are illustrated with variable o, for the accelerometer-based method while taking only
the first zone (1 zone) or the first two zones (2 zones). Obviously, the zoning results by
using J,, perform much better than that of boxed accelerations with d,.

zone hitting rate (%)

1zone  2zones 1zone 2 zones 12zone 2 zones 1zone 2 zones

a -1% o -3% g, - 5% g - 8%
Y Y Y Y

Figure V.7: Comparison between applications of acceleration incertitude

Moreover, the performances of the combined method is also analyzed using either ¢, or
dz,. To this end, we set equally Nz = 9, N4 = 9, Np = 81, then we vary the values
of o¢ and o, as shown in Table V.7. All results are the average of 100 attempts since
the accelerometer method is pretty sensitive. Their zoning accuracies are actually very
close but the latter with a very slim advantage.
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Table V.7: Zones hitting rate with d, and d,,

s Fingerprints Accelerometer Combined
T ¢ ~ 1 zone 2 zones 1 zone 2 zones 1 zone 2 zones
1%. 5% 0 98.40% | 99.98% | 81.22% | 98.92% 98.58% 100%

0z, | 98.34% | 99.98% | 98.49% 100% 99.05% 100%
O 98.20% | 99.97% | 66.52% | 78.21% | 98.3200% | 99.99%

3%, 5% 5 T 08.13% | 99.09% | 95.87% | 99.87% | 98.19% | 100%
5% 10% | 02| 96.70% | 99.81% | 47.80% | 65.88% | 96.84% | 99.55%
O Y [[6., [ 96.48% | 99.73% | 93.66% | 99.41% | 97.29% | 99.87%

V.4.4 Comparison with SVM

The technique of zone localization could be categorized into a classification technique,
since actually, it classifies the mobile node into its corresponding zone which is distin-
guished from other zones. On the contrary, when the zone number tends to be infinite,
the zoning technique returns to be the normal localization technique as discussed before.
A universal classification technique is known as the support vector machine (SVM) with
kernel concept such as in [Sangnier et al. 2013; Tsochantaridis et al. 2004]. In the view
of multi-classification, this part takes the comparison between the proposed method and
the kernel-based classifier and the structural SVM as shown in [Alain Rakotomamonjy
2008; Thorsten Joachims 2008].

To this end, we configure the network using parameters Ny =9, Np = 81 and N4 = 9.
oy is set to 1% of that of the noiseless acceleration signals and then the value of o is
varied simultaneously for the proposed method and SVM methods. Table V.8 reveals the
simulation results in terms of zone hitting rate of 100 nodes positions over 50 attempts,
where both fingerprints method and combined method outperform the SVM methods.
Moreover, the choice of two zones provides quasi-100% hitting rate in the case of failure
of the first choice in our method.

Table V.8: Comparison to the SVM methods

Fingerprints Combined SVM-a2| SVM-bb
¢ 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%

# Kernel-based SVM.
b Structural SVM with parameter c=1000.

V.5 Conclusion

Based on the idea of room-level localization, this chapter discussed an original zon-
ing localization technique for wireless sensor networks. The proposed method is an
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anchor-based method, using both fingerprints and mobility information based on inter-
val analysis and belief function theory. It gives sets of possible zones by fingerprints
method and accelerometer method, then combine them by intersecting the zones while
considering their confidence factors. Simulation results show that the proposed method
could ensure, at more than 90%, finding the right zone location by the first choice and
100% if there exists a second choice in most cases. Besides, comparing with some SVM
multi-classification methods, the proposed method performs better, and it is especially
competing with respect to time saving. Nevertheless, the proposed zoning technique
remains to be improved, since it is simulated under a rather simple partition of surveil-
lance area. Moveover, the frontier points are always tough to be classified correctly at
one time when the outside interruption is strong enough. Thus, it is expected, in the
further, to develop a more sophisticated and more universal zoning technique under real
scenarios conditions.
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V1.1 Conclusion

V1.2 Perspectives

. > his manuscript has developed several state estimation tech-
& ‘,b‘\ niques for wireless sensor networks, using fingerprints and ac-
S celeration information. It addressed the problems of ind
(ﬂ@ celeration information. It addresse e problems of indoor
( s localization and zoning, in the framework of interval analysis.
This thesis proposes, at the very beginning, a centralized localization
technique which serves for the centralized topology in small scale sensor
networks using different mobility models. Then it extends the central-
ized approach to a clusterized localization scheme considering the needs
of large-middle-scale networks. Here the inertial information of mobile
node is farther considered to overcome the sensors rotations. Addition-
ally, a Kalman filter based method is developed using the same readings.
It comes to an end by a zone localization technique, with considering
the room-level localization requirements, categorizing the object to the
zone to which it actually belongs by using the belief functions theory and
the interval analysis. This part gives a brief recalling over all discussed
methods in the preceding chapters, then proposes future research based
on this work.
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VI. CONCLUSION AND PERSPECTIVES

V1.1 Conclusion

The research on the localization techniques in wireless sensor networks has been de-
veloped since a couple of decades. 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 concept of incerti-
tude over the estimated positions. They aim to gather all ambiguous position estimates
then reduce their scope in a certain way. With aid of the interval analysis technique
and couples of measurements, it comes true. In the following, the proposed localization
methods are briefly looked back.

e This manuscript begins with a relatively simple network configuration where a
centralized localization is permitted to be implemented. In this network, there
exist two kinds of sensors, anchors with known positions and mobile nodes with
unknown positions. Utilizing the reference positions, the fingerprints method lo-
calizes then the mobile node by using the measured received signal strengths and
position pattern recognition. Meanwhile, mobile nodes equipped with accelerom-
eters provide also the mobility information, such as the accelerations. According
to the proposed mobility models, nodes positions are easily to be concluded. Due
to the fact of existing inevitable interruption from outside even inside factors,
the exact estimates are indeterminate anyway. The proposed method introduces
incertitude over the measurements, signal strengths and accelerations, leading to
boxed estimates in which the real positions are supposed to be. Having two esti-
mated positions boxes, each deduced from a kind of measurements, the proposed
method only needs to intersect them consequently which in fact reduces the range
of nodes possible locations. The updated box serves then for the localization in
the next movement.

e A clusterized localization scheme is equally developed since the large-middle scale
networks are more popular and adaptive in most cases. It differs in the network’s
configuration from the centralized method. Indeed, it proceeds to fingerprints
collections in a clusterized framework where the surveillance area is divided into
several individual blocks with central individual computation agents. Estimation
at these agents leads to several local estimates of nodes’ locations, whose com-
bination using blocks weight factors leads to one global estimate. This scheme
considers moreover the nodes inertial information, provided by another device, gy-
roscope, to take into consideration the occurring nodes rotation which is normal
when nodes are moving or even static. Besides the solution by interval analysis, it
proposes further a Kalman filter based method using respectively the information
of RSSI and accelerations as the observation and the prediction equations.

e Room-level localization is meaningful and practical especially for the location-
based services applications. The proposed localization idea is extended further
into the zone localization scheme, where the entire surveillance area is composed
of several zones, or considered to be in room units. The objective is to localize the
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mobile object into the zone where it belongs. Similarly to the centralized localiza-
tion, the zoning method performs fingerprints collection over all zones and nodes
trajectory then infers the K nearest neighbors algorithm. Instead of utilizing the
position coordinate information of neighbors positions, it uses their zone coordi-
nates and their respective weights to make a conclusion of the concerned zones.
At the same time, nodes infer their zone addressing by using acceleration infor-
mation and the interval analysis technique. By appending an incertitude over the
measured accelerations values, the computed position turns to be also in terms of
intervals, namely boxes with certain surfaces over specific zones. Using the belief
functions theory, both kinds of measurements lead to sets of possible zones, with
some associated confidence factors, whose combination narrows down the zones
possibilities where the nodes reside. Generally, the proposed zoning method offers
two choices of estimated zones in a specific order, ensuring by this a zone hitting
rate with more than 90% for the first choice, and up to 100% for the second choice
when the first is failed.

The performances of the proposed methods are analyzed with various settings of param-
eters. They are also taken into comparisons with kinds of other methods, either based
on the same or even different ideas with diverse networks configurations. Generally
speaking, the proposed methods harvest better localization accuracy and lower compu-
tation cost in most cases. The shortages exist however and remain to be discussed in
the following.

VI.2 Perspectives

The proposed localization methods aim to locate a mobile node as accurate as possible
but with time and energy consumption as poor as possible. The conception of com-
bination and interval analysis furnishes a possible solution of realizing such objective.
However, the proposed methods still have some aspects to be improved and worthy to
work on in the future.

e KNN selection: There exists occasionally a phenomenon where the selected K
nearest neighbors are not exactly the right ones. In other words, some of the
geographically closest positions are excluded from the neighbors set when they
are too close to an anchor compared to the others as shown in the example of
Figure V.6. This problem leads to a slight geographical bias added to the final
position estimate, however it might yields a totally wrong addressing for the room-
level localization. In fact, this is caused by the nature of the relationship existing
between RSSI and distances separating two sensors. The closer they are getting,
the more rapidly the RSSI is growing. Thus, in the context of KNN, one imagined
solution is to formulate further the obtained RSSI values until they could be
correctly distinguished by KNN. Or else beginning with KNN method itself, revise
it until it is possible to make correct selection from the obtained RSSI values. One
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could also work on the optimization of the positioning of the reference positions
with respect to anchors beforehand, to overcome such a problem.

e Interval computations: As it is discussed in Chapter III when computing the
weight factors, there exist several problems over the division operation in terms of
interval analysis. On the one hand, it cannot divide an interval including zero in
the localization background which leads to an infinite weight value. On the other
hand, it enlarges the range much more than expected which leads to the over-
dilution interval/box. That is also why the weight equations are reformulated
as shown in Chapter III in this case. A similar question raises equally as the
incertitude 6, and J¢ are added. In fact, there exist a trade-off between the
incertitude and the final estimates accuracy. If they are much smaller than normal
values, the boxed estimates fail to include the real position. If, however, they are
settled to be much larger, the resulting boxes are meaningless since any infinite
box includes the real position. Based on the nature of interval computation, the
determination of intervals remains to be an open question.

e Choices between both methods: The proposed algorithm considers an alternative
picking-up strategy when there is not any intersection between two individual
estimates in the unpredicted case. Practically, it is assumed that the fingerprints
method is more reliable than the accelerometer based method since an abrupt
change over the measured accelerations leads perhaps to an unexpected result.
Hence, when the estimated boxes did not intersect with each other, the results
from fingerprints will be adopted. However, this measure sometimes makes larger
errors. It happens also even when there exists intersection between two boxes that
the combined final error is larger than either of them. Thus, the accept-and-refusal
strategy remains to be discussed.

e Zoning problem: The proposed algorithm makes the assumption of equal zones,
which allows the problem addressing by using the KNN algorithm over the refer-
ence zones. However, in real scenarios, zones are rooms, offices, corridors or others,
having different architectures and dimensions. One possible solution consists of
dividing the whole space to equal zones, independently of the global architecture,
or alternatively choosing specific dimensions for zones, allowing a subdivision of
all rooms to equal zones. Future works will deal with the classification problem
where any space structure could be handled.

Besides the existing technical aspects inside of the localization algorithms stated above,
the proposed methods are expected to be further analyzed or improved as below.

e Real data: It is worth noting that all the simulations presented in this manuscript
are based on the simulated data, like the trajectories, the RSSI measurements,
the accelerations measurements and the rotation readings. This work merits then
a further operation while using the real measurements in the real wireless sensor
networks settings. Once the real fingerprints and inertial information are available,
the proposed method in the real case will be put into effect.
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e Accelerometer device: This work demonstrates the combined localization strategy
using fingerprints and accelerometer readings. One thing that is controversial is
the reliability of the accelerometer device. Massive implements and experiments
illustrate that it is prone to deviate gradually from the real values, especially
with its inevitable accumulation errors as time goes by. In this context, the esti-
mates from accelerometer turns to be not so favorable compared with fingerprints
methods when the mobile object goes farther. Thus, in some special cases where
the unpredicted changes occur over the device, the results of accelerometer-based
approach remain to be discussed.
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réseaux de capteurs sans fil constituent une technologie en plein
¥, développement depuis les deux derniéres décennies. Ils ont

été votés comme l'une des dix premiéres technologies pouvant
> boulverser le monde au vu de leur déploiement facile et de leurs
capacités grandissantes de communication et de traitement de données.
De nos jours, les réseaux de capteurs sans fil sont appliqués dans tous les
horizons de la vie, comme par exemple dans la surveillance des machines
dans les usines, le suivi des patients dans les hopitaux, les reliefs de catas-
trophes géologiques, la surveillance de la migration ou ’exploration de
terrains... Un probléme fondamental existant dans les réseaux de cap-
teurs sans fil est I’auto-localisation des capteurs, qui offre les emplace-
ments géographiques des nceuds dans le réseau. Ce probléme influence
la performance ultime des réseaux puisque presque toutes les mesures
effectuées par les capteurs sont liées aux positions oul elles sont faites.
Dans ce manuscrit, nous abordons le probléme de la localisation indoor
des capteurs mobiles dans les réseaux de capteurs sans fil. Les solutions
proposées, basées sur des données de fingerprinting et de mobilité, se
situent dans le cadre des intervalles. Cette partie résume les travaux
réalisées autour de ce probléme. Elle commence par une introduction
générale sur les réseaux de capteurs, suivie par une bréve description de
la théorie des intervalles. Dans ce qui suit, les méthodes de localisation
proposées sont présentées dans ’ordre, suivies enfin d’une conclusion et
des perspectives.
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A.1 Introduction aux réseaux de capteurs sans fil

Les réseaux de capteurs sans fil (RCSFs), nés dans les années 1990, sont composés d'un
grand nombre de capteurs intelligents [Akyildiz et al. 2002; Zhao et Guibas 2004]. Ces
capteurs sont de petites tailles, faciles & déployer, & bas coilt et ayant la possibilité
de communiquer, mesurer et traiter des informations [Bharathidasan et Ponduru 2002,
Ilyas et Mahgoub 2004]. Gréace a ces atouts, les RCSFs fournissent une solution in-
telligente pour de nombreuses applications, contribuant ainsi & I’amélioration du mode
de vie des personnes dans le monde. Cette section présente d’abord des informations
générales sur les RCSFs et leurs applications et aborde par la suite le probléme de
localisation.

