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Abstract

This thesis focuses on the problems of localization and gas field monitoring using wireless

sensor networks. First, we focus on the geolocalization of sensors and target tracking.

Using the powers of the signals exchanged between sensors, we propose a localization

method combining radio-location fingerprinting and kernel methods from statistical ma-

chine learning. Based on this localization method, we develop a target tracking method

that enhances the estimated position of the target by combining it to acceleration infor-

mation using the Kalman filter. We also provide a semi-parametric model that estimates

the distances separating sensors based on the powers of the signals exchanged between

them. This semi-parametric model is a combination of the well-known log-distance

propagation model with a non-linear fluctuation term estimated within the framework

of kernel methods. The target’s position is estimated by incorporating acceleration infor-

mation to the distances separating the target from the sensors, using either the Kalman

filter or the particle filter. In another context, we study gas diffusions in wireless sensor

networks, using also machine learning. We propose a method that allows the detection

of multiple gas diffusions based on concentration measures regularly collected from the

studied region. The method estimates then the parameters of the multiple gas sources,

including the sources’ locations and their release rates.

Keywords:� Sensor networks� Machine learning� Non-linear models� Signal processing� Kalman filtering
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Résumé

Cette thèse porte sur les problèmes de localisation et de surveillance de champ de gaz à

l’aide de réseaux de capteurs sans fil. Nous nous intéressons d’abord à la géolocalisation

des capteurs et au suivi de cibles. Nous proposons ainsi une approche exploitant la

puissance des signaux échangés entre les capteurs et appliquant les méthodes à noyaux

avec la technique de radio-cartographie dite fingerprinting. Nous élaborons ensuite une

méthode de suivi de cibles, en se basant sur l’approche de localisation proposée. Cette

méthode permet d’améliorer la position estimée de la cible en tenant compte de ses

accélérations, et cela à l’aide du filtre de Kalman. Nous proposons également un modèle

semi-paramétrique estimant les distances inter-capteurs en se basant sur les puissances

des signaux échangés entre ces capteurs. Ce modèle est une combinaison du modèle

physique de propagation avec un terme non linéaire estimé par les méthodes à noyaux.

Les données d’accélérations sont également utilisées ici avec les distances, pour estimer

la position de la cible, en s’appuyant sur un filtrage de Kalman et un filtrage particu-

laire. Dans un autre contexte, nous proposons une méthode pour la surveillance de la

diffusion d’un gaz dans une zone d’intérêt, basée sur l’apprentissage par noyaux. Cette

méthode permet de détecter la diffusion d’un gaz en utilisant des concentrations relevées

régulièrement par des capteurs déployés dans la zone. Les concentrations mesurées sont

ensuite traitées pour estimer les paramètres de la source de gaz, notamment sa position

et la quantité du gaz libéré.

Mots-clés :� Réseaux de capteurs (technologie)� Apprentissage automatique� Modèles non linéaires (statistique)� Traitement du signal� Kalman, Filtrage de
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A.4.1 Problématique . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 178
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2 Chapter 1. Introduction

Wireless sensor networks (WSNs) have become a major research field during the

last years. They are composed of a large number of tiny autonomous wireless sensors

that are spatially distributed and can communicate and exchange data. The sensors are

mostly battery powered; therefore, they have a limited lifetime, and hence all built-in

algorithms must focus on reducing energy consumption. Nowadays, WSNs are rapidly

gaining importance in a wide range of applications, especially in military, environmental,

and healthcare domains. This chapter first introduces wireless sensor networks, their

characteristics, limitations and applications. Next, the localization and tracking issues

in WSNs are discussed. The problem of detection and localization of a gas diffusion is

then presented as well. Finally, the main contributions of this thesis and the organization

of the manuscript are outlined.

1.1 Wireless Sensor Networks

Recent advances in electronics and wireless communication technologies, coupled with

the need to continuously monitor physical phenomena, have led to the emergence of

wireless sensor networks (WSNs). According to the MIT Technology Review, 2003,

WSNs are classified as one of the top 10 emerging technologies that will change the

world. Indeed, WSNs are likely to be transformative, compared to the traditional wired

networks. According to Freedonia Group report on sensors, 2002, the wireless sensor

market in 2001 was approximated to $11 Billion, while the wiring installation costs

were more than $100 Billion. In this section, we first describe the architecture of the

elements of a WSN, i.e., the architecture of the smart wireless sensors; then, we proceed

to the description of the characteristics and limitations of WSNs. Finally, we give some

examples of applications based on WSNs.

1.1.1 Smart sensors

Wireless sensor networks are networks of compact smart sensors with wireless commu-

nication capability [Akyildiz et al., 2002; Vieira et al., 2003; Sohraby et al., 2007]. These

small devices are relatively cheap and have the potential to be disseminated in large

quantities. Each sensor is capable of acquiring and processing data, and communicat-

ing with the neighboring sensors in order to constitute a network. A sensor is hence

composed of four major units, as follows:� The power supply: it is usually a non-renewable battery, whose purpose is to

power all the other blocks. If feasible, energy harvesters such as solar powered
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chargeable batteries are used to minimize the failure of sensors and maintenance

cost.� The sensing unit: it consists in the physical sensors, capable of sensing the

changes in a physical condition, such as temperature or pressure variations, hu-

midity, light, gas concentrations, etc. It also has an analog-to-digital converter

(ADC), that converts the measured analog data into digital data for processing.� The processing unit: this unit consists of a microprocessor, that is able to

process the digital data, and a memory for algorithms and data storage.� The communication unit: this unit allows the sensor to communicate with its

neighbors; it is usually a radio transceiver, used especially for short-range commu-

nications.

Figure 1.1 shows the architecture of a smart sensor.

Power

supply

Sensing

unit

Processing

unit

Communication

unit

Sensors

ADC

Memory

Microprocessor

Radio

Figure 1.1: Smart sensor architecture

Various kinds of sensors have been developed and made available by different companies

over the years. There are mainly three generations of sensors [Chong and Kumar, 2003].

The first generation was introduced in the 1980’s, mainly for military purposes. Even

though early researchers on sensor networks had in mind large numbers of small sensors,

the technology for small sensors was not quite ready. However, in the second generation,

that was introduced in the early 2000’s, the sensors were more commercialized, and

their sizes became a lot smaller than their antecedents. The third and last generation

of sensors was introduced in the late 2000’s, bringing important improvements to the

size, weight, and lifetime of the sensors. Table 1.1 shows the evolution of the sensors’

generations over the years.
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Table 1.1: Three generations of sensors

1980’s-1990’s early 2000’s late 2000’s-present

Manufacturers custom contractors, commercial, such as Dust Inc.,
examples such as TRSS Crossbow Technology, CubeWorks Inc.

Sensoria, Ember

Size large shoe box pack of cards dust particle to a
and up to small shoe box few square millimeters

Weight kilograms grams negligible to grams

Sensor architecture separate sensing, integrated sensing, integrated sensing,
processing and processing and processing and
communication communication communication

Power supply large batteries AA batteries solar

Lifetime hours, days or longer days to weeks months to years

Sensors are highly communication-intensive systems, since they must interact with the

physical world and communicate with each other. However, they have limited resources

in terms of processing, memory, communication bandwidth, and energy. Therefore, an

operating system must be designed in a way to efficiently address the problems of re-

source management and resource allocation. Several operating systems and routing pro-

tocols have been developed for wireless sensors [Al-Karaki and Kamal, 2004; Demirkol

et al., 2006]. The most two well-known operating systems are TinyOS and Contiki

[Dutta and Dunkels, 2012]. TinyOS was developed at the University of Berkeley [Levis

et al., 2004; Levis, 2006], and it has its own programming language called NesC [Gay

et al., 2003], which is an extension to the C programming language. As for Contiki, it

was developed at the Swedish Institute of Computer Science by Dunkels et al. [2004]

and is written in the C programming language. A detailed comparison of both operat-

ing systems in terms of power consumption, task management, resource allocation and

flexibility is provided in [Reusing, 2012].