A.1.1 Présentation générale

Les différentes propriétés des RCSFs les rendent trés attractifs dans un trés grand nom-
bre de domaines, couvrant le domaine militaire, I’environnemental, le médical, le civil,
et bien d’autres, dans le but de la surveillance et du suivi. Dans le domaine militaire par
exemple, les caractéristiques de déploiement rapide, d’auto-organisation et de tolérance
de panne permettent aux RCSFs de répondre rapidement aux divers changements des
champs de bataille. Dans ce sens, un systéme basé sur les RCSFs visant & la détection
et la localisation des snipers [Simon et al. 2004] a été développé. L’armée des Etats-
Unis a mené une série de tests a l’aide de RCSFs au désert de Californie [Hill 2003].
L’agence pour les projets de recherche avancée de défense ou DARPA des Etats-Unis
avait lancé le projet SENSIT (technologie de I'information du capteur) pour constru-
ire des RCSFs ubiquitaires pour réaliser toute sorte de mesures comme la lumiére, le
son, les vibrations, le magnétisme, I’humidité, la pression, la température, la pollution,
I’accélération, etc. Dans le domaine environnemental, un projet célébre a été développé
au cours des derniéres années sur les habitats fauniques : le grand projet de 'ile de
canard [Mainwaring et al. 2002] mené par une équipe d’ingénieurs informaticiens de
I'université de Californie & Berkeley pour améliorer la recherche des biologistes sur les
comportements des oiseaux de mer. Dans le domaine médical, des RCSFs biomédicaux
sont congus pour mesurer une variété de signes vitaux des patients pour la surveillance
de leurs états de santé en temps réel [Hande et al. 2006]. Ainsi, les RCSFs biomédi-
caux peuvent améliorer vivement la qualité des soins de santé. Ils pourraient servir
également pour surveiller les signes vitaux de pompiers, suivre les handicapés dans un
environnement sans surveillance, assurer le baby-sitting, suivre des activités des per-
sonnes atteintes d’Alzheimer, etc. Les RCSFs permettent également 1’amélioration du
mode de vie dans le domaine de la vie civile, impliquant la surveillance de la résidence,
le transport, I'industrie et toute sorte d’infrastructures critiques dans la vie quotidienne.
Par exemple, [Dagher et al. 2014] a congu un systéme de navigation basé sur les RCSFs
et le concept de ville intelligente. Il fournit un service de navigation locale pour les
citoyens conduisant un véhicule & ’aide d’un systéme intelligent d’éclairage de rues.

D’un autre coté, il existe principalement trois types de topologies dans les RCSFs définis-
sant la facon dont les capteurs communiquent ensemble : centralisée, distribuée, et
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hybride [Mourad 2010]. Dans la topologie centralisée, la plus simple, toutes les don-
nées mesurées sont acheminées & la station de fusion centrale ou elles seront stockées
et traitées. Les nceuds dans ce genre de réseaux n’effectuent pas de calcul ou de traite-
ment. Ce genre de réseaux pourrait fournir une haute qualité de traitement mais tout
en consommant énormément d’énergie, surtout pour les capteurs situés a proximité de
la station centrale. Au contraire, les capteurs dans la topologie distribuée ont la capac-
ité d’effectuer tous les traitements nécessaires, n’échangeant avec leurs voisins que des
données traitées, d’habitude de taille réduite. Ce type de réseaux est beaucoup plus
robuste & la défaillance que le mode centralisé, plus fragile face au risque de défaillance
de la station centrale ou l'interférence des mesures longuement acheminées lors de la
transmission. Toutefois, la topologie distribuée nécessite des algorithmes distribués qui
pourraient étre plus complexes & développer et parfois moins précis que leus versions
centralisées. La topologie hybride combine les idées des deux autres topologies. Pra-
tiquement, la transmission de l'information consomme plus d’énergie que le calcul. De
ce fait, les réseaux sont divisés en plusieurs groupes, ou clusters. Chacun d’entre eux
posséde une téte de cluster qui joue le role de la station de fusion centrale. Assurant
un équilibre optimal entre la consommation d’énergie et la capacité de traitement, la
topologie hybride convient a des réseaux a grandes échelles [Bandyopadhyay et Coyle
2003|.

Sur la base de I'architecture des réseaux, la communication entre capteurs peut s’établir
de différentes maniéres, permettant de maintenir la connectivité du réseau. La commu-
nication par la fréquence radio est le mode de communication le plus fréquent, grace a
sa faible consommation énergétique et la nécessité d’'un matériel simple. Toutefois, ce
type de communication a un faible débit de données pendant la transmission, se basant
sur les techniques de modulation et de démodulation. En outre, la qualité des signaux
pourrait étre sérieusement dégradée avec 'augmentation de la distance parcourue [Aky-
ildiz et al. 2002]. La technologie Zigbee [Cheong et al. 2011] basée sur le protocole
IEEE 802.15.4 pourrait étre un choix alternatif dans le cas de déploiement d’un grand
nombre de capteurs. Cette technologie a également une basse consommation, un bas
colit, mais une faible capacité de pénétration dans les environnements intérieurs. Par
comparaison, la bande ultra large (UWB) [Chehri et al. 2009], qui sert aux mesures
de temps d’arrivée, est capable de pénétrer dans des murs épais et est plus robuste
a la dégradation des signaux, mais elle a un cotit de consommation relativement plus
élevé et est beaucoup plus chére. La technologie Bluetooth [Erasala et Yen 2002] est
anti-interférence, mais nécessite un périphérique de plus, consomme plus et coiite plus
cher que cette derniére. Le WiFi, basé sur le protocole IEEE 802.11, est trés fiable,
mais s’appuie sur une station de communication puissante et des nceuds d’accés [Li
et al. 2011]. Autres options existent comme celles de l'utilisation de I'identification par
fréquence radio (RFID) [Choi et al. 2011], infrarouge [Gao et Guo 2010] ou ultrasons
[Shahid et al. 2010; Runge et al. 2011]. Ce type d’approches nécessite en conséquence des
dispositifs supplémentaires intégrés au capteur. Elles peuvent fournir une assez bonne
précision mais elles sont normalement limitées & certains scénarios spécifiques comme
en sous-mer, dans les jungles ou les terminaux de hand-hold. Comme le proverbe dit,
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"chacun son meétier".

A.1.2 Tllustration du probléme de localisation

L’un des objectifs de la surveillance ou du suivi par RCSFs est de rapporter en temps
réel ’endroit ot se produit I’événement considéré. Cet objectif nécessite la connaissance
préalable des emplacements géographiques des capteurs eux-mémes. Cela définit le
probléme de localisation [Yick et al. 2008].

Selon les applications, les capteurs sont soit déployés manuellement & des positions
souhaitées au préalable, soit sur demande, dispersés au hasard dans un lieu déterminé
sous la forme de parachutage suivi d’une auto-organisation, ce qui est normal dans
les champs intouchables. Dans le cas ol les capteurs ont initialement des positions
inconnues ou qu’ils se déplacent de facon forcée, & cause de facteurs non contrélables
tels qu'un vent soufflant, de la vibration..., les positions enregistrées des capteurs ne
sont plus fiables & utiliser. De ce fait, la localisation des nceuds devient un probléme
essentiel pour les réseaux ayant pour but de réaliser la surveillance ou le suivi.

Une solution intuitive & ce probléme est d’équiper tous les capteurs avec les systémes de
positionnement (GPS) [Hofmann-Wellenhof et al. 2004] pour avoir un positionnement
absolu. Cependant, cette solution implique deux faits impratiques, 'un lié¢ aux envi-
ronnements indoor ol les signaux GPS ne sont pas fiables, 'autre lié aux cotts et a la
consommation d’énergie car il serait nécessaire d’avoir des récepteurs GPS au nombre
des capteurs, ce qui cotte cher et consomme beaucoup d’énergie pendant 1’acquisition
des signaux.

Face & 'impraticabilité du GPS, des solutions alternatives servant & la localisation dans
les réseaux de capteurs ont vu le jour. La majorité de ces approches résout ce probléme
a l'aide d’ancres, qui sont des capteurs ayant des positions connues & ’avance. Cela
pourrait étre au moyen du GPS en cas de réseaux mobiles extérieurs, ou alors les ancres
ont des emplacements fixes. Les autres capteurs restants sont appelés noeuds, ayant
des positions inconnues, fixes ou mobiles. Le probléme de localisation reviendra ainsi a
utiliser les signaux échangés entre ancres et nceuds avec les mesures relevées aux nceuds,
comme la température ou autre, afin de déterminer leurs emplacements.

Dans le cadre de cette thése, le probleme de localisation est défini dans un scénario
indoor ou les ancres sont fixes et les nceuds se déplacent dans un espace D-dimensionnel
de R, avec D = 2 ou D = 3. On considére que N4 ancres et Ny nceuds sont dé-
ployés dans le méme champ. Les coordonnées des ancres et celles des nceuds sont alors
données par des vecteurs de dimensions D, notés respectivement a; = (a;1,...,a:p),
ie{l,..,Na}, et ;(t) = (x1(t),....,z;p(t)), j € {1,..., Nx}, ot t symbolise I'instant
discret. L’objectif serait ainsi de calculer les a;(¢) sachant les positions a; et les sig-
naux échangés entre eux. Il existe de nombreuses techniques de localisation & base
d’ancres répondant aux exigences des réseaux de capteurs. Parmi celles-ci, on cite celles
basées sur 'estimation de la distance, les mesures de connectivités et la collection des
informations de scénarios ou fingerprinting [Mao et al. 2007]. Elles sont également caté-
gorisées, selon le traitement des données, entre méthodes centralisées, clusterisées ou
décentralisées [Stojmenovic 2005; Pal 2010], ou autrement en terme de signaux util-
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isés, entre méthodes basées sur ’acoustique, 'optique, la puissance des signaux regus
(RSSI), etc... [Schweinzer et Syafrudin 2010; Sifuentes et al. 2011; Kaemarungsi et Kr-
ishnamurthy 2004; Bahl et Padmanabhan 2000], Plus de détails sur les méthodes de
localisation existantes sont fournis dans le chapitre I.

Ce manuscrit traite le probléme de localisation dans un environnement indoor, les so-
lutions proposées étant basées sur la technique du fingerprinting utilisant les RSSIs.
Elles combinent a celles-ci d’autres mesures utiles, telles que les informations d’inertie
en provenance d’accélérométres et de gyroscopes, dans le but de corriger et d’affiner les
positions estimées. La résolution du probléme se situe dans le cadre de la théorie des
intervalles, permettant d’inclure toutes les solutions du probléme ainsi que les incerti-
tudes autour de leurs valeurs. La théorie des intervalles est introduite dans la section
suivante.

A.2 Théorie des intervalles

Dans la majorité des applications d’ingénierie, le probléme de non linéarité est fréquem-
ment rencontré, avec une nécessité de solution robuste. Ce probléme 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 fonction non convexe.
L’analyse par intervalles fournit un cadre permettant de résoudre ce type de probléme
d’une maniére garantie.