1.1.2 Topologies of WSNs

In WSNs, the topology plays an important role on several levels. Choosing the right

topology can reduce the amount of communication overhead needed to exchange infor-

mation between sensors, and thus save energy. It can also help reduce radio interferences

and the probability of losing information during the communication process. Therefore,

the choice of topology highly depends on the specific application and on the constraints.

There are three main types of topologies in wireless sensor networks [Akyildiz et al.,
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2002; Bandyopadhyay and Coyle, 2003; Jardosh and Ranjan, 2008; Mourad, 2010; Ma-

mun, 2012], summarized by the following:� The centralized topology: In such a topology, sensors collect measurements and

transmit them to a fusion center for processing. Indeed, sensors in this kind of

networks are not required to perform complex computations and data processing.

The main advantage of the centralized topology is that it can provide high quality

processing; however, the transmission of all measurements to the fusion center

often results in unnecessary wasteful energy costs and bandwidth consumption,

and thereby it reduces the lifetime and the utility of the network.� The distributed topology: Also known as the mesh or flat topology, it treats

equally all the sensors. In such a topology, the sensors perform computations and

exchange data with their neighboring sensors, located within their communication

range. Since information processing is no longer limited to a single fusion center,

the network is more robust to failures. However, developing relevant distributed

algorithms remains a challenging issue.� The hybrid topology: Also known as the cluster-based topology, it is a combi-

nation of the centralized and distributed topologies; thus, it takes advantage of the

properties of both previous topologies. Indeed, when adopting such a topology,

the network is partitioned into several clusters, each having its own cluster head,

that acts like a local fusion center. Information processing is then distributed

among several cluster heads, instead of a single fusion center. Note that such a

topology is particularly useful for applications that require scalability to hundreds

or thousands of sensors.

The three main types of topology are illustrated in Figure 1.2.

1.1.3 Applications

Recently, wireless sensor networks are beginning to be deployed at an accelerated pace

in a broad range of applications, ranging from home monitoring [Gomez and Paradells,

2010] to industrial monitoring [Ramamurthy et al., 2007; Salvadori et al., 2009], envi-

ronmental monitoring [Yu et al., 2005; S. De Vito, 2012], health-care applications [Cote

et al., 2003; Honeine et al., 2011], and military ones [Lee et al., 2009]. An overview of

the role played by WSNs in such applications is given in the following:
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(a)-centralized topology (b)-distributed topology (c)-hybrid topology

fusion center sensor cluster head

Figure 1.2: Three main topologies of wireless sensor networks� Home monitoring: WSNs play a crucial role in securing and monitoring homes.

For example, sensors with motion sensing capabilities have been deployed at win-

dows and doors openings to detect intrusions [Chen and Wang, 2006]. Sensors

have been also used to monitor energy and water supply consumption in the aim

of saving costs and resources [Trinchero et al., 2011; Maqbool and Chandra, 2013].� Industrial monitoring: WSNs have got significant impacts on the automation

and control of industrial processes. They have allowed an increase in production

efficiencies by helping for instance the machines to auto-diagnose a malfunctioning

[Hou and Bergmann, 2012]. They were also used for monitoring oxygen levels and

the leakage of toxic gases, ensuring thus the workers and goods safety [Saeed et al.,

2014]. They were also employed to control the temperature inside industrial and

medical fridges with sensitive merchandise. An additional application consists in

intrusion detection [Shin et al., 2010].� Environmental monitoring: A tremendous progress has been made in terms of

environmental monitoring thanks to WSNs. For instance, they have been used for

air pollution monitoring [S. De Vito, 2012], and for identifying potential threats

such as chemical contamination of water [Chaamwe, 2010]. They were also em-

ployed for real-time forest fire detection [Yu et al., 2005], earthquake early detection

and volcano monitoring [Lara-Cueva et al., 2014].� Health-care applications: WSNs are revolutionizing the medical domain by

providing essential services that can make things easier for the medical staff and

improve the life quality of patients [Honeine et al., 2011]. Indeed, body area

networks are composed of either wearable sensors or sets of sensors implanted into

the human body to measure vital parameters, and thus detect anomalies, such as
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heart attack, diabetes and asthma. The information can then be communicated to

a device carried by a family member or a medical doctor. The advantage is that

even though patients are under continuous supervision, they can move around

freely and independently [Zakrzewski et al., 2009]. Such systems are also very

useful for tracking the activities of people with Alzheimer disease and for elder-

care [Suryadevara and Mukhopadhyay, 2012].� Military applications: WSNs can be efficiently used in battlefields. They can

ensure surveillance of regions, assets, perimeters, and borders. They allow tracking

of supplies and vehicles, and most importantly tracking of enemies which is helpful

for predicting their next movements [Lee et al., 2009; Watthanawisuth et al., 2011].

In addition, sensors could sense polluted areas in case of a chemical, biological,

radiological or nuclear (CBRN) attack, thus preventing human exposure in the

contaminated areas.� Structure health monitoring: WSNs have been used to monitor vibrations and

material conditions in buildings, bridges, and historical monuments [Ong et al.,

2008; Bhuiyan et al., 2012]. They can continuously evaluate the health of the struc-

tures using several types of sensors capable of collecting different measurements,

such as temperature, humidity, corrosion, etc.

This brief list of services that can be provided by WSNs is summarized by Figure 1.3;

nevertheless, there are many more applications that have not been mentioned here.

Applications of WSNs

Industries

Intrusion detection

Gas leakage

Auto-diagnosis

Environment

Pollution monitoring
Fire detection

Earthquake detection

Health-care

Medical diagnosis

Elder-care

Patient tracking

Military

Enemy tracking

Surveillance

Material tracking

Structure health

Condition monitoring Vibration monitoring

Home monitoring

Intrusion detection Water monitoring

Figure 1.3: Some applications of WSNs
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1.2 Localization in Wireless Sensor Networks

In most cited applications, awareness of location information is fundamental since col-

lected data are meaningless without any geographical context. For example, if a fire

forest is detected, we need to know where the detection occurred in order to intervene.

Therefore, sensor localization has become a fundamental issue, especially in wireless

sensor networks, where sensors lack for a fixed infrastructure and are able to move in an

uncontrollable manner.

1.2.1 Problem description

Localization plays a key role in many WSNs applications; however, it is often really

challenging [Sayed et al., 2005; Patwari et al., 2005], because of the increasing require-

ments for low cost and high energy efficiency at the sensors side, as well as practical

issues associated with network deployments. An intuitive solution to locate the sensors

is the use of GPS (Global Position System) devices [B. Hofmann-Wellenhof and Collins,

2004]; however, this solution is impractical for several reasons. Even though GPS is the

most widely used technology for localization, it can hardly be applicable to every sensor

in the network [Benbadis et al., 2005; Liu et al., 2010]. First, the price and size of a GPS

receiver may be prohibitive for many applications, especially for large-scale networks,

where the number of sensors may be in the order of thousands. In addition, GPS re-

ceivers consume power excessively. The third drawback for using the GPS technology is

that it can only be used for outdoor environments, with sufficient sky visibility. Indeed,

until now, the GPS service is unavailable or of low quality indoors, underground, such as

in tunnels, caves, parkings, under water, and in sky-obstructed outdoor environments,

such as forests and urban canyons.