La théorie des intervalles a débutée dans les années 1950, motivée par la procédure
du calcul de v/2 illustrée dans la figure Figure I1.1. Au début du calcul, le fait que le
nombre 1 est ’entier maximal dont le carré est inférieur a 2, implique que la solution
est contenue dans l'intervalle réel [1,2]. De la méme maniére, le plus grand réel a un
chiffre apreés la virgule dont le carré est inférieur & 2 étant 1.4, 'intervalle de recherche
est réduit a [1,4, 1,5], puis [1,41, 1,42], [1,414 , 1,415], etc... [Sunaga 1958; 2009] En
conséquence, la notion d’intervalle est équivalente au nombre réel mais plus illustrable.
Alors, pour décrire une quantité physique, la représentation d’un intervalle devient plus
convenable qu’un nombre réel concret, permettant de relier les mathématiques pures a
la réalité, ainsi que ’analyse pure & l’analyse appliquée.

Depuis, ’analyse par intervalle s’est fait des développements remarquables & des mo-
ments historiques [Sunaga 1958; Moore 1966; Kearfott et Kreinovich 1996; Jaulin et al.
2001a]. Elle sert au calcul mathématique visant des ensembles, au lieu des chiffres
numériques. Elle permet de résoudre les problémes insolubles de fagon normale, tels
que les problémes définis 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 problémes d’optimisation globale de fonctions non convexes [Hansen et
Walster 2003]. La solution garantie est fournie en incluant toutes les solutions possibles
du probléme abordé dans un intervalle. Ceci s’avére possible méme dans le contexte
de fortes non-linéarités ou d’ensembles discontinus de solutions, grace aux propriétés
robustes d’un intervalle. Dans cette section, nous introduisons briévement le concept
du calcul par intervalles, suite & la définition de base.
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A.2.1 Définition des intervalles

L’ensemble de toutes les variables réelles £ respectant la condition de o < & < 3 est
appelé un intervalle et est désigné par [a, 3]. Alors en général, dans un espace réel R,
un intervalle réel [z] est un sous-ensemble connexe inclus dans R et défini comme suit,

[z] = [z, 7] ={r e R |z <z <7}, (A.1)

ou les notions z et T désignent respectivement la borne inférieure inf [x] et la borne
supérieure sup [x] de l'intervalle [z], pouvant étre finies ou infinies. L’ensemble vide ()
est également considéré comme un intervalle réel si () représente 1’absence de solution.
L’ensemble de tous les intervalles réels est noté par IR. L’intervalle réel peut étre
caractérisé par son centre ¢([z]) et sa largeur w([z]), définis comme suit,

z+7

\V)

(A.2)
w([z]) =7 —z.

w([x]) posséde également 'attribut de la taille de I'intervalle [z], déterminée par I'incertitude
présente sur la quantité z. Dans le cas on w([z]) est nulle, 'intervalle est dégénéré a
un nombre réel x. En utilisant les notions ¢([z]) et w([z]), un intervalle [z] peut étre
reformulé comme suit,

[2] = e([z]) + | —5w([z]), Gw((z]) =C([Sﬂ])+%w([w])[—1,1]- (A.3)

Cette formulation est trés pratique pour les opérations de 1’analyse par intervalles,
comme démontré dans la section A.3. La définition de I'intervalle peut étre étendue au
cas multidimensionnel. Soit [z un intervalle vectoriel de R™. Il est défini par le produit
cartésien de n intervalles réels comme suit,

[x] = [z1] X [z2] X ... X [my], i =1,...,n. (A.4)

[x] est appelé aussi pavé ou boite, dont 1'élément [v;] = [z;,7;] désigne la i*™¢ com-
posante de l'intervalle obtenue par projection de [x] sur le i**me axe. L’ensemble vide
de R™ est noté comme @ x @y x ... x 0, si et seulement si toutes les composantes sont
vides. L’ensemble des pavés dans 1’espace R™ est noté IR". Les bornes inférieures et

supérieures sont composées des bornes de toutes les composantes comme suit,

x = (1,29, ., 2n)",

_ (A.5)
T = (T1,%2, .., Tn) " -
La taille de [x] est définie comme la taille maximale des différents éléments,
w([z]) = maz1<i<pw([zi]), (A-6)

et le centre de [x] est donné par

c([2]) = (e([21]), e([w2]), ooy elfwa])) - (A7)

154



A.2 Théorie des intervalles

A.2.2 Analyse par intervalles

Une fois le concept de l'intervalle est défini, il serait intéressant d’introduire les régles
de calcul au cadre des intervalles, la théorie de 'analyse par intervalles étant fondée
sur la théorie des ensembles et son calcul étant en fait un cas particulier du calcul
sur des ensembles. Sur cette base-la, des opérations utiles sont élaborés et définies
par conséquence, telles que les opérations ensemblistes et arithmétiques et les fonctions
d’inclusion. Dans cette section, nous introduisons uniquement les opérations et fonctions
de base. Plus de détails sont fournis dans le Chapitre II.

A.2.2.1 Opérations de base

Un intervalle réel posséde une double nature, a savoir celle d’'un nombre réel et celle
d’un ensemble, ce qui permet de lui appliquer des opérations du nombre et de ’ensemble
[Moore et Moore 1979; Kearfott et Kreinovich 1996; Jaulin et al. 2001a]. Nous présen-
tons ici les opérations de base, notamment les opérateurs ensemblistes et arithmétiques.
o Opérations ensemblistes scalaires :

Similairement avec la théorie des ensembles, les opérateurs de base sont également
adaptés aux intervalles. Soient deux intervalles réels [z] et [y] de IR a la condition que
z >y et T <7, ils ont naturellement la relation d’inclusion, décrite comme suit,

[x] C [y], si Vx € [z], = € [y]. (A.8)

De la méme maniére, l'intersection des intervalles [z] et [y], qui est également un inter-
valle, est décrite comme suit,

0 s1T<youy<z,

max{z,y}, mn{z,7}|, sinon. (A.9)

antl={ |

Les intervalles n’héritent pas exactement de I’'union ensembliste qui aurait di étre définie
par [z] U [y] = {z € [z] ou z € [y]}. Dans le cas de deux intervalles disjoints [z] et [y],
une nouvelle opération de réunion des intervalles est définie par,

[z] U [y] = [min{g, Y}, maz{Z, y}] . (A.10)

Un intervalle [x] privé de l'intervalle [y est définie comme [z]\[y] = [{z € [z]| = ¢ [y]}].
Alternativement, il est possible de I'exprimer comme suit,

_ ) lzyyl, siz<y<T<Y,
[z]\[y] = @[’]ﬂ’ siy<r<y<r (A.11)

o Opérations ensemblistes en cas de pavés :
Un pavé [z] € IR" est inclus dans un autre pavé [y] € IR" si toutes les composantes
rélles de [z] sont incluses dans celles du [y],

[®] Cly|, si Vi, [x] Clyi], 1 <i<n. (A.12)
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L’intersection de deux pavés [x] € IR" et [y] € IR", qui est également un vecteur de
IR™, est définie par,

(o si3i, 1<i<n, [2]N][y] =0,
[z] N [y] —{ (1] N [1)) % (2] N [y2)) % oo % ([2n] N [ym]),  simon,
(A.13)

ou (" est le produit cartésien de n (). La notion ()" sera représentée par () tout simple-
ment.

Similairement, I'union de deux pavés [x] € IR" et [y] € IR™ est le produit cartésien des
unions de toutes les composantes des intervalles [x] et [y],

[2] U [y] = ([z2] U [sn]) > ([z2] U[y2]) x . x ([za] U fyn])- (A.14)

Un pavé [x] privé d'un pavé [y] produisant un pavé désigné par [z] = [x]\[y], dont la
composante réelle [z;] est illustrée de plus comme suit,

- { g S

o Opérations arithmétiques :

Les intervalles réels sont composés de nombres réels. Les quatre opérateurs de base de
Parithmétique des réels, notamment 1’addition (+), la soustraction (—), la multiplication
(%) et la division (/), sont adaptés également & ’arithmétique des intervalles profitant
de la double nature. Soit le symbole ¢ un opérateur de la liste (+,—,*, /). Alors,
Pexpression d’opération arithmétique des intervalles [z] et [y] est donnée comme suit,

[Z]oyl={ zoy eR |z € [x], y € [y]}], avec o € {+,—, %, /}. (A.16)

L’opération concernée est effectuée en utilisant les bornes inférieures et supérieures des
intervalles,

[x] o[yl = min{zoy,z 07y, Toy,Toy},max{zoy,z oy, Toy,ToY}. (A.17)
Notez que, cette définition pour la division n’est vraie que dans le cas ot [y] ne comprend

pas le 0. L’équation A.17 peut étre simplifiée en outre pour les opérations d’addition
et de soustraction comme suit,

S]]

+y, 7+

)

[z] + [y] =
[z] = [y] =

)

(A.18)

AR
5]
2 <

)

)

En plus, les opérations telles que la négation et la puissance carrée sont aussi applicables,

—lo] = {—2| = € [o]}] = [-7, —z],

[2]F = {2F| z € [2]}, ke {1,2,..}. (A.19)
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A condition que les bornes des arguments sont strictement positives, les intervalles réels
engendrés par la multiplication, la division et la puissance carrée sont donnés par la
suite,

[z] x [y] = [z * y,T x 7],

[z]/ly] = [z/7,%/yl, (A.20)
[2]? = [z, 7).
Notez que dans I'équation A.19, [z]? # [z] * [z] ce qu'il faut distinguer lors du calcul des
intervalles.
o Opérations arithmétiques en cas de pavés :
Les opérations arithmétiques définies pour les intervalles peuvent étre aussi étendues
aux pavés, ou le symbole ¢ est en qualité d’opérateur binaire (4, —,*, /,”) comme suit,

[z] o [yl = ([z1] o [pa]) x ([z2] o [sn]) > .. X ([zn] © [yn])- (A.21)

Les propriétés algébriques classiques au sujet de l'arithmétique, telles que la commu-
tativité et 1’associativité appliquées sur I’addition et la multiplication sont également
correctes pour les opérations des intervalles. Nous citons comme suit,

2] + [y] = [y] + [=],
(] * [y] = [y] * [«],
a-[x] = (a-[z1]) x (a-[z2]) x ... x (- [z0]), (A.22)
[QS]T « [y] = [x1] * [y1] + [z2] * [y2] + ... + [Tn] * [yn],

ou o € R, T désigne 'opération de transposition. Notez que, la loi distributive de
I’arithmétique ordinaire ne parvient pas a s’y appliquer. Toutefois, on tombe dans une
loi sous-distributive telle que

[+ ([y] + [2]) €[] * [y] + [a] + [2]. (A.23)

En outre, la propriété d’inclusion est combinée avec les opérateurs arithmétiques des
intervalles comme suit,

[z1] o [ya] € [wa] © [ya], si [x1] C [xo] et [y1] S [y2]- (A.24)
Toutes ces propriétés nous offrent ainsi la faisabilité et le fondement théorique de
I’analyse par intervalles, applicable a la résolution du probléme d’approximation.
A.2.2.2 Fonctions d’inclusion

Considérons une fonction de mapping f(x) associée & une variable € R™ définie
comme suit,

f:zeR" —» f(x)eR™ (A.25)
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Si l’on suppose que 'argument @ de f est un vecteur appartenant a un pavé [z] € IR",
alors la fonction d’intervalles associée a [x] est donnée par ’ensemble suivant,

f(=) ={f(z) | = € [z]}. (A.26)

L’ensemble f([x]) n’est pas forcément un intervalle connexe. La fonction d’inclusion,
notée [f], est produite pour remédier & cette question. Elle est définie de telle sorte a
engendrer un pavé englobant f([z]) comme suit,

[fl([x]) = {f(x) | x € [x]}], satisfaisant
V[z] C IR, f([z]) C [f]([x]),

avec [f([z])] € IR™. Un schéma illustratif des fonctions d’inclusion avec n = m = 2 est
présenté dans la Figure I1.5 dans le chapitre II.

Il est évident qu’une fonction donnée f peut avoir une infinité de fonctions d’inclusion.
Néanmoins, il existe une fonction d’inclusion minimale pour f qui donne le plus pe-
tit pavé englobant f([x]), notée par [f*]([x]). Dans ce cas particulier, la fonction
d’inclusion peut étre définie par

[f*)([x]) = [min{ f(z), f(®)}, maz{f(z), f(Z)}]. (A.28)

Une fonction inclusion [f] est considérée comme monotone & condition qu’elle satisfasse,

] Cly] = [f(=]) < [F]([y])- (A.29)

Considérons par exemple les fonctions exponentielle, logarithmique et sinusoidale ap-
pliquées a l'argument [x] = [z,Z]|. Leurs fonctions d’inclusion minimales sont données
par

(A.27)

[exp™]([z]) = [exp(z), exp(T)].
[log™]([z]) = [log(z), log(Z)]
—T 4+

[sin*]([z]) = [sin(z), sin(T)], pour z € [7, 7]

(A.30)

La fonction d’inclusion [f], définie de IR™ a IR™, est alternativement représentée par le
produit cartésien de m fonctions d’inclusion [f;] € IR, € {1,2,...,m} de I’espace IR".
Par la suite, la fonction d’inclusion f est donnée par

[F1([z]) = [Al([=]) x [f]([]) x ... X [fm]([2]). (A.31)

D’autre part, pour vérifier si tous les éléments inclus dans un pavé satisfont une certaine
propriété, les tests d’inclusion sont définis. Soit t un test défini de R™ dans B = {0, 1}.
Un test d’inclusion [t] est effectué de IR™ a IB. Pour tout [x] € IR", [t] est déterminé
par,

) (A.32)
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Ainsi, le résultat du test est vrai pour ¢([z]) = 1 et faux pour ¢([z]) = 0. II reste
cependant indéterminé pour ¢([z]) = [0,1] et impossible pour un résultat d’ensemble
vide.

La technique d’analyse par intervalles est une approche d’approximation numérique
garantie, applicable sur les problémes non linéaires rencontrés souvent dans le domaine
de l'ingénierie. La théorie repose fondamentalement sur 'idée d’enfermer des nombres
réels dans des intervalles, ou des vecteurs réels dans des pavés assurant des résultats
garantis. Dans les sections suivantes, nous appliquerons la théorie des intervalles au
probléme de localisation.

A.3 Méthode de localisation centralisée

La capacité de localisation des capteurs est l'une des exigences fondamentales et es-
sentielles dans un réseau de capteurs sans fil. Parmi les méthodes de localisation
émergeantes au cours des derniéres années, celles basées sur les RSSI sont considérées
avantageuses du point de vue de la simplicité, de la flexibilité ainsi que du coit de
matériel. Au sujet du traitement des signaux, au lieu de convertir simplement les RSSI
en distances, des méthodes alternatives font une comparaison entre la puissance du sig-
nal recu et un seuil de puissance, conduisant & des données de connectivités et donc
des contraintes sur les distances a combiner éventuellement & 1’aide de 'algorithme
séquentiel de Monte-Carlo [Hu et Evans 2004; Baggio et Langendoen 2006al, ’analyse
par intervalles [Mourad et al. 2008; 2009a|, le filtrage variationnel [Teng et al. 2010],
etc... D’autres méthodes s’appuient sur la collection des informations de scénarios ou
fingerprinting faisant la comparaison par la suite de la puissance & la réception du
nceud aux informations déja collectées dans le sens du pattern matching [Tapus et Sieg-
wart 2006; Robles et al. 2010]. En consédérant également la mobilité des capteurs, des
travaux ont exploité a la fois les données de connectivités et les contraintes de mobil-
ité, fournissant leurs solutions a ’aide de Monte-Carlo [Hu et Evans 2004; Baggio et
Langendoen 2006a|, de 'analyse par intervalles [Mourad et al. 2008; 2009a| ou Hidden
Markov [Fraile et Maybank 1998; Arthi et Murugan 2010], etc... D’autres méthodes
basées sur des dispositifs supplémentaires existent telles que celles utilisant les magné-
tomeétres collectant des données magnétiques et résolvant le probléme par Monte Carlo
[Haverinen et Kemppainen 2009]. D’autres utilisent l'identification par radio fréquence
(RFID) [Ni et al. 2004] coopérant avec des capteurs ultrasons pour localiser les robots
mobiles [Choi et al. 2011], ou installant un dispositif d’inertie donnant directement une
estimation du déplacement du capteur mobile [Hsu et Yu 2009]. De notre coté, nous
intégrons deux types de mesures, a savoir des radio-fingerprints et les accélérations, tout
en tenant compte de 'incertitude des mesures, et nous résolvons le probléme dans le
cadre des intervalles.
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A.3.1 Problématique

Nous proposons ici une méthode de localisation, basée sur les ancres, et effectuant la
collection des fingerprints dans une zone de surveillance de R”, ot D =2 ou D = 3
pour une zone de deux dimensions ou trois dimensions. Le réseau dispose de deux types
de capteurs : ancres et neuds. Les ancres ont des positions fixes et connues notées par
a; = (ai1,...,a;p), © € {1,...,Na}, alors que les nceuds ont des positions inconnues,
notées par x;(t) = (z;1(t),...,z;p(t)), 7 € {1,..., Nx}, Na et Nx étant respectivement
les nombres des ancres et des noeuds dans le réseau. Le probléme de localisation consiste
alors a trouver x;(t), j € {1,..., Nx }, en utilisant des mesures et des informations liées
aa;, 1€ {1, ...,NA}.

Une collection de fingerprints en RSSI est effectuée au préalable pour définir une
cartographie de puissance sur le réseau. Pour ce faire, Np positions de référence
sont déployées uniformément sur la totalité du réseau, elles sont notées par pp =
(PE1s-PED), k€ {1l,...,Np}. Un exemple de telle configuration est représenté dans
Figure IIL.1. Les ancres émettent dans le réseau des signaux avec une méme puissance
initiale. En plagant consécutivement un capteur aux points de référence, ces signaux
sont collectés a ces points et leurs puissances sont mesurées. Soit €pi, k € {1,...,Np}
le vecteur de RSSIs de référence mesurés a la position pg, il est donné par

EPk = (fpk,la "'7€Pk,NA)a ke {17“'7NP}a (A33)

ou {pg,; est la puissance du signal émis par I'ancre i et recu a la position de référence
pi. La procédure de configuration conduit alors & une base de données de fingerprints
constituée de Np couples (pr,€py), k € {1, ..., Np}. Cette base de données est stockée
au centre de calcul pour étre utilisée ultérieurement avec les mesures effectuées en temps
réel par les nceuds afin de les localiser.

A.3.1.1 Localisation a base de fingerprints

Pendant la procédure de positionnement en temps réel, les noeuds se déplacent librement
a travers le réseau et recueillent les puissances de signaux de toutes les ancres de la méme
maniére. Par la suite, le vecteur des RSSIs mesurés en temps réel est noté comme suit,

£Xj(t) = (ng,l(t)’ ""SXj,i(t)’ "'ang,NA(t)) ’ ] € {1’ () NX}a (A34)

ot £x ;,i(t) signifie la puissance a la réception du signal émis par I'ancre i et recu par le
neeud j & 'instant .

Puis, afin de localiser le nceud j, on cherche un pattern matching dans la base de données
des fingerprints, en s’appuyant sur l’algorithme des K plus proches voisins [Navarro et al.
2010; Chuenurajit et al. 2013]. Cet algorithme calcule ainsi pour chaque noeud j les
distances euclidiennes [|§x ;(t),&py| entre son vecteur £y ;(t) obtenu a linstant ¢ et
tous les vecteurs de RSSI de référence €py, k € {1,..., Np}. Ensuite, les K plus petites
distances sont sélectionnées. Soit I;(t) ’ensemble des indices des positions de référence
produisant ces K plus petites distances de puissance. Par conséquent, ’estimation de
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la position du nceud j par fingerprinting est effectuée comme suit,

@y Z WPk (A.35)
kel;(t)

ol wy est le facteur de poids associé a la position de référence p; choisie. Le poids
wk, k € I(t), est choisi inversement proportionnel a la distance euclidienne des vecteurs
de RSSIs comme suit,

o = 1€x (1), Epill™
> uer, 1€x ), Epul =

ou sous forme exponentielle,

(A.36)

exp (—all€x (1), €pil)
ZuEIj(t) exp (—QHEXj(t)a EPUH) ’

ol « est un paramétre déterminant du facteur de poids qui pourrait étre choisi de
maniére empirique.

WE =

(A.37)

A.3.1.2 Localisation a base d’accélérations

Chaque neceud j est supposé étre équipé d’un accéléromeétre [Hsu et Yu 2009|, donnant,
A chaque instant ¢, les accélérations du nceud selon les différentes coordonnées, notées
par v;(t) = (v,1(t), -, 7;,p(t)). Basé uniquement sur ses données inertielles, le nceud j
calcule la deuxiéme estimation de sa position selon le systéme d’équations suivant,

1
_’7] (t)At27

Lyj(t) = Ty j(t — 1) +v5(t — 1)At+2

vi(t) =v;(t — 1) +v,()At,

ot v;(t) est la vitesse estimée du nceud j a I'instant ¢. Notez que ce modeéle d’ordre
deux suppose que les accélérations sont constantes entre deux instants consécutifs. Si
les courbes des accélérations varient légérement, ce systéme conduit & des estimations
précises. Cependant, avec des changements brusques d’accélérations ou dans le cas des
accélérations plus interrompues, les estimations @, ;(¢) pourraient étre sensiblement
déviées de la trajectoire vraie en raison des erreurs cumulatives du modele.
Alternativement, un modele simplifié en premier ordre est proposé pour calculer les
estimations basées sur les accélérations,

(A.38)

& (1) = 24,;(t — 1) +v;(D) AL,
vi(t) =v;(t —1) + ;)AL

Dans ce modéle, les accélérations sont d’abord supposées constantes entre ¢ — 1 et ¢
pour le calcul des vitesses & l'instant t. Ensuite, une approximation supplémentaire
est effectuée en supposant que les vitesses sont constantes entre t — 1 et t. De toute
évidence, ce modéle est moins précis que le modéle d’ordre deux.

(A.39)
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Ayant les accélérations aux instants ¢ — 1 et ¢, on pourrait proposer un troisiéme modeéle
afin de mieux prendre la variation des accélérations en considération par

l’Yj(t) —v;(t—-1)

1
B, (t) = &5t = 1) F 05t = DAL+ 5, (E = 1AL + 2 N At?,
v;(t) :uj(t—1)+7j(t—1)At+§7J Zg A2

Tel modéle est plus approprié aux trajectoires ou les accélérations mesurées ont des
changements brusques. Il est & noter que ce modeéle suppose que les accélérations sont
linéaires ente ¢ — 1 et ¢, avec une pente de W Sous une petite valeur de
At, ce modeéle fonctionne trés bien, puisque les courbes des accélérations approximées
deviennent trés proches de celles vraies.

Dans la suite, la combinaison des deux estimations sera effectuée a I’aide du calcul par
intervalles en introduisant I'incertitude sur les mesures de fingerprints et des accéléra-

tions.

A.3.2 DL’algorithme

Quand un nceud se déplace a travers le réseau, il recueille les informations de RSSIs et
mesure les valeurs de ses accélérations instantanées en méme temps. Afin de combiner
I’ensemble de ces informations, nous appliquons ’analyse par intervalles [Jaulin et al.
2001a; Mourad et al. 2009a], en introduisant des incertitudes par les mesures, conduisant
ainsi & des estimées en forme de boites incluant les vraies positions.

A.3.2.1 Reformulation des accélérations

Soit 4, 'incertitude présente sur les accélérations mesurées. Il est possible dans ce cas
de définir des boites d’accélérations de D-dimensions comme suit,

[v;1(8) = [yl (8) x -+ X [, 0](t) = [15,1(8) = 6, 75,1 (E) + 05] X -+ X [v5,0(t) = 05,7;,D(t) + 65].
(A.A1)

De cette maniére, il est possible de réécrire les modéles de mobilité mentionnés ci-dessus
en termes d’intervalles. Par exemple, celui du deuxiéme ordre est représenté comme suit,

[2]5(8) = [2;](t = 1) + [v;](t - DAL+ %[Vj](t)ﬁtz,
wil(t) = [wl(t = 1) + [v;] (1) At

La quantité o, est soit considérée comme l'incertitude de mesure définie par le fabri-
cant de 'instrument, ou déterminée par une procédure de calibrage de I'accélérometre,
comme le montre la remarque 1 dans le chapitre III. Considérez que e, jo(t) est un
bruit gaussien de moyenne nulle avec un écart-type o.,. Par conséquent, I'incertitude
0 pourraient étre prises pour 3o, pour garantir une probabilité de 99,7% pour que
I’accélération réelle soit incluse dans 'intervalle considéré. On pourrait également pren-
dre ¢, a la valeur de 'erreur maximale d’accélération enregistrée lors du calibrage. Une
autre formulation de ’estimation par intervalle est introduite dans la remarque 3 du

(A.42)
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chapitre III. Nous montrons également dans la remarque 2 de ce méme chapitre com-
ment l'on pourrait modifier la vitesse estimée pour réduire son incertitude en cours de
localisation.