An alternative solution consists in considering two types of sensors, anchors and non-

anchor nodes. Anchors have known locations, whereas non-anchors nodes, or simply

nodes, have unknown positions and thus need to be localized. In a general setting, we

consider the case of moving nodes. The locations of anchors can be either obtained by

using GPS devices if possible, or they can be installed at points with known coordinates.

The idea is to estimate the locations of nodes by using internodes communications,

collected measurements, and/or the information exchanged with the anchors. However,

the most important issue remains in choosing what measurements to use, since their

accuracy highly affects the localization algorithm’s precision. In the following subsection,

we examine different types of measurements that can be used for localization, as well as

some well-known state-of-the-art localization methods.
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1.2.2 Localization measurements and methods

Localization methods can be divided into two categories: range-based and range-free [He

et al., 2003]. Range-based methods use angle estimates or distance estimates separating

anchors from the sensor nodes to estimate the nodes’ locations, while range-free methods

make no assumption about the availability or validity of such information. Since sensor

nodes are equipped with radios to communicate with each others and with the anchors,

locating a node by exploiting radio signals exchanged in the network is becoming of a

great interest nowadays. Several types of measurements can be considered for localiza-

tion in a range-based localization context, such as the received signal strength indicator,

the time of arrival, the time difference of arrival, the angle of arrival, etc.� Received signal strength indicator (RSSI): RSSI-based techniques exploit

the attenuation of the signal strength with the traveled distance to estimate the

distances separating the emitters from the receivers. Typically, anchors broadcast

signals in the network, while nodes detect the broadcasted signals and measure

their RSSIs. The distances separating nodes from anchors are then estimated

using the measured RSSIs and the path-loss model [Medeisis and Kajackas, 2000;

Kaemarungsi and Krishnamurthy, 2004; Patwari et al., 2005; Zanella and Bardella,

2014]. RSSI-based techniques exhibit favorable properties with respect to power

consumption, size, and cost, since no additional hardware is needed. However,

distance estimation using RSSI is really challenging, since the measurements of

signals’ powers could be significantly altered by the presence of additive noise,

multipath fading, shadowing, and other interferences.� Time of arrival (ToA): ToA-based techniques measure the distance between

anchors and nodes using signal propagation [Gezici et al., 2005]. In fact, know-

ing the signal propagation speed, one can directly translate the propagation time

into distance. Different signals could be used, such as radio frequency, acoustic,

infrared, ultrasound, etc [Pal, 2010]. However, in all cases, the nodes must either

have a common clock (one-way ranging approach) or exchange timing information

by certain protocols such as a two-way ranging protocol. Note that maintaining

time synchronization adds cost and complexity to the network. Moreover, one can

get inaccurate distance estimates in the case of non-line-of-sight (NLOS) condi-

tions, i.e., in the case of obstructions between the transmitter and the receiver.

Errors in the estimation of the signals’ arrival times might also be induced by

noise, interferences, clock drifts, and other sources.� Time difference of arrival (TDoA): TDoA-based techniques use the time dif-

ference of arrival of signals traveling between two sensors [Okello et al., 2011].
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Two different kinds of signals, having each its own propagation speed, are sent at

the same time from an anchor. The signals are received at the node, who then

measures the difference of their two times of arrival. Using this difference, along

with the propagation speeds of the signals, one can easily estimate the distance

separating the sensors. However, like the ToA techniques, these techniques yield

inaccurate distance estimates in NLOS conditions and in case of imperfect time

synchronization, interferences, and noise.� Angle of arrival (AoA): AoA-based techniques measure the angles of arrival of

signals exchanged between anchors and nodes [Niculescu and Nath, 2003; Rong

and Sichitiu, 2006]. The advantage of such techniques is that they do not require

any clock synchronizations. Unfortunately, AoA hardware tends to be more volu-

minous and more expensive than the hardware needed for the above techniques.

Several geometric methods have been proposed to estimate the node’s location using the

above measurements. One of the most intuitive and basic methods is the trilateration

[Manolakis, 1996]. It consists in determining the position of the node based on simul-

taneous range measurements from three anchors located at known positions as shown

in Figure 1.4(a). The node’s position is then estimated at the intersection of the three

circles having the anchors as centers and the estimated distances as radii. However,

since distance measurements are often imperfect, the intersection of these circles does

not always result in a single point [Colistra and Atzori, 2012]. To overcome these im-

perfections, distance measurements from more than three anchors can be used, resulting

in a multilateration problem [Capkun and Hubaux, 2005; Wang et al., 2009]. As one

can see in Figure 1.4(b), where four anchors are considered, the circles intersect at more

than one point. These points identify an area of solution, i.e., the area within which

the sensor node is expected to be located. Another localization method is the triangu-

lation [Esteves et al., 2003, 2006], illustrated in Figure 1.4(c). The triangulation is used

when the direction of the node is estimated instead of the distance; in other words, this

technique is used when the available measurements are the angles of arrival of signals

exchanged in the network. Then, simple geometric relationships from trigonometry are

used to estimate the nodes’ positions.

The main disadvantage of range-based methods is that they highly depend on the esti-

mated distances that can be inaccurate. For this reason, alternative RSSI-based methods

have been proposed for sensor localization. Such methods are range-free, employing for

instance connectivity measurements [Y. Shang and Fromherz, 2003]. Instead of estimat-

ing exact distances, connectivity-based techniques compare the RSSIs of a considered

node to fixed power thresholds in order to detect all its neighboring anchors. Such
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Figure 1.4: Some localization methods

approach assumes that all anchors have ideal circular transmission ranges and that sig-

nals’ powers decrease monotonically with the increase of the nodes’ traveled distances.

Moreover, all anchors are considered to have the same transmission range, i.e., an equal

transmission radius as shown in Figure 1.5. Localizing a given sensor consists then

in computing the intersection of the communication disks of its neighboring anchors.

However, this technique can only provide a coarse-grained estimate of each node’s loca-

tion. In addition, the localization error is highly dependent on the node density of the

network, the number of anchors, and the network topology [Mao et al., 2007].
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Figure 1.5: Localization by connectivity

Other more reliable techniques for RSSI-based localization rely on (radio-location) fin-

gerprinting [Lin and Lin, 2005; Koyuncu and Yang, 2011]. Compared to connectivity-

based methods, these techniques do not make any assumption on the communications

in the network. However, they need a pre-configuration phase where a collection of
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fingerprints is gathered. Indeed, a typical fingerprinting location sensing system con-

sists of two phases. The first consists in collecting the RSSIs of the signals sent by

the anchors and received at several reference locations within the surveillance area. A

database of fingerprints is then obtained; it is composed of the set of reference positions

with their associated RSSIs. In the second phase, that is the localization phase, nodes

move and collect RSSI information, which is then combined with the collected finger-

prints database to compute their locations. The advantage of the location fingerprinting

technique is that it takes into account the stationary characteristics of the environment,

such as multipath propagation, wall attenuation, etc.