A.3.2.2 Reformulation des fingerprints

Dans le but de ré-écrire les estimations des positions par fingerprints, une incertitude
+0¢ est introduite aux valeurs des RSSIs mesurées. En introduisant d¢, nous obtenons
[§x ;](t), le vecteur RSSI en boite pour le nceud j a I'instant ¢, et [£p ], celui associé a
la position de référence py, dont les éléments sont récrit par ce qui suit,

[€x 5.4l (t) = [§x4,i(t) — b, Ex ja(t) + O¢],
et, (A.43)

[Pk = [EPki — O¢ P ki + O]

Cette quantité d¢ peut étre déterminée comme la taille maximale de I'intervalle com-
prenant toutes les valeurs de RSSIs mesurées étant donné une distance d. Cette quantité
est obtenue en effectuant plusieurs mesures dans la zone de surveillance a priori du pro-
cessus de localisation.
L’estimation de positions & base de fingerprints est ainsi reformulée en boite comme
suit,

@0 = 3 [wilpr, (A.44)

kel;(t)

ou [wg] est le poids en termes d’intervalles associé a la position de référence py, comme
suit,

] = —MEx10). Epslle
> uer, o I€x 1), [€pulll
" (A.45)

exp (—ol[€x,1(8), [€pi]ll)
>uer; i exp (—alll€x 1), [Epulll)

Une autre facon d’obtenir la boite [#;](¢) consiste & introduire une autre quantité
d’incertitude +0,, a l'estimée finale ,(t). La quantité g, pourrait étre déterminée
par 'exécution d’une procédure de localisation préalable sur des positions de test, et en
prenant ensuite la valeur maximale d’erreur d’estimation. Par conséquence, la position
estimée est reformulée en termes d’intervalles comme suit,

[#]5(t) = [27,j,1(t) = Ozer T5,5,1() + 0zc) X -+ X [T55,D() = Oue, Bp5,0(t) + 6zc].  (A.46)

[wr] =

A.3.2.3 Combinaison

La combinaison des deux estimées peut étre effectuée en appliquant une intersection
entre [&;]f(t) et [2;],(t) pour le nceud j a l'instant ¢. En effet,

[251(t) = [25]5(8) N [25](1). (A.47)
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Le centre de [#;](t) donne l'estimation finale de la position du nceud j a l'instant t.
Voir Figure I11.2 du chapitre III pour illustration.

A.3.3 Analyse et simulations

La performance de la méthode proposée est analysée et illustrée dans une zone de
surveillance s’étendant sur un plan 100m x 100m & deux dimensions, ou les ancres et
les positions de référence sont déployées uniformément. Nous considérons un seul nceud
mobile, en raison de simplicité. La trajectoire du nceud est générée en intégrant deux
fois les fonctions d’accélérations de chaque axe de R?, ot les signaux d’accélération sont
d’abord générés sur la 1°7¢ et la 2™€ coordonnées variant sur une période de 100s
avec un intervalle de temps At = 1s en utilisant la fonction sinus, comme c’est montré
dans Figure I11.3 et Figure II1.4. Les vitesses initiales sont réglées a zéro, ce qui signifie
que le noeud est supposé fixe, avec une position connue au début de la localisation.
Veuillez consulter les figures et tableaux présentés dans le chapitre IIT pour toutes les
simulations.

Les valeurs de RSSIs sont simulées par le modéle de perte du canal [Medeisis et Kajackas
2000a] exprimé ci-dessous,

Epki = &0 — 10nplogyg [|ai, prl| + e pi (A.48)
Exi(t) = o — 10nplogyg [la;, (t)[| + e, (t),

ou & est la puissance d’émission a une distance d’1lm, prise & 100dBm, np est le
parameétre du modele de valeur 4 et e¢ j, ; et g¢ ;(t) sont des bruits gaussiens & moyenne
nulle avec un écart-type o¢. De la méme maniere, des bruits gaussiens & moyenne nulle
e+,0(t) sont ajoutés aux valeurs d’accélérations 7,(t), avec un écart-type noté par o,

’Vf(t) = '?E(t) + 5%((1;)’ le {1’ 2}’ (A49)

A.3.3.1 Tllustration générale

En utilisant la trajectoire de la Figure II1.4, nous réglons le nombre d’ancre N4 & 49, le
nombre de points de référence Np a 196, le nombre de voisins K & 3 et les écarts-types
de bruits o et o¢ a 0.004m.s72 et 0.1dB respectivement. Table III.1 montre les erreurs
d’estimations en meétres en utilisant les fingerprints seuls, les accélérations seules avec
les trois modéles de mobilité et la combinaison. Figure ITI1.5 montre en rouge les boites
estimées obtenues par notre méthode, en bleu celles obtenues par fingerprinting, en
vert celles obtenues & partir des accélérations. Les résultats montrent que la méthode
combinée, avec le modéle de mobilité d’ordre trois, donne les meilleures estimations.
D’ou ’on appliquera le modeéle trois pour la suite.

A.3.3.2 Impact des paramétres

Les performances de notre méthode varient avec les différents paramétres, tels que K,
Ny, Np, ainsi que le coefficient @ des poids et les écarts-types des bruits o¢ et o, asso-
ciés aux RSSIs et accélérations. Pour montrer ceci, nous effectuons les simulations en
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modifiant & chaque fois 'un des parameétres et en laissant les autres fixes. Les résultats
sont illustrés dans Figure II1.8 - Figure II1.14 pour la trajecoire de Figure II1.7. Nous
observons que lorsque K est supérieur a 2, les erreurs d’estimation sont 1égérement vari-
ables, donc on peut fixer K = 3 pour les simulations restantes. Pour N4 et Np, 'erreur
d’estimation diminue généralement avec ’augmentation du nombre des ancres ou des
positions de référence. Par contre, ’erreur d’estimation augmente avec I’augmentation
du bruit des RSSIs o¢ ou des accélérations o.,. De plus, nous considérons toujours que
les positions de référence sont distribuées uniformément vu que la méthode fonctionne
mieux qu’avec une distribution aléatoire selon nos simulations. Finalement, nous envis-
ageons aussi les effets de I’expression du poids, ce qui nous méne & la formule d’inversion
avec o = 2 dans les simulations suivantes. En conclusion, ¢a mérite de noter que la per-
formance de notre méthode combinée utilisant les intervalles est la meilleure, comparée
aux méthodes utilisant seulement les fingerprints ou les accélérions dans tous les cas.

A.3.3.3 Comparaison avec une autre méthode

Notre méthode proposée est comparée par la suite avec une méthode basée sur les
connectivités qui estime la position du noeud mobile en utilisant le filtre particulaire
(Monte-Carlo). La solution est proposée dans I'intersection de tous les disques de rayon
égal & la portée r et centrés sur les ancres dont les RSSIs sont supérieures a un certain
seuil &, associé a la distance r [Baggio et Langendoen 2006a]. Pour cette raison, nous
fixons K = 3, Ny = 49, Np = 196, 0, = 0.001m.s~2? et o¢ = 0.1dBm. Nous fixons
également le nombre de particules & 100, et » = 15, menant & 3.33 ancres détectées en
moyenne et un seuil de puissance de 53dBm avec &y = 100dBm et np = 4. Les simula-
tions montrent que la méthode basée sur les connectivités donne une erreur d’estimation
de 3.6986m, comparée a 0.8216m pour notre méthode combinée, tout en consommant
1.167ms en temps de calcul moyen comparé a 0.252ms pour notre méthode.

A.4 Meéthode de localisation clusterisée

La nouvelle génération de réseaux de capteurs sans fil tend & étre plus flexible, robuste
et de puissance, particuliérement pour des applications basées sur les réseaux de grandes
échelles. Techniquement, I’architecture centralisée considére seulement un centre de fu-
sion qui a le role de traiter toutes les informations dans le réseau [Tharmarasa et al.
2011|. Dans ce cas, le réseau consomme plus d’énergie vu que toutes les informations de-
vraient étre acheminées vers le centre de fusion et puis relayées de nouveau vers le réseau
dés que l'analyse et le traitement nécessaire sont réalisés. En introduisant les agents
individuels, qui pourraient étre des capteurs intelligents dans les réseaux, I'information
pourrait étre analysée et traitée a proximité, réduisant ainsi la consommation de com-
munication. En outre, I’architecture clusterisée est généralement plus efficace et plus
robuste & ’échec que celle centralisée tenant compte de plusieurs points de collection et
de calcul [Tharmarasa et al. 2011; Ferrari et Pagliari 2006].

Dans les réseaux clusterisés, la zone de surveillance est construite de plusieurs petits clus-
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ters en fonction de ’emplacement des agents individuels. Alors I’algorithme clusterisé
offre des estimations locales en parallélisme correspondant a chaque cluster, combinées
par la suite pour 'obtention d’une estimation globale. Cette section discutera du prob-
leme de localisation clusterisée utilisant la technique des K plus proches voisins [Chen
et Chang 2008; Aldhubaib et Shuley 2010] ainsi que les données inertielles [Schuler et al.
1967; Lee et Huang 2002], et cherchant les solutions a l’aide de la théorie des intervalles
[Moore 1966; Jaulin et al. 2001b; Mourad et al. 2009b] et du filtre de Kalman [Kalman
1960; Chan et al. 1979; Honghui et Moore 2002].

A.4.1 Configuration du réseau

La méthode proposée consiste & diviser la zone entiére en plusieurs clusters. Ceci peut
étre réalisé en s’appuyant sur la configuration des obstacles dans la zone de surveillance,
ou plutot en considérant des clusters de dimensions égales. Nous considérons que le
réseau est composé de N4 ancres et Ny noeuds mobiles, dénotés respectivement par
a; = (a¢71,...,ai7D), 1= 1, ...,NA, et :]Sj(t) = (fL‘jJ(t),...,SCj,D(t)), ] = 1,...,Nx, t étant
literation actuelle et D la dimension de la zone (D = 2 ou 3). Une illustration est
fournie dans Figure IV.1 avec 4 clusters égaux, chacun équipé d’une téte de cluster
ou calculateur, pouvant étre un ordinateur ou méme un capteur ayant la capabilité de
réaliser des calculs.

Supposons qu’il existe N¢ clusters dans le réseau, et donc N¢ tétes de cluster dont
les coordonnées sont dénotées par h) = (h(c)yl,...,h(c)vD), c =1,..,No. La méth-
ode étant basée sur les fingerprints, Np ) positions de référence sont uniformément
distribuées dans chaque cluster ¢ = 1,..., N¢o; leurs coordonnées sont dénotées par
Pe)n = (p(c)yn,l,...,p(c)yn,D), n =1,..,Np(). Les ancres émettent ensuite des sig-
naux dans le réseau avec la méme puissance initiale. De ce fait, on mesure les RSSIs
aux positions de référence notées par

£P (c)n — (£P (OENEERS £P (c),n,NA) 5 (A5O)

o €p (¢)n,; €St la puissance émise par 'ancre ¢ et reque a la position de référence p(.) ,
du cluster ¢. Telle configuration conduit alors & une base de données de fingerprints
composée de N¢ bases locales, ayant chacune Np () couples comprenant les positions de
référence avec leurs vecteurs de RSSIs (p(c)m, &p (C)vn), n=1,.,Npgetc=1,.. Nc.

Chaque base locale de fingerprints est stockée dans la téte de cluster correspondant, pour
étre utilisée aprés avec les données en ligne afin d’effectuer la localisation.

A.4.2 L’algorithme clusterisé

Une fois que la configuration clusterisée est effectuée, ’algorithme procéde & I'estimation
utilisant a la fois les fingerprints et et les lectures inertielles. Dans ce qui suit, le probléme
est résolu & l'aide de la théorie des intervalles et du filtre de Kalman.
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A.4.2.1 Estimation par fingerprints

Un neeud j en mouvement collecte les signaux émis par les ancres et mesure leurs RSSIs,
obtenant un vecteur de RSSIs,

Exi(t) = (Exja(t), - Exna(t), j€{L, ... Nx}. (A.51)

Il envoie par la suite son vecteur de RSSIs aux tétes de cluster dans sa portée de
communication. Soit I¢ j(t) I'ensemble des indices de toutes les tétes de cluster recevant
les RSSIs du neeud j a l'itération ¢. Afin de localiser le noeud j, chaque téte de cluster
appartenant a I ;(t) applique 'algorithme des K plus proches voisins. Les K positions
de référence donnant les K plus petites distances [[€x ;(t),€p ()l sont selectionnées.
Soit Ip(e),;(t), ¢ € Ic;(t), 'ensemble des indices de ces positions de référence. En
conséquence, chaque téte de cluster calcule une estimée locale de la position du nceud
j comme suit,

Z(e),(t) = Z We)jm )Py, € € Ioj(t), (A.52)
nEIp(C),]-(t)

oll W(e) jn(t) est le poids associé a la position de référence p(.) , pour I'estimation de la
position du nceud j & l'instant ¢, donné en termes de distances inversées par

1€x (), €p (o) nll ™

W(eyjn(t) = vt (A.53)
(©hd S et 50 16x 10, €p (0l
ou en termes de fonction exponentielle comme suit,
exp (~alléx ;(0):€p 0l
We),jn(t) = (A.54)