1.3 Target Tracking in Wireless Sensor Networks

Target tracking is an interesting research field in WSNs, that consists in estimating

instantly the position of a moving target [Li et al., 2002; Dallil et al., 2013]. Nowadays,

target tracking is of a great importance for many applications, ranging from traditional

ones, such as air traffic control, to emerging applications like supply chain management

and wildlife tracking.

1.3.1 Problem description

Target tracking can be viewed as a sequential localization problem, thus requiring re-

cursive location estimation algorithms. Tracking approaches must focus on respecting

diverse constraints in wireless sensor networks, such as power-consumption issues, net-

work standards, etc. Note that the tracking problem can be addressed in several ways

depending on the application. In fact, tracking systems can be divided into two cate-

gories: passive and active. Passive tracking systems store tracking data in memory on

the device, and use them later on when needed. These systems are used in cases where

immediate knowledge of the target’s position or motion is not necessary, whereas active

tracking systems are real-time tracking systems that instantly compute the target’s po-

sition. Here, tracking algorithms must respect additional constraints, such as real-time

implementation feasibility. Furthermore, the targets can be either cooperative, i.e., they

participate intentionally in the tracking process, or non cooperative, not exchanging

data for position estimation.
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1.3.2 Target tracking methods

The issue of tracking mobile targets through WSNs is enthusiastically researched and

addressed in several works. Proposed algorithms use different types of measurements,

such as received signal strength indicators [Lau and Chung, 2007], angle of arrival [Zhang

et al., 2013], time difference of arrival [Wendeberg et al., 2012] and time-of-arrival [Xu

et al., 2013].

The foundation of tracking is to recursively estimate the target’s positions and speeds,

which are often referred to as states [Svensson, 2010]. A first step in performing track-

ing is to make a prediction of the current value of the state. To do so, a model that

describes the target’s motion is needed. Given knowledge of the previous state, one

can then estimate the actual state using the motion model, also called the state-space

model. For example, consider the problem of tracking a moving vehicle. By knowing its

previous position, speed, and direction, one can use the state-space model to estimate its

current position. However, the longer the prediction horizon is, the more uncertain the

estimation will be. Therefore, this uncertainty needs to be included in the state-space

model. In the second step, the estimation is updated using additional information. This

information could be any relevant measurement collected from the network. Figure 1.6

shows a target exchanging information, while moving, with the sensors in the network.

A relationship must be found between the needed positions and the collected measure-

ments, i.e., we define a measurement model, also called observation model. Of course,

one must take into account uncertainties in this model as well.

sensor target target trajectory

Figure 1.6: Tracking in WSNs
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Depending on the type of measurements, one can choose an adequate filter to combine

the information from both the state-space model and the observation model. For in-

stance, if the observation model is linear, one can use the Kalman filter [Kalman, 1960;

Welch and Bishop, 2001]. This filter first predicts the unknown position using the pre-

vious estimated position and the state-space model. Then, in the following step, the

predicted position is corrected using the observation model as shown in Figure 1.7. The

main limitation of this filter is that it is only reliable for systems that are almost lin-

ear. To address the non-linear estimation problem, approaches based on the extended

Kalman filter (EKF) [Julier and Uhlmann, 1997] and unscented Kalman filter (UKF)

[Julier and Uhlmann, 2004] have been proposed. The main disadvantage of such ap-

proaches is that they perform linearization and approximations leading to sub-optimal

performance and, sometimes, to a divergence of the filter [UmaMageswari et al., 2012].

Time update
(“Predict”)

Measurement update
(“Correct”)

Figure 1.7: The Kalman filter

Another well-known filter used for tracking is the particle filter (PF) [Branko Ristic,

2004], also known as the Monte-Carlo filter. The particle filter relies on the minimum

mean-square error (MMSE) estimate of the target state given all present and past obser-

vations. It seeks to represent the posterior distribution of the hidden states by a properly

weighted set of time-varying random samples also called particles. As the number of

samples goes to infinity, the weighted average of those samples converges at each time

step, in some statistical sense, to the true global MMSE estimate of the current unknown

states, given all present and past network measurements [Dias and Bruno, 2012]. For

such filters, the observation model can be non-linear, and the initial state and noise

distributions can take any required form. Compared to the Kalman-based method, this

algorithm needs more computations, due to the generation and resampling of the par-

ticles; however, it has more potential in cases where the noise is non-Gaussian and the

models are non-linear [Gustafsson et al., 2002].
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1.4 Detection and Estimation of a Gas Diffusion

In other contexts, wireless sensor networks are being used for the detection and estima-

tion of pollutions caused by chemical, biological, radiological or nuclear attacks. These

pollutions are potent threats to the environment and to human society, wherever they

occur. In this thesis, we consider the general case of pollutions caused by gas diffusions.

Nevertheless, the proposed solutions could easily be adapted and applied to other types

of pollutions. Considering the potentially catastrophic consequences, it is important to

detect the gas diffusion and estimate its parameters, including the source’s location and

the release rate.

1.4.1 Problem description

Gas releases are becoming an increasing danger in today’s world. Gas releases can be

divided into two categories: deliberate or accidental. Deliberate releases of hazardous

chemicals usually occur in war and terrorist attacks. One of the first major attacks

happened in Tokyo, Japan in 1995 [Tu, 1999]. Its objective was to inflict terror amongst

the population by releasing a highly lethal nerve agent, designed to paralyse and kill

within minutes, inside a crowded train subway. As for accidental gas releases, they

usually happen in industrial plants, mines, landfill sites, volcanos, etc. One of the

world’s worst chemical disasters was the gas disaster in Bhopal, India in 1984 [Kalelkar,

1988]. This disaster involved a catastrophic leakage of methyl isocyanate at the Union

Carbide Corporation (UCC), a pesticide manufacturing plant in Bhopal. Another recent

disaster occurred in 2010 in the Grand Riviera Princess Hotel at Playa Del Carmen,

Mexico. Accumulation of methane from a nearby swamp caused a huge explosion at the

basement that rendered many deaths and severe financial damages.

1.4.2 Detection and estimation for extreme environmental conditions

Taking emergency actions in case of an instantaneous gas release needs real-time forecast-

ing of the concentration of gas in the environment. This highly depends on the source’s

parameters such as the source’s location, the release rate, etc. However, estimating the

source’s parameters requires the collection of gas concentration measurements from the

area of explosion. Wireless sensor networks have proven to be useful in such scenarios,

where human intervention is risky and expensive because of the necessary protective

equipments [Christopoulos and Roumeliotis, 2005].

Several European projects were developed within the context of wireless sensor net-

works for extreme environmental conditions. One example is the project DORSIVA
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(2002-2005), that stands for Development of Optical Remote Sensing Instruments for

Volcanological Applications. The major goal of this project was to monitor volcanic gas

ratios and fluxes of SO2, using sensors to acquire gas samples at the crater of the vol-

cano. Hence, the activity inside the volcano is monitored without human intervention.

Another example is the WINSOC project (2006-2009), that stands for Wireless Sensor

Networks with Self-Organization Capabilities for Critical and Emergency Applications.

The primary objective of WINSOC was to develop an innovative sensor network archi-

tecture having distributed processing capabilities for environmental applications, with

focus on landslides detection, gas leakage detection, and large scale temperature field

monitoring.