S et 0 &P (—all€x ;1) €p (0l

Les estimées locales @) ;(t) sont ensuite combinées pour obtenir I’estimée finale en
considérant les poids de chaque cluster. Les poids liés aux clusters, dénotés par )\(c),j(t),
sont déterminés par les puissances () j(f) & la réception des signaux émis par le noeud
7 et recus aux tétes de cluster ¢, comme suit,

exp §H c ,'(t)
Aoy(t) = (r0s®) (A.55)
ZuEch(t) exp (é.H (u),j (t))
D’ou, la premiére estimée globale pour le nceud j & litération t est donnée par
&)= > Noi(O&e,(k), je{l..,Nx}. (A.56)

c€lc ;(t)

La combinaison se fait & 'une des tétes de cluster voisines au noeud.
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A.4.2.2 Estimation par mobilité

La deuxiéme estimée peut étre obtenue similairement a la méthode centralisée. Pour-
tant, nous souhaitons dans cette section 1’étendre au cas de rotation du nceud. En
d’autres termes, en utilisant les mesures d’accélération directement, la méthode sup-
pose que le nceud ne peut pas tourner, et donc que le systéme de coordonnées du nceud
reste le méme que le systéme de coordonnées global du réseau. Cependant, les nceuds ont
bien la possibilité de tourner en se déplacant. Pour surmonter ce probléme, les nceuds
devraient étre équipés de gyroscopes, qui donnent leurs orientations par rapport au sys-
teme de coordonnées global. En 3D, un nceud possede trois angles de rotations, 9,(t),
;(t) and ¢;(t), notamment celui d’autour du troisiéme, du premier et du deuxiéme axe
du systéme de coordonnées global respectivement, comme illustré dans Figure IV.2.
Soit 7} 1, 7} o €t 7} 5 les accélérations mesurées au noeud j a l'instant ¢ dans son systeéme
de coordonnées. Alors les accélérations v; 1, vj2 et ;3 dans le systéme de coordonnées
global sont obtenues par

/
Yj.1 Tj.1
/
V4,2 = %(§]a¢]a ¢]) 7]',2 ’ (A57)
i3 Vi3
ot la matrice de rotation 3D est donnée par
cos Y cos ¢ —sin ¥ cos ¢; sin ¢;
cos¥; sin®; sin ¢; + sindj cosy;  —sind;siny; sin ¢; + cos ¥ cosyP;  — sin ), cos @;
—cosvjcosjsing; +sindd;siny;  sind; cos;sin ¢, 4 cosV; sin P cos 1 cos ¢
(A.58)

En 2D, la rotation se produit uniquement dans le plan avec ’angle de rotation ¥; étant
donné que ¢; = 1; = 0, ainsi les accélérations dans le repére global sont obtenues par

vi1\ _ [ cosd; —sind; Vi1 (A.59)
= ) J . .
V5,2 Sin 19]' COS 19]' ’yj,2
Ainsi & chaque instant, le nceud mesure ses accélérations et ses orientations a 1’aide de
son accélérometre et son gyroscope. Ses accélérations dans le repére global sont ensuite
calculées pour étre utilisées par la suite dans les équations de mobilité afin d’obtenir la
deuxiéme estimée de position :f:j(t)
Dans ce qui suit, nous illustrons la fagcon de combiner les deux estimées, & ’aide de la

theorie des intervalles ainsi que le filtre de Kalman.

A.4.2.3 Résolution par la théorie des intervalles

La solution par intervalles tient & calculer la premiére estimée de position utilisant les
RSSIs en termes de boite, & corriger ensuite par la deuxiéme estimée aussi en termes de
boite utilisant les informations d’inertie.

Soient [€p (o) n)s ¢ = 1,...,Nc et n = 1,..., Np(c), les boites de puissance de référence
définies similairement & la méthode centralisée a ’aide de I'incertitude 4=0¢. De la méme
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maniere, [€x;|(t), j = 1,..., Nx, dénotent les boites de puissance en ligne. D’aprés
les distances en termes intervalles [|[{y ;](2),[€p () .]ll; les K indices de positions de
référence donnant les plus petis centres des intervalles sont sélectonnés afin de définir
Pensemble Ip () j(t). Les estimées locales [#) ;](¢) sont redonnées par,

[i:(c),j](t) = Z [W(c),j,n] (t)p(c),n’ ce ICj(t)’ (A6O)
nelp (c),j(t)

employant les poids [w(.) ; »](t) en termes d’intervalles. Alors, la premiére estimée glob-
ale en boite pour le nceud j est donnée en comptant les poids en intervalles [A) ;](t)
par

@10 = 3 D@0, j€ {1 Nxb. (A.61)

celc ;(t)
La deuxiéme estimée en boite peut étre obtenue en introduisant une incertitude £d,
aux accéléraitons. L’estimation [:i'j](t) peut étre reformulée a 'aide de 0, en termes
des intervalles de la méme fagon que dans la section A.3.
Ayant les deux estimées en termes d’intervalles pour le nceud j & l'itération ¢, on peut
calculer 'estimée finale par l'intersection des deux boites & chaque instant comme ci-
dessous,
@5](t) = [&1(0) N & )(¢). (A.62)

L’estimation de la position exacte est aussi donnée par le centre de la boite estimée.

A.4.2.4 Résolution par le filtre de Kalman

La combinaison peut également étre effectuée en utilisant le filtre de Kalman, qui permet
une estimation linéaire sur la base du critére des moindres carrés [Kalman 1960|. L’état
inconnu est ici défini par la position du nceud @ ;(t) et sa vitesse v/;(t), en d’autres termes
état X;(t) est donné par (z;(t)Tv;(t)T)T. L’idée de base du filtre de Kalman est de
prédire I’état inconnu en utilisant les équations de mobilité, employant les accélérations,
puis de le corriger en utilisant les observations, définies ici par la 17 estimation globale
obtenue en utilisant les fingerprints. Le probléme d’aprés Kalman est alors donné par

X;(t) = AXG(t = 1) +u;(t) + ¢(1),

©; (1) = CX(t) +¢;(1),

(A.63)

ot (j(t) ~ N(0,V) est le bruit du modele d’état ayant une distribution normale a
moyenne nulle, avec la matrice de covariance V' de taille (2D x 2D), et €;(t) ~ N (0, R)
est le bruit de I’équation d’observation ayant une distribution normale & moyenne nulle,
avec la matrice de covariance R de taille (D x D).

Dans notre contexte, nous définissons la matrice de transition d’état A et le vecteur
d’entrée de commande bruitée u;(t) selon les modéles de mobilité. La matrice d’observation
C' est une matrice de taille (D % 2D) donnée par la matrice identité Ip complétée par
des zéros. Ayant défini les paraméres des équations du filtre de Kalman, nous pouvons
alors procéder a la phase de prédiction en utilisant I'estimée précédante et 1’équation
d’état et a la phase de correction & I’aide de 1’équation d’observation.
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A.4.3 Analyse et simulations

Nous présentons ici les performances de la méthode proposée. Pour cette raison, nous
considérons une zone de surveillance en 2D de dimensions 100m x 100m, divisée en
N¢ clusters qui sont tous égaux, avec les tétes de cluster a leurs centres. N4 ancres et
Np positions de référence sont distribués réguliérement dans le réseau, produisant %—Z
positions de référence dans chaque cluster. Les vecteurs RSSI sont également données
par le modeéle de perte du canal [Medeisis et Kajackas 2000b] comme suit,

P (¢).n,i = §o — 10nplogyg [lai, Py ull;
Exi(t) = §o — 10nplogy [lai, z(1) |, (A.64)
a1 (o) (1) = &0 — 10nplogyg [lh(ey), z(1)]]-

Des bruits gaussiens avec I’écart-type o¢ sont ajoutés a tous les RSSIs présentés ci-
dessus. Des bruits gaussiens avec les écarts-types o, et oy sont également ajoutés
respectivement aux valeurs d’accélérations et aux angles en cas de rotation.

A.4.3.1 Illustration générale

Figure IV.7 montre les trajectoires estimées par intervalles et Kalman ainsi que leurs
boites estimés dans le cas ou Ng = 4, Ny = 16, Np = 100, K = 3, a = 2, 0y =
0.01m/s* et o¢ = 1dBm. Table IV.1 montre les erreurs d’estimation en métres et
le temps de calcul moyen en millisecondes par itération. Comme on s’y attendait, la
méthode combinée conduit & des résultats plus précis au prix de ’augmentation du
temps d’estimation, qui reste quand méme trés faible. Le tableau montre également
que le modele de troisiéme ordre effectue des meilleurs résultats que les autres. Dans ce
qui suit, nous considérons les modéles du deuxiéme ordre et du troisiéme ordre dans la
méthode proposée et celle basée uniquement sur les accélérations.

A.4.3.2 Impact des paramétres

Comme a ’analyse de la méthode centralisée, nous étudions également les impacts de
tous les parameres, K, N¢, Na, Np, a, 04 et o¢ en comparant les erreurs et le temps
de calcul a la fois, entre les deux modeéles de mobilités. Les résultats sont illustrés dans
Figure IV.9 - Figure IV.14. En observant les résultats, nos deux approches dépassent les
autres méthodes en particulier avec le modéle de mobilité du troisiéme ordre. Notons
également que les simulations avec K = 3, Ng = 4 et @ = 2 donnent de meilleurs
résultats; nous les fixons alors & ces valeurs pour les simulations suivantes. L’erreur
d’estimation par rapport a N4 et Np diminue avec 'augmentation du nombre, au
détriment du temps de calcul qui augmente légérement.

Par ailleurs, avec I'augmentation des écarts-types des bruits, les erreurs augmentent
également. Nous explorons par la suite la performance par rapport aux différentes dis-
tributions des bruits comme indiqué dans Table IV.2. En particulier, nous considérons
le cas de rotation en 2D avec I’écart-type du bruit d’angle de rotation oy, les résultats
étant indiqués dans Table IV.3. D’apreés ces résultats, la méthode donne de bons ré-
sultats méme avec différentes distributions du bruit d’accélération et aussi dans le cas
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de rotation. En outre, ’approche fondée sur Kalman est légérement plus performante
que celle basée sur les intervalles, en particulier avec le modeéle de mobilité de troisiéme
ordre.

A.4.3.3 Comparaison a d’autres méthodes

Il existe une variété de méthodes de localisation proposées dans la littérature. Dans
Table IV.4 et Table IV.5, nous effectuons une comparaison de notre méthode & des
méthodes basés sur 'estimation de la distance inter-capteurs, telles que les algorithmes
appliquant la latération, le min-max [Priwgharm et Chemtanomwong 2011] ou le fil-
tre particule [Farmani et al. 2012] en variant le bruit o¢ et le nombre d’ancres Ny
respectivement. Evidement, notre méthode dépasse la précision des autres méthodes.
Nous procédons ensuite & une comparaison a une méthode basée sur les connectivités
utilisant 1’approche de Monte-Carlo [Baggio et Langendoen 2006b]. Pour cette raison,
fixons Ny = 49, Np = 196, 0., = 0.001m/s* et o¢ = 0.1dBm. Du coté de Monte-Carlo,
nous prenons le nombre de particules N = 100 et la portée de détection r = 15m.
La méthode basée sur les connectivités donne une erreur d’estimation de 3.7989m, a
comparer & 1.0554m et 0.9031m avec notre méthode proposée par intervalles et Kalman
respectivement. Le temps de calcul passe de 2.167ms, a 0.1609ms et 0.1547ms avec
notre méthode. Figure IV.15 montre les erreurs d’estimation relatives, ainsi que le
temps de calcul, de notre méthode a base de Kalman sur celle basée sur les connectivités
par rapport au nombre d’ancres dans le réseau avec Np = 100 (le seul parameétre qui
change).

Enfin, la méthode proposée est comparée a des méthodes utilisant les fingerprints, tels
que les algorithmes du plus proche voisin (NN), des K plus proches voisins (KNN)
[Navarro et al. 2010; Chuenurajit et al. 2013], Fuzzy K voisins les plus proches (FKNN)
[Rozyyev et al. 2012|, Fuzzy Clusters (FC) [Liu et al. 2012|, Fuzzy C-Means clustering
(FCM) [Suroso et al. 2011], ainsi que les méthodes basées sur les réseaux de neurones
(NNet) |Gogolak et al. 2011], les Support Vector Machines (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 ces diverses méthodes en variant 1’écart-type du
bruit RSSI o¢, le nombre d’ancres N4 et le nombre de points de référence Np respec-
tivement. Parmi ces nombreuses méthodes, nos méthodes proposées sont considérées
généralement supérieures que les aures en terme de précision d’estimation de localisa-
tion.

A.5 Extension au zonage

Dans les applications de scénarios indoors, on cherche parfois & déterminer la piéce ou la
zone ol un object réside, au lieu de connaitre sa position précise. Ce type de localisation
s’appelle zonage, dit aussi localisation au niveau de la piéce. Le zonage sert aux taches
de surveillance de I’habitat, les détections&rapports des constructions intelligentes et
au suivi de cibles [Stojmenovic 2005; Schiller et Voisard 2004; Krisp 2013]. Beaucoup de
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travaux se dirigent vers la localisation par zonage, nous en citons les méthodes basées
sur un trigger d’entrée [Noury et al. 2002; Lo et al. 2012], les méthodes basées sur les
RSSIs et la compensation path-loss, ou le chemin restreint [D’hoe et al. 2008; Chiu et al.
2009], ainsi que les méthdes trés connues basées sur les probalibités et la classification
par SVM [Castro et al. 2001; Hotta et al. 2012].

Dans cette section, nous proposons une approche originale effectuant du zonage, basée
sur la technique de la reconnaissance de zone basée sur les fingerprints, ainsi que
I'information de mobilité. Le probléme d’estimation est résolu a 'aide des intervalles
et de la théorie des fonctions de croyance, qui nous permet de désigner des facteurs de
confiance & toutes les solutions possibles.

A.5.1 Théorie des fonctions de croyance

Les facteurs de confiance sont introduits par la théorie des fonctions de croyance (TFC,
ou the Belief Functions Theory, BFT), dite aussi la thérorie de Dempster-Shafer (the
Dempster-Shafer theory) [Shafer et al. 1976; Dempster 1967|. Celle-ci est complétée par
un cadre connu sous le nom du Modéle des croyances transférables (Transferable Belief
Model, TBM) [Smets et Kennes 1994|, considéré comme un outil mathématique effec-
tuant la fusion de données issues de sources différentes telle que la fusion d’informations
multi-capteurs [Denoeux 1997; Lefevre et al. 2002; Ristic et Smets 2005]. Dans notre
application, elle nous permet de combiner toutes les possibilités en considérant les con-
fiances associées aux zones estimées des noeuds.

A.5.1.1 Description de la théorie

Considérons un systéme quelconque dont on cherche & déterminer I’état x défini dans
le domaine Q = {wy,...,wy}. Q est connu sous le nom de cadre de discernement avec
{wi} discretes. L’ensemble des parties de € est noté par,

29 = {0, {w1}, ..., Q}. (A.65)

Toutes les mesures concernant I’état x sont considérées comme des sources d’informations
dans la TFC. Ces sources offrant des confinances peuvent étre représentées de différentes
maniéres dans le cadre du TBM, dont la plus utilisée est la Fonction de Masse de Croy-
ance (FM), notée généralement m¥, et donnée par

m: 2% = [0,1], A — m¥(A), satisfaisant,

A.66
S penm@(A) = 1, (4.66)
ou S représente la source d’information dont est issue mg La masse mg(A), correspond
a la croyance accordée par la source S a ’hypothése selon laquelle I’état x existe dans A.
Tous les sous-ensembles A de § satisfaisant m®(A) > 0 sont appelés ensembles focaux.
Notez que, dans le cas de 2 = R, ou 2 = R" les éléments focaux 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 différentes sources sont disponibles, on peut les
intégrer par des opérateurs de combinaison permettant d’obtenir une information plus
fiable et concentrée sur I’état recherché [Smets 1993|. Soient m; and mo deux FMs issues
de deux sources distinctes et fiables S; and So. Une régle de combinaison conjonctive,
notée CRC (Conjunctive rule of conbination) est définie comme suit,

m1@2(A) = (ml@mQ)(A) = Ei’j‘Biij:Aml(Bl-)mQ(Cj), \V/A g Q (A67)

Notez que la régle de CRC est commutative et associative. Si les sources d’informations
sont conflictuelles, ils peuvent en résulter des intersections vides. La définition de
m1®2(-) peut étre suivie par une procédure de normalisation afin d’obtenir une FM

dont la somme est égale & un.

En outre, la régle de combinaison disjonctive (DRC, Disjunvtive rules of combination)
est alternativement utilisée pour combiner deux FMs distinctes dans le cas ol au moins
une est fiable. La combinaison des deux FMs m; et ms selon la DRC est donnée par

m1©2(A) = (ml@mg)(A) = Ei,j\BiUC~:Am1(Bi)mQ(Cj)a VA g Q. (A.68)

Notez que la FM obtenue par CRC est plus informative que m; et mso en raison que
la régle transfére les masses des éléments focaux vers des ensembles de cardinalité plus
petite. Par contre, la FM obtenue de la DRC est moins informative en raison d’un effet
de généralisation.

Au sujet de la prise de décision, plusieurs régles de décision sont utilisées, telles que le
maximum de masse de croyance, le maximum de plausibilité, le maximum de probabilité
pignistique, etc [Denoeux 1997]. Citons un exemple de la probabilité pignistique notée
par BetP, qui est une distribution de probabilité calculée a partir de m® en utilisant
la transformation pignistique [Smets et Kennes 1994]. Soit m®® une FM associée a Q et
Ay, ..., A, les ensembles focaux de m®. La transformation pignistique consiste & répartir
uniformément la masse des ensembles A;,7 € 1,...,r comme suit,

m®(4)

m A% (A.69)
| Aq

BetP(wi) = Y 4,c0meA,

ou |A;| dénote le cardinal de A;. Dans le cas ou 2 = R, les éléments focaux sont en
termes des intervalles [z]i, ..., [z],, alors la probabilité pignistique est redonnée par la
fonction de densité comme suit,

m([z;
BetP(z) = I (@M

(@)= (A.70)

ol Iy, (z), la fonction indicatrice, explicite 'affiliation de = & [z]; avec I, (z) = 1 ou
non avec Ij,, (z) = 0. |[x];] est la largeur de l'intervalle [z];.

i
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A.5.2 Algorithme de zonage

Dans le cadre du zonage, nous collectons les informations de fingerprints ainsi que
les informations d’inertie dans le réseau composé de zones indépendantes, telles que des
bureaux, des salles de classes, des ateliers ou des couloirs, l’'objet & localiser se déplagant
librement & travers toutes les zones. Les informations sont utilisées pour addresser le
probléme du zonage a ’aide de la théorie des intervalles [Jaulin et al. 2001a] et la théorie
des fonctions de croyance [Smets et Kennes 1994].

A.5.2.1 Configuration du réseau

La méthode proposée est une technique centralisée basée sur les mesures de RSSIs des
signaux émis par les ancres. Considérons une région de surveillance de R” composée
de Nz zones indépendantes ayant toute les mémes dimensions. Les zones sont dénotées
par un attribut de D éléments (21,...,2p), oit 24 € {1,...,nz,} désigne le numéro de
la zone projetée sur la direction d, d € {1,...,D}, avec ngz, la valeur maximale de z4
et Ny = Hgif) nz,. Comme la méthode centralisée de localisation, nous considérons
dans le réseau les ancres a; = (a;1,...,aip), ¢ € {1,...,Na}, avec les nceuds mobiles
zi(t) = (xj1(t), .-, zip(t)), j € {1,..., Nx}. Pour déterminer l'attribut 2z (t) =
(221 (t); s 22, 5 (t)) de la zone ou le nceud j se trouve ‘a I'instant ¢, nous effectuons
la collection des données de fingerprints par avance en introduisant les Np positions
de référence py = (p1,-.-,Pk,p), k € {1,...,Np}, avec leurs attributs de zones zp, =
(%pp1s s 2pp)s k €1,...; Np. Un exemple du réseau de 2 dimensions ayant neuf zones
est illustré dans Figure V.2, ou ngz, =nz, = 3.

Les ancres émettent par la suite des signaux radios dans le réseau avec la méme puissance
initiale. La base de données des RSSIs est ainsi construite en mesurant les RSSIs
£pk,i & la réception aux positions py, k € {1,..., Np}, des signaux émis par les ancres
a;, i € {1,...,Na}. Notons le vecteur de RSSIs € p, de taille N4, collectées & la position
Pk, alors

Epk - (fpk,la "'7€Pk,NA)7 ke {17 "'7NP}' (A?l)

En conséquence, la base de données de fingerprints est composée de Np couples (§p ., Zp, ),
ou les attributs de zones des points de référence sont considérés et non pas leurs posi-
tions exactes. Ceci facilite la construction de la base de données, & comparer avec les
méthodes précédentes.

A.5.2.2 Zonage par fingerprints

Comme la méthode centralisée, lorsque nceud j se déplace a travers le réseau, il mesure
les RSSIs des sigaux regus des ancres, désignés comme suit,

Exi(t) = (xja(t), - Exjna(t), 5 €{L,.... Nx}. (A.72)

Les K points de référence fournissant les K plus petites distances de puissance €y ;(t), & pyl,
k€1,...,Np, sont sélectionnées. Soit I;(t) ’ensemble de leurs indices. L’estimation de
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zone est par la suite calculée en utilisant les attributs de zones des postitions sélection-
nées comme suit,

g = Y wik(t)zp,,» d€{1,.., D}, (A.73)
kel;(t)

ot wj x(t) est le poids calculé par la version a l'inverse des distances euclidienne donnée
dans le chapitre III, en prenant a = 2.

Les quantités 2, ,(t), d € {1,..., D}, sont les estimées des coordonnées de zones selon les
directions d de la région de surveillance de D dimensions. Cependant, 2, ,(t) obtenue
n'est pas forcément un nombre entier. Pour cette raison, nous introduisons z, ,(t) et
Zz; ,(t) qui représentent les entiers respectivement précédant et suivant 2, ,(t). Alors
Zy; 4(t), Pestimée entiere de la vraie coordonnée de zone z;, ,(t) du nceud j a I'instant
¢ est redonnée par deux valeurs %, ,(t) € {z,,,(t),Zs, ,(t)}. La combinaison des dif-
férentes valeurs de Z;, ,(t) fournit 2D attributs estimés pour la vraie zone du nceud.
Basée sur la TFC, 'approche proposée consiste alors & supposer le calcul par finger-
printing comme une source d’information, donnant une fonction de masse my ;(-) ayant
2P attributs ou éléments focaux. Soit Zg (t) = (Z4,, (), ..., Z2, , (1)) I'un des estimés,
alors my j4(-) est définie par

d=D

mygjzt zwy H |Zm d ) éxj,d(t)‘)' (A74)
d=1

Notamment, la quantité my (iwj (t)) représente la croyance allouée a l’estimée de
attribut de zone 2, (t). Plus1'élément 2, ,(t) est proche de 2, ,(t), plus {Emj,d(t) — 2z, 4
est petite, et donc plus la croyance accordée a z;, , (t) devrait étre grande. L’estimation
en utilisant les fingerprints est & combiner avec celle issue de I'accélérometre afin d’affiner
les choix.

A.5.2.3 Zonage par mobilité

Les boites de positions [&;](t) sont générées au fur et a mesure de la méme facon que
dans la section A.3.2.1. Les estimées de la zone du nceud j a linstant ¢t sont alors
obtenues en intersectant [2;](¢) avec toutes les zones de la région de surveillance. Nous
définissons ici la deuxiéme fonction de masse m. ;:(-), dont les éléments focaux sont
les attributs des zones ayant une interssection avec [€;](t), avec leurs masses associées
définies en fonction de la surface de I'intersection entre [&;](t) et chaque zone, comme
illustré en détail dans la Figure V.3.

A.5.2.4 Combinaison

Une fois les deux fonctions de masses obtenues, il nous reste la procédure de combinaison
en utilisant la régle conjonctive. Premiérement, les attributs de zones estimés par fin-
gerprints sont pris en intersection avec ceux de 'accélérométre. Ensuite, les masses liés
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aux attributs résultants sont obtenues par la multiplication des masses correspondantes
comme suit,

mnjt (iw]- (t)) =Mgijt (291:]- (t)) * Moy gt (5:cj (t)) > (A-75)

Ol Zg, (t) = (Ze;, (1), .. 22, , (t)) est Dattribut de zone compris parmi les zones estimées
par fingerprints et accélérometre. Notez que dans le cas de conflit entre my;,(-) et
M ji(-), le calcul de mn () doit étre suivi par une phase de normalisation pour que
¥mn;+(-) = 1. La fonction de masse globale posséde alors une ou plusieurs zones
avec des confiances leur correspondant. Plus la masse d’une zone est grande, plus la
possibilité d’avoir le nceud j dedans est grande. Une liste de zones possibles est alors
fournie, avec un ordre de priorité qui est le sens descendant de leurs masses.