1.5 Organization of the Manuscript and Contributions

This thesis brings several contributions to the domain of wireless sensor networks. In-

deed, different approaches have been developed for different types of applications. First,

we introduce a new RSSI-based localization technique, developed within the framework

of kernel methods. Second, we propose a novel target tracking technique using the al-

ready proposed localization technique, the target’s inertial information, and the Kalman

filter. We also develop a new RSSI/distance propagation model. We then use this model,

along with the Kalman filter or the particle filter, to develop a second target tracking

approach, that proves to be even more robust than the first one. Finally, in a different

context, we propose an original clusterized framework for the detection and estimation

of multiple gas sources in wireless sensor networks.

1.5.1 Organization of the manuscript

The rest of the manuscript is organized as follows:

In the second chapter, we give a brief overview of machine learning and kernel methods.

Machine learning explores the construction and study of algorithms that infer models and

relationships from collected data, without any knowledge of the underlying system. We

give some examples of the most used kernels, and then introduce well-known theorems

that are investigated throughout this manuscript.

In the third chapter, we introduce an original centralized method combining radio-

location fingerprinting and machine learning for sensors localization in WSNs. The

method consists in defining a model, whose inputs and outputs are respectively the

received signal strength indicators and the sensors’ locations. To define this model,
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several kernel-based machine learning techniques are investigated, such as the kernel

ridge regression, the support vector regression, and the vector-output regularized least

squares. Then, a clusterized version of this method is proposed. Finally, the performance

of both centralized and clusterized methods is illustrated using both simulated and real

data.

In the fourth chapter, we propose a new method for target tracking in WSNs that

combines machine learning with a Kalman filter to estimate instantaneous positions of a

moving target. The target’s accelerations, along with information from the network, are

used to obtain an accurate estimation of its position. The method consists first in using

the model defined in the third chapter to obtain a first position estimate of the target

under investigation. The Kalman filter is used afterwards to combine predictions of the

target’s positions based on acceleration information with the first estimates, leading to

more accurate ones. The performance of the method is studied for different scenarios,

and a thorough comparison to well-known algorithms is also provided.

In the fifth chapter, we first propose two new RSSI/distance models that characterize

the relationship between the distances separating sensors and the RSSIs of the signals

exchanged by these sensors in a WSN. The first model is a non-parametric regres-

sion model, while the second one is a semi-parametric regression model that combines

the well-known log-distance theoretical propagation model with a non-linear fluctuation

term. Then, using the proposed RSSI/distance models, we present two new tracking

approaches. The target’s position is estimated by combining acceleration information

and the distances separating the target from sensors, using either the Kalman filter or

the particle filter. A fully comprehensive study of the choice of parameters for the pro-

posed distance models, as well as a performance analysis of the two proposed tracking

methods. Comparisons to recently proposed methods are also provided.

In the sixth chapter, we introduce an original clusterized approach that allows us to de-

tect and estimate the parameters of multiple gas sources in WSNs, including the sources’

locations and their release rates. The method consists in regularly collecting concentra-

tion measures from the studied region. Then, using these concentrations, a predefined

kernel-based machine detects any gas release. Once an alert is raised, the collected con-

centrations are processed locally in order to estimate the gas release parameters. First

estimates of the parameters are given using a kernel-based model that takes as input the

collected concentrations. The estimated parameters and the measured concentrations

are then used with a second kernel-based model to provide a more accurate estimate

of the source location. An evaluation of the performance of the method is provided in

the case of a single source, as well as for multiple sources. Moreover, a comparison to

state-of-the-art techniques is also given.
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Finally, chapter seven provides concluding remarks, a discussion of limitations, and an

outlook on future research directions.
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In this chapter, our objective is to give a brief introduction of machine learning and

kernel methods, that are the basic tools used in this thesis. As we will show, machine

learning provides a framework for studying the existing relations between samples from

a given training set, i.e., collected data, and determines decision functions in order

to make predictions for new samples, thus generalizing the approach. We first give an

overview of the statistical learning theory. We then introduce kernel methods, their main

properties and their advantages; we also give some examples of the most used kernels.

Finally, the well-known representer theorem is detailed, with an illustration using the

kernel ridge regression.

2.1 An Overview of Machine Learning Theory

Lately, machine learning techniques have become very popular in the pattern recogni-

tion and data mining fields for discovering non-linear relations in data [Vapnik, 1995,

1998; Hofmann et al., 2008]. The goal of a machine learning algorithm is to synthesize

functional relationships based on the available data. Thus, a process of induction is

used to build up a model of the system, from which it is hoped to deduce responses

of the system for newly observed data [Gunn, 1998]. Depending on the structure of

the dataset, learning problems can be classified as being supervised, unsupervised, or

semi-supervised.

2.1.1 Supervised learning

The supervised learning focuses on modeling a system that is described by its input

sample x ∈ X and corresponding output (response) y ∈ Y. The space X is referred

to as the input space, and Y as the output space. The objective is then to find the

decision function ψ which makes a decision about the system, in the best possible way,

based on the observable input state x ∈ X ; in other words, this function predicts the

responses of new samples. For instance, in binary classification problems, two classes of

data are under competition. The decision function is designed such as to classify new

samples based on the training samples. The function’s response belongs to the set of

labels Y = {−1,+1}, and a new sample is either associated with the first class or with

the second one. In order to define the function ψ, a common approach is to consider

an optimization problem with risk minimization. The expected risk function is given as

follows:

R(ψ) =

∫

X×Y
L(ψ(x), y)P (x, y)dxdy,
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where P (x, y) is the probability distribution of the data pairs (x, y) ∈ X × Y, and

L : Y ×Y → R represents the loss function that measures the error between the desired

output y and the estimated value ψ(x) provided by the learning machine.

However, since the distribution P (x, y) is usually unknown, the decision function is de-

rived from a training set that consists of a finite numberN of independent and identically

distributed observations, namely N input-output pairs (xi, yi) ∈ X × Y, i ∈ {1, ..., N}.
We can now replace the expected risk with a good approximation that can be evaluated

without the unknown distribution. Then, the expected risk R(ψ) is replaced by the

empirical risk Remp(ψ) as follows:

Remp(ψ) =
1

N

N∑

i=1

L(ψ(xi), yi). (2.1)

Now let F denote the space of all admissible functions ψ for the considered problem;

this space is also referred to as the hypothesis space. There exists an infinity of functions

that can nullify the empirical risk Remp(ψ). However, the minimization of this risk

does not always imply minimization of the expected risk R(ψ). Indeed, the hypothesis

space is often very large, leading to an arbitrary small empirical risk associated to a

high expected risk. This effect is called over-fitting, and the minimization of the gap

between the empirical and the expected risk is known as the problem of generalization.

This means that, aside from the minimization of the empirical risk, the capacity of

the hypothesis space must be controlled. To overcome this problem, one can use the

regularization approach initially proposed in [Tikhonov and Arsenin, 1977]. In this way,

the search for the optimal function ψ∗ is restricted to a space of regular functions.

Of particular interest are reproducing kernel Hilbert spaces; details are provided in

the following section. Then, the function ψ∗ is obtained by minimizing the following

regularized risk functional:

Rreg(ψ) = Remp(ψ) + ηΩ(ψ), (2.2)

where η > 0 is called the regularization constant, and Ω(ψ) : F → R is the regular-

ization term. The first term guarantees that the empirical risk is minimized, while the

second term penalizes non-smooth solutions. Finally, the constant η controls the tradeoff

between the regularization and the empirical risk.

2.1.2 Unsupervised learning

Differently from supervised learning problems where both inputs and outputs are given,

the only available observations for unsupervised learning problems are the samples of
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the input space X . Therefore, the objective of unsupervised approaches is to find the

hidden relations between the input samples without the external information provided

by labels as in the supervised learning. In this case, the expected risk function is given

as follows:

R(ψ) =

∫

X
L(ψ(x))P (x)dx,

where P (x) is the probability distribution for any x ∈ X , and L is a given loss function.

The available training samples are then xi, i ∈ {1, ..., N}. In a similar manner to

the supervised learning, the expected risk R(ψ) is approximated by the empirical risk

Remp(ψ) as follows:

Remp(ψ) =
1

N

N∑

i=1

L(ψ(xi)).

Here as well, one may encounter the over-fitting problem. Using also the regulariza-

tion approach of [Tikhonov and Arsenin, 1977], we obtain a regularized risk functional

Rreg(ψ) similar to the one given in (2.2).

2.1.3 Semi-supervised learning

Semi-supervised learning problems fall in between supervised and unsupervised learning

problems, and are characterized by the presence of both labeled and unlabeled samples

in the training set. Typically, in such problems, we have a small amount of labeled

samples with a large amount of unlabeled ones. This is usually due to the fact that

obtaining labeled samples is costly, whereas obtaining unlabeled ones is not. The task

may then simply be to predict the labels of the unlabeled samples, or to make use of

the unlabeled data to improve the ability of the learned function to predict the labels

of new samples.

2.2 Kernel Methods

Kernel methods rely on mapping the samples from the input space into a more suitable

feature space. They then apply algorithms on the mapped samples based on linear

algebra, geometry and statistics in order to discover non-linear patterns and hidden

relations existing within the input samples [Shawe-Taylor and Cristianini, 2004; Vert

et al., 2004]. It turns out that the applied algorithms can be expressed only as pairwise

inner products between the mapped samples. Most importantly, these inner products

can be replaced by kernel functions, applied directly to the input data, meaning that no

explicit knowledge of the mapping function is needed. In the following, we provide the
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definition of kernels and positive definiteness. Next, we give some examples of kernels

and explain the rules for constructing new ones.

2.2.1 Positive definiteness

A kernel is a symmetric similarity function defined on the same domain, namely κ :

X × X → R, such that:

κ(x1,x2) = κ(x2,x1).

It is called positive definite if, and only if, for any finite integer N , the following holds:

N∑

i=1

N∑

j=1

cicjκ(xi,xj) ≥ 0, ∀(xi, ci) ∈ X ×R, i ∈ {1, . . . , N}.

Consider now a training set of N entries xi ∈ X , i ∈ {1, ..., N}. The kernel matrix

K, also known as the Gram matrix, is the matrix of size N × N having κ(xi,xj) for

(i, j)-th entry, i, j ∈ {1, ..., N}. This matrix is symmetric, since by definition, we have

κ(xi,xj) = κ(xi,xj) for any two samples xi,xj ∈ X . Furthermore, it is positive definite

since it satisfies the condition

c⊤Kc ≥ 0, ∀c ∈ R
N .

2.2.2 Kernels as mapping functions

In this subsection, in order to explain kernels as mapping functions, we start by defining

kernels as inner products as in [Vert et al., 2004]. To this end, consider that the input

samples xi ∈ X , i ∈ {1, . . . , N}, are real vectors, i.e., X = R
p, p ∈ N+. Then, any two

vectors xi,xj can be compared using their inner product x⊤
i xj. One can prove easily

that this inner product between the vectors is a kernel. Indeed, it is symmetric since

x⊤
i xj = x

⊤
j xi, and it is positive definite, since we have the following for any N :

N∑

i=1

N∑

j=1

cicjx
⊤
i xj =

∥∥∥∥∥
N∑

i=1

cixi

∥∥∥∥∥

2

≥ 0, ∀(xi, ci) ∈ R
p ×R, i ∈ {1, . . . , N}. (2.3)

This inner product is then called the linear kernel. For more general cases where the

input space is not necessarily a vector space, we resort to representing each input x ∈ X
as a vector φ(x), where φ is a mapping function, and then defining a kernel for any

xi,xj ∈ X by:

κ(xi,xj) = φ(xi)
⊤φ(xj), (2.4)
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Following the same line of computations as in (2.3), one can easily check that κ is a valid

(positive definite) kernel on the space X , which is not necessarily a vector space. More

generally, following the Moore-Aronszajn theorem [Aronszajn, 1950], for any positive

definite kernel κ on some space X , there exists a Hilbert space H and a mapping

φ : X −→ H,

such that

κ(xi,xj) = 〈φ(xi), φ(xj)〉H, for any xi,xj ∈ X , i, j ∈ {1, ..., N},

where 〈·, ·〉H represents the inner product in the Hilbert space. As one can easily see, the

advantage here is that the inner product in H is evaluated directly from the input data

in X using the kernel function κ, thus without any explicit knowledge of the mapping

function φ.

Now as we already mentioned, kernel functions map the data from the input space X
into a feature space H. By applying conventional linear models in the former, one can

determine non-linear relations and hidden patterns existing among the training samples

in the input space. Figure 2.1 illustrates an example of feature mapping, where a non-

linear regression in the input space is converted to a linear one in the feature space.

input space feature space

mapping

xi
φ(xi)

Figure 2.1: Mapping from the input space into the feature space
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2.2.3 Reproducing kernel Hilbert space

The feature space H, constructed from a set of training samples xi ∈ X , i ∈ {1, . . . , N},
is defined by the set of functions (up to a completion), each one being a linear combi-

nation of all the samples in that space, such that

H =

{
f : f(·) =

N∑

i=1

αiκ(xi, ·), xi ∈ X , αi ∈ R

}
. (2.5)

In the following, we define the inner product associated with H, which will lead to an

interesting property of the kernel. Let f, g be two functions of the feature space H given

by:

f(·) =
N∑

i=1

αiκ(xi, ·) and g(·) =
N∑

j=1

βjκ(xj , ·). (2.6)

The inner product on H between any two functions f and g is defined as follows:

〈f, g〉H =

N∑

i=1

N∑

j=1

αiβjκ(xi,xj) =

N∑

i=1

αig(xi) =

N∑

j=1

βjf(xj), (2.7)

where xi,xj ∈ X and αi, βj ∈ R. As for the second and third equalities, they come from

the definition of f and g. By taking the special case where g = κ(x, ·) for any x ∈ X ,

the inner product between f and g yields the following property:

〈f, κ(x, ·)〉H =

N∑

i=1

αiκ(xi,x)

= f(x).

This property is known as the reproducing property of the kernel. Now it is easy to check

that κ satisfies the positive definiteness property, as follows:

N∑

i=1

N∑

j=1

αiαjκ(xi,xj) =

N∑

i=1

N∑

j=1

αiαj〈κ(xi, ·), κ(xj , ·)〉H

=
〈 N∑

i=1

αiκ(xi, ·),
N∑

j=1

αjκ(xj, ·)
〉
H

=
∥∥∥

N∑

i=1

αiκ(xi, ·)
∥∥∥
2

H

≥ 0,

where ‖ · ‖H represents the corresponding distance in the feature space H. Given a

function κ that satisfies the positive definiteness property, the corresponding space H is
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referred to as its reproducing kernel Hilbert space (RKHS). The advantage of using such

a kernel is that we do not need any explicit knowledge of the mapping function φ. The

key idea is to use linear learning algorithms, expressed only in terms of inner products

of the samples, to learn a non-linear function or decision rule in the input space, by

replacing the inner product by a positive definite kernel; this is known as the kernel

trick.