A.5.3 Analyse et simulations

Les performances de notre méthode de zonage sont illustrées dans cette partie. Pour
cette raison, nous considérons une région sous surveillance de 100m x 100m composée
de Nz zones ou les ancres et les positions de référence sont déployées uniformément.
Les données de deux signaux d’accélérations et la trajectoire sont simulées de la méme
maniére que précédement; elles sont montrées respectivement dans Figure V.4 et Fig-
ure V.5 avec 16 ancres et 81 positions de références. Les valeurs de RSSIs, py; et
&x;(t) sont également géneérées en utilisant les distances ||a;, px||, ou ||a;, z(t)|| selon
le modeéle de perte du canal, avec la puissance de transmission £ = 100dBm mesurée
a la distance dy = 0.1m. On ajoute aux RSSIs des bruits gaussiens e¢ 1 ; et eg,(t)
de moyenne nulle et d’écart-type o¢. On ajoute également aux accélérations un bruit
gaussien €., (t)de moyenne nulle et d’écart-type o, comme suit,

Ya(t) = Fa(t) +e4,(t), d=1,2. (A.76)

A.5.3.1 TIllustration génénale

Pour démontrer la performance de notre méthode, nous prenons Ny = 16, Np = 81,
Nz =9et K =3. Avec Ny =9, nz, = ng, = 3. o¢ est réglé de 1% a 10% de
'écart-type de la base de donnée des RSSIs £p et £y, et o est également réglé de 1%
a 10% de I’écart-type de l'accélération ~. 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 neeud avec des valeurs différentes de o¢ et o,. Il est clair que la méthode proposée
donne de bons résultats méme avec des bruits grandissants.

A.5.3.2 Impact des paramétres

Nous explorons ensuite les impacts des parameéres, tels que le nombre des zones Ny,
le nombre de positions de référence Np, le nombre des ancres N4 et les écarts-types
des bruits o, et 0. En utilisant la trajectoire de Figure V.5, les résultats obtenus sont
montrés dans Table V.2 ~ Table V.6. A partir des résultats, I’erreur d’estimation par
rapport & N4 et Np diminue avec 'augmentation du nombre, au détriment du temps de
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calcul qui augmente légérement. Par contre, I'erreur d’estimation par rapport & Nz, o,
et o¢ augmente avec ’augmentation de leurs valeurs. Toutefois, notre méthode améliore
la précision de zonage par rapport a l'utilisation d’un seul type de mesures, pour tous
les deux cas avec 1 zone proposée et 2 zones.

A.5.3.3 Comparaison aux méthodes de classification par SVM

Le probléme du zonage peut étre vu comme un probléme de classification, ot I'on
cherche & déterminer la classe ou zone d’appartenance du nceud mobile. Une technique
de classification universelle est connue comme le support vector machine (SVM) basée
sur les noyaux [Sangnier et al. 2013; Tsochantaridis et al. 2004]. De ce point de vue,
nous comparons notre méthode proposée et celle basée sur les SVM & noyaux, ainsi
que celle des SVMs structurés [Alain Rakotomamonjy 2008; Thorsten Joachims 2008].
Table V.8 montre les résultats de simulations en termes de taux de bonnes réponses
sur les 100 positions du noeud pour 50 tentatives. D’apreés ces résultats, la méthode de
fingerprinting et la méthode combinée dépassent en performance les méthodes de SVM.
En outre, le fait de fournir un second choix de zones réalise un taux de quasi-100% dans
le cas ou le premier choix est erronné.

A.6 Conclusion et perspectives

La recherche sur les techniques de localisation dans les réseaux de capteurs sans fil a
été développé depuis une vingtaine d’années, fournissant toutes sortes d’idées, d’essais,
méme d’implémentation au cours de ces années. Ce manuscrit a présenté plusieurs
techniques d’estimation d’état pour les réseaux de capteurs sans fil, en utilisant les in-
formations de fingerprints et d’accélérations. Il a abordé les problémes de la localisation
indoor et du zonage dans le cadre de ’analyse par intervalles. Dans la suite, les méth-
odes de localisation proposées sont briévement révisées, suivies par les perspectives de
nos travaux.

A.6.1 Conclusion

Les méthodes proposées se situent autour du concept de l'incertitude sur les positions
estimées. Elles visent & rassembler toutes les estimations de positions dans une boite
incluant stirement la vraie position du capteur. Elles sont résumées comme suit,

e Ce manuscrit commence avec une configuration de réseau relativement simple ou
une localisation centralisée est autorisée & étre mise en ceuvre. Dans ce réseau, il
existe deux types de capteurs, des ancres avec des positions connues et des nceuds
mobiles avec des positions inconnues. En utilisant les positions de référence, la
méthode de fingerprintings localise alors le nceud mobile en utilisant la puissance
du signal recu et la reconnaissance de formes de position. En méme temps, les
neeuds mobiles équipés d’accélérométres fournissent également des informations
de mobilité, telles que les accélérations. Selon les modeéles de mobilité proposées,

177



A. APPENDIX: RESUME EN FRANCAIS

les positions de nceuds sont facilement calculées. En considérant les bruits inévita-
bles existants & l'intérieur ou & l’extérieur, les estimations exactes sont indéter-
minées. La méthode proposée introduit alors l'incertitude sur les mesures, les
puissances des signaux et les accélérations, conduisant & des estimations en boites
dans laquelle les positions réelles sont supposées incluses. Ayant deux boites de
positions estimées, chacune déduite d’un type de mesures, la méthode proposée en
prend l’intersection réduisant par conséquent la gamme de possibilités. La boite
mise & jour sert alors a la localisation dans la prochaine estimation.

e Un systéme de localisation clusterisée est également développé. Il se distingue
par la configuration du réseau par rapport & la méthode centralisée. FEn effet,
il procéde & la collection de fingerprints dans un cadre clustérisé, ou la zone de
surveillance est divisée en plusieurs blocs individuels avec des agents individuels
ou centres de calcul. Les estimations excecutées aux agents individuels conduisent
a plusieurs estimations locales des emplacements des noeuds. Leur combinaison
utilisant les poids des blocs conduit & une estimation globale. Ce régime considere
en outre les informations inertielles des nceuds , fournies par les accéléromeétres et
les gyroscopes, en considérant la rotation du noeud, ce qui se produit normalement
lorsque les nceuds se déplacent ou méme restent statiques. A part la solution
par I'analyse par intervalles, nous proposons une méthode basée sur le filtre de
Kalman utilisant respectivement les informations de RSSIs et d’accélérations pour
I’observation et la prédiction.

e Le zonage, ou localisation par piéce, est considéré dans la derniére partie. L’idée de
localisation proposée est étendue au cadre du zonage, ou la surface de surveillance
entiére est divisée en plusieurs zones, ou en unités. L’objectif est de retrouver
la zone a laquelle appartient ’objet mobile. De méme que pour la localisation
centralisée, le procédé de zonage effectue la collecte de fingerprints sur toutes les
zones, et puis applique ’algorithme des K plus proches voisins en utilisants les
RSSIs du nceud mobile. Au lieu d’utiliser les positions de voisins, ’algorithme
proposé utilise leurs attributs de zones pour faire estimer les zones concernées.
En méme temps, les nceuds déduisent leur addresses de zones en utilisant les
informations inertielles et la technique d’analyse par intervalles. En ajoutant une
incertitude sur les valeurs d’accélérations mesurées, la position calculée s’avére
étre aussi en termes d’intervalles, & savoir boites avec certaines surfaces sur des
zones spécifiques. En utilisant la théorie des fonctions de croyance, les mesures
conduisent & des ensembles de zones possibles, avec des facteurs de confiance
associés. La combinaison selon la régle conjonctive rétrécit les possibilités de zones
ou les nceuds résident. En général, la méthode de zonage proposée offre deux choix
de zones estimées dans un ordre spécifique, assurant un taux de bonnes réponses
de plus de 90% pour le premier choix, et jusqu’a 100% pour le deuxiéme choix
quand le premier est erronné.

Les performances des méthodes proposées sont analysées avec différents réglages de
parameétres. Elles sont également comparées & d’autres méthodes avec diverses con-

178



A.6 Conclusion et perspectives

figurations de réseaux. D’une maniére générale, les méthodes proposées réalisent une
meilleure précision de localisation et un cotit de calcul plus faible dans la plupart des
cas. Toutefois, les désavantages existent, et restent & étre discutés dans la suite.

A.6.2 Perspectives

Les méthodes de localisation proposées visent & localiser un nceud mobile aussi précisé-
ment que possible mais avec un temps et une consommation d’énergie aussi faibles que
possible. Le concept de combinaison de différents types d’informations et I'analyse par
intervalles fournissent une solution possible pour réaliser cet objectif. Cependant, les
méthodes proposées ont encore quelques aspects a améliorer et travailler & ’avenir.

e Sélection du KNN : Il existe parfois des cas ou les K plus proches voisins sélec-
tionnés ne soient pas les bons. En d’autres termes, certaines des positions les plus
proches géographiquement sont exclues de ’ensemble des voisins quand ils sont
trop prés d'une ancre par rapport aux autres comme indiqué dans la Figure V.6.
Ce probléme entraine un léger biais dans ’estimation de la position finale pour
le probléme de localisation. Il pourrait toutefois donner une adresse fausse au
niveau du zonage. En fait, ceci est issu de la nature de la relation logarithmique
existante entre les RSSIs et les distances séparant deux capteurs. Pour remédier
A ce probléme, on pourrait travailler sur I’optimisation des positions de référence
par rapport aux ancres a l'avance.

e Calculs sur les intervalle : Comme discuté dans la section A.3 lors du calcul
des facteurs de poids, il existe certains problémes sur 'opération de division en
termes d’analyse par intervalles. D’une part, il n’est par possible de diviser par
un intervalle comprenant le zéro, sinon ceci conduit & une valeur de poids infinie.
Une question similaire reléve aussi des incertitudes ¢, et d¢. En fait, il existe un
compromis entre 'incertitude et la précision des estimations finales. Se elles sont
beaucoup plus petites que les valeurs normales, les estimations en boite n’incluent
pas la position réelle pour certains points. Si, cependant, elles sont réglées pour
étre beaucoup plus grandes, les boites sont sans signification puisque elles seront
trop larges. Ces problémes restent donc & étre traités dans I’avenir.

e Choix entre les deux types d’estimées : Les algorithmes proposés considérent
I'intersection des estimées par fingerprinting et accélérations. Toutefois, si ces
données sont conflictuelles, I'intersection s’avére vide. Dans ce cas, les algorithmes
adoptent une stratégie de pick-up choisissant 1'une ou l'autres des estimations
individuelles. En pratique, on suppose que la méthode de fingerprintings est
plus fiable que la méthode d’accélérométre puisque un brusque changement au
cours des mesures des accélérations peut-étre conduit & un résultat inattendu.
Par conséquent, lorsque les boites estimées ne se croisent pas, les résultats de
fingerprintings seront adoptés. Toutefois, cette mesure fait parfois des erreurs
plus importantes. Il arrive aussi, méme quand l'intersection existe, d’obtenir
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une erreur finale plus grande que lerreur d'une des deux estimations. Ainsi, la
stratégie d’accepter ou de refuser le résultat reste a étre discutée.

e Probléme de zonage : L’algorithme proposé suppose que les zones sont égales,
ce qui permet d’adresser le probléme en utilisant 'algorithme de KNN sur les
zones de référence. Cependant, dans les vrais scénarios, les zones sont les piéces,
les bureaux, les couloirs ou autres, ayant des architectures et des dimensions dif-
férentes. Une solution possible consiste a diviser I’espace entier en zones égales,
indépendamment de 'architecture globale, ou choisir les dimensions spécifiques
pour les zones, ce qui permet une subdivision de toutes les piéces en zones égales.
Les travaux futurs dans le cadre du zonage porteront sur le probléme de la clas-
sification ou la structure quelconque de I’espace pourrait étre manipulée.
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Localisation indoor dans les réseaux de
capteurs sans fil

Ce manuscrit est dédié a la résolution du probléme
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-
miéres s'attaquent aux valeurs de RSSI entre cap-
teurs tandis que les deuxiemes prennent en considé-
ration la mobilité des capteurs mesurée a I'aide
d'accélérométres et de gyroscopes. La combinaison
des données collectées est effectuée dans le cadre
de I'analyse par intervalles, ou bien du filtrage de
Kalman. Les travaux proposés introduisent des mo-
déles de mobilité d'ordres un, deux ou trois, permet-
tant d'approximer au mieux les trajectoires des
capteurs a I'aide des accélérations mesurées. Ceux-
la sont couplés a I'algorithme des K plus proches
voisins, d'abord dans un systéme centralisé. En-
suite, les modéles de mobilités sont améliorés pour
prendre en compte les rotations des nceuds. 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 a déterminer les zones dans les-
quelles les capteurs résident. La méthode proposée
aborde le probléme de zonage en utilisant a la fois la
théorie des fonctions de croyance et I'analyse par
intervalles.

Mots clés : réseaux de capteurs (technologie) -
calcul sur des intervalles - accélérometres - estima-
tion, théorie de I’ - Kalman, filtrage de — gyroscopes.

Indoor Localization in Wireless Sensor
Networks

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.

Keywords: sensor networks - interval analysis
(mathematics) - accelerometers - estimation theory
- Kalman filtering - gyroscopes.
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