2.2.4 Kernel construction

Due to the Moore-Aronszajn theorem [Aronszajn, 1950], positive definite kernels are

reproducing kernels, and vice versa. In the following, we simply denote them by kernels.

In this subsection, we state some operations that can be used to construct new kernels

from existing ones. These operations preserve the positive definiteness of kernels. For

more information on combination rules and properties of kernels, refer to [Shawe-Taylor

and Cristianini, 2004].

Let κ1, κ2 : X × X → R be two kernels satisfying the positive definiteness property.

Then, the function κ : X × X → R is a reproducing kernel if, ∀xi,xj ∈ X , it can be

written as:� a linear combination of κ1 and κ2: κ(xi,xj) = β1κ1(xi,xj)+β2κ2(xi,xj), ∀β1, β2 ∈
R+,� a shifting of κ1 or κ2: κ(xi,xj) = κ1(xi,xj) + ℓ, for ℓ ∈ R+,� a product of κ1 and κ2: κ(xi,xj) = κ1(xi,xj)κ2(xi,xj),� a power of κ1 or κ2: κ(xi,xj) = κ1(xi,xj)

p, for p ∈ N+,� an exponential of κ1 or κ2: κ(xi,xj) = exp
(κ1(xi,xj)

σ2

)
, for σ ∈ R

∗,� a normalization of κ1 or κ2: κ(xi,xj) =
κ1(xi,xj)√

κ1(xi,xi)κ1(xj ,xj)
.

The conservation of the positive definiteness property can be easily shown for all the

above properties.

2.2.5 Examples of kernels

As already explained, kernels are often presented as measures of similarity, in the sense

that, given any two samples xi,xj ∈ X , κ(xi,xj) is “large” when xi and xj are “simi-

lar” [Vert et al., 2004]. Consequently, kernels are designed in a way to ensure a relevant
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measure of similarity in a given context. Moreover, their evaluation should require

significantly less computation than would be needed in an explicit evaluation of the cor-

responding feature mapping φ [Shawe-Taylor and Cristianini, 2004]. There are mainly

two types of kernels: projective kernels and radial basis functions (RBF) kernels. In

the case of the projective kernels, the notion of inner product is used to measure sim-

ilarity. The RBF kernels measure dissimilarities between samples using distances. In

the following, we give some examples of the most commonly used projective and RBF

kernels.

2.2.5.1 Projective kernels

The polynomial kernel is the most popular projective kernel. In its general form, the

polynomial kernel computes the inner product of all monomials up to degree p as follows:

κ(xi,xj) =
(
ℓ+ x⊤

i xj

)p
,

where p ∈ N+, and ℓ ≥ 0. In particular, it is called the inhomogeneous polynomial kernel

when ℓ > 0, and the homogeneous polynomial kernel when ℓ = 0. Also notice that when

ℓ = 0 and p = 1, we obtain the aforementioned linear kernel, that is the ordinary inner

product, given by the following:

κ(xi,xj) = x
⊤
i xj .

2.2.5.2 RBF kernels

A well known example of an RBF kernel is the Gaussian radial basis function kernel, or

simply the Gaussian kernel, defined as follows:

κ(xi,xj) = exp

(
− 1

2σ2
‖xi − xj‖2

)
,

where σ > 0 determines its bandwidth. One can see from the kernel’s definition that

it is a decreasing function of the distance between samples, and therefore has a rele-

vant interpretation as a measure of similarity. Another example of RBF kernel is the

exponential kernel, also called the Laplacian kernel. It is closely related to the Gaussian

kernel, with only the square of the norm left out as follows:

κ(xi,xj) = exp

(
− 1

σ
‖xi − xj‖

)
.
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2.3 The Representer Theorem

As explained in the first section of this chapter, the objective of machine learning theory

is to find a function that characterizes the relationship between training data in the

best possible way. We showed that the optimal function is obtained by minimizing a

regularized risk functional. This section describes the representer theorem, which is

behind the success of the kernel methods. This theorem was introduced by Kimeldorf

and Wahba [1971], and a generalized version of it was proposed in [Schölkopf et al.,

2001a]. According to this theorem, the solutions of a large class of kernel machines

optimization problems can be expressed as kernel expansions over the training samples

in the feature space. In the following, we first give an overview of the non-parametric

representer theorem; then, we briefly describe the semi-parametric representer theorem.

2.3.1 The non-parametric representer theorem

Consider an input space X , an output space Y, a kernel κ with its reproducing kernel

Hilbert space H, and the following training pairs (xi, yi) ∈ X × Y, i ∈ {1, ..., N}. The

objective is to find the optimal function ψ∗ that minimizes the regularized risk functional

of the form given in (2.2). According to the representer theorem, any function ψ∗ ∈ H
minimizing the following regularized risk functional

1

N

N∑

i=1

L(ψ(xi), yi) + λΩ(‖ψ‖2H) (2.8)

admits a representation of the following form:

ψ∗(·) =
N∑

i=1

αiκ(xi, ·), ∀xi ∈ X . (2.9)

In this way, the minimizer ψ∗(·) is expressed as a finite linear combination of the kernels

“centered” at the training samples. Note that the monotonicity of Ω is necessary to

ensure that the theorem holds. In addition, in order to ensure that the regularized

risk functional does not have multiple local minima, the convexity of Ω and of the cost

function L is required.

In order to prove this theorem, we decompose any ψ(·) of H into a part that lies in the

span of the kernels centered at the training samples and a part which is orthogonal to
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it as follows:

ψ(·) = ψ‖(·) + ψ⊥(·)

=
N∑

i=1

αi κ(xi, ·) + ψ⊥(·) (2.10)

Since ψ(·)⊥ is orthogonal to any κ(xi, ·) of the training samples, one has 〈ψ(·)⊥, κ(xi, ·)〉H =

0, ∀i ∈ {1, . . . , N}. Using the latter and (2.10), the evaluation of ψ(·) at an arbitrary

training sample xj , where j ∈ {1, . . . , N}, yields

ψ(xj) = 〈ψ(·), κ(xj, ·)〉H

=

N∑

i=1

αi κ(xi,xj) + 〈ψ⊥(·), κ(xj, ·)〉H

=
N∑

i=1

αi κ(xi,xj)

Consequently, the first term of the regularized risk functional (2.8) is independent of

ψ⊥(·). As for the second term, since ψ⊥(·) is orthogonal to
∑N

i=1 αi κ(xi, ·), and Ω is

strictly monotonic, we get from the Pythagorean theorem:

Ω(‖ψ‖2H) = Ω
(
‖

N∑

i=1

αi κ(xi, ·) + ψ⊥(·)‖2H
)

≥ Ω
(
‖

N∑

i=1

αiκ(xi, ·)‖2H
)
.

Setting ψ⊥(·) to zero does not affect the fitness term of the regularized risk (2.8), but

it strictly reduces the second term; hence, to minimize the expression in (2.8), we must

have ψ⊥(·) = 0, and the optimal solution has the form given in (2.9). The representer

theorem is then proven. It is interesting to note that Argyriou et al. [2008] showed that

the representer theorem could also be used in the case of multi-task learning, yielding to

vector-output algorithms, such as the vector-output regularized least squares [Honeine

et al., 2013]. See succeeding chapter for more details.

2.3.2 The semi-parametric representer theorem

Now in addition to the assumptions considered in the case of the non-parametric repre-

senter theorem, we suppose that we are given a set of M real-valued functions ϕj(·) of
H, j ∈ {1, . . . ,M}, with the property that the N ×M matrix, whose (i, j)-th entry is

given by ϕj(xi), i ∈ {1, . . . , N}, has rank M , with N ≥ M . Then any ψ̃ = ψ + h, with
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ψ ∈ H and h ∈ span{ϕj}, minimizing the following regularized risk

1

N

N∑

i=1

L(ψ̃(xi), yi) + λΩ(‖ψ‖2H)

admits a representation of the form

ψ̃(·) =
N∑

i=1

αiκ(xi, ·) +
M∑

j=1

βjϕj(·),

with βj ∈ R, j ∈ {1, . . . ,M}. By decomposing ψ(·) into two parts here as well, and

by following the same line of reasoning as in the previous paragraph, one can prove the

semi-parametric representer theorem.

2.4 Example: the kernel ridge regression

In this section, we give an example of kernel methods with the kernel ridge regression, a

well-known kernel-based algorithm used for non-linear regression [Saunders et al., 1998].

This algorithm puts to work the representer theorem and several definitions given in

this chapter, and it thus provides a simple and basic illustration of kernel methods.

Consider the following training set (xi, yi), i ∈ {1, . . . , N}, where N is the size of the

training set. We aim at finding the function ψ(·) that takes as input xi and yields

as output yi. To this end, we consider the minimization of the mean quadratic error

between the estimated outputs ψ(xi) and the desired outputs yi. Consequently, the loss

function L of the regularized risk given in (2.2) is taken using the mean squared loss

and the regularization term Ω(‖ψ‖2H) is taken equal to ‖ψ‖2H. Now that the regularized

risk is defined, we can write the following problem:

ψ = arg min
ψ∈H

1

N

N∑

i=1

(yi − ψ(xi))
2 + η‖ψ‖2H, (2.11)

where η is a regularization parameter. According to the aforementioned representer

theorem, the optimal function ψ(·) can be written as a finite linear combination of

kernels evaluated on the input samples as follows:

ψ(·) =
N∑

i=1

αi κ(xi, ·). (2.12)
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By incorporating (2.12) into (2.11), we get the dual optimization problem in terms of

α = (α1 . . . αN )
⊤, such that:

α = argmin
α

‖y −Kα‖2 + η α⊤Kα,

whereK is the N×N Gram matrix whose (i, j)-th entry is κ(xi,xj), for i, j ∈ {1, ..., N},
and y = (y1 . . . yN )

⊤. The solution of this problem is given by solving the following linear

system having N unknowns and N equations:

(K + ηNI) α = y,

where I is the N × N identity matrix. Notice that for an appropriate value of the

regularization parameter η, the matrix between parenthesis is always non-singular.

2.5 Conclusion

In this chapter, we provided a brief review of the statistical learning theory, and we

highlighted some of the fondamental properties of kernels. We also described the con-

cept of reproducing kernel Hilbert space and one of the most important theorems in

machine learning: the representer theorem. Kernel methods have been greatly used in

the context of function approximation and model fitting. They proved to be successful

in solving regression problems, and several machine learning algorithms have been pro-

posed to serve this purpose, such as the kernel ridge regression [Saunders et al., 1998],

the support vector regression [Vapnik, 1995] and the vector-output regularized least

squares [Honeine et al., 2013]. These algorithms will be detailed in the succeeding chap-

ter. Kernel methods have also been used to solve classification and detection problems.

In particular, kernel methods were used to solve one-class classification problems using

the one-class support vector machines [Schölkopf et al., 2001b] or the support vector

data description [Tax and Duin, 2004]. More details are provided in Chapter 6.
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Localization is an important issue in wireless sensor networks for a very large num-

ber of applications. In this chapter, we propose a new localization approach based on

radio-location fingerprinting and kernel methods. We then develop a clusterized version

of this approach, where several local fusion centers are considered instead of only one

global fusion center. Finally, we examine the performance of the approach, in terms

of accuracy and time complexity. Moreover, we provide a thorough comparison of the

proposed approaches to well-known state-of-the-art localization techniques.

3.1 Introduction

In most wireless sensor networks applications, the data collected by the sensors are only

meaningful if they are coupled with the correct locations of the corresponding sensors.

Therefore, sensor localization has become a fundamental issue, especially because sensors

lack for a fixed infrastructure and are often able to move in an uncontrollable manner.

As we already mentioned in Chapter 1, a direct way to locate sensors is the use of Global

Positioning System (GPS) devices. However, this solution is not practical because of

the high energy consumption of GPS receivers and their limited performance in indoor

environments and other poor sky visibility. An alternative solution is to develop local-

ization algorithms that estimate the unknown sensor locations with respect to others

having fixed known locations. Two types of sensors are thus defined: those with known

positions called anchors, and the others having unknown locations called nodes. Anchor

positions can be obtained, for instance, by setting them at fixed locations with known

coordinates, whereas nodes are localized by processing the information exchanged with

anchors.

Many localization algorithms using anchors have been proposed. They are mainly based

on estimating the distances between the anchors and the nodes. Such methods are either

time-based using the time of arrival (ToA) or the time difference of arrival (TDoA)

techniques [Okello et al., 2011], angle-based using the angle of arrival (AoA) technique

[Rong and Sichitiu, 2006], or power-based by employing the received signal strength

indicator (RSSI) [Gholami et al., 2013]. Distance estimates are then combined using,

for instance, triangulation [Esteves et al., 2003] or trilateration [Manolakis, 1996] to

find nodes positions. Compared to ToA, TDoA, and AoA, RSSI-based methods are

being widely used due to their low-power consumption and cost competitiveness, since

no extra devices are needed to be integrated within each sensor. However, methods

that estimate exact distances using RSSI are not always efficient. This is due to the

fact that the signals’ powers can be altered by the presence of additive noise, multipath

fading, shadowing, and other interferences. Alternative RSSI-based methods for sensor
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localization employ connectivity measurements [Y. Shang and Fromherz, 2003]. Such

methods do not estimate the distances separating a considered node from anchors, since

distance estimates may be inaccurate. They instead compare the RSSIs measured by the

considered node to a fixed power threshold in order to set some distance constraints and

detect the neighboring anchors of the node. These methods are based on the assumption

that all anchors have ideal circular transmission ranges. The node’s position is then

given by the intersection of the communication disks of its neighboring anchors using,

for example, the particle filter [Ozdemir et al., 2009], interval analysis [Mourad et al.,

2009, 2011], polar-interval analysis [Mourad et al., 2013], the variational filter [Teng

et al., 2010], etc. For instance, Mourad et al. [2009] use intervals to perform an outer

approximation of the solution areas leading to boxes guaranteed to include the actual

locations of the nodes.

On the other hand, one can also use the fingerprinting technique for RSSI-based local-

ization [Lin and Lin, 2005]. Localization techniques based on fingerprinting are more

reliable than connectivity-based ones because they do not make any assumption on the

communications in the network. However, they need a pre-configuration phase where

a collection of fingerprints is performed to model the network, leading to a database of

fingerprints, i.e., a radio map. In the localization phase, RSSI measures collected by

any given node are combined with information from the fingerprints database in order

to locate the considered node. The advantage of fingerprinting-based techniques is that

gathering information from the network allows us to take into account many character-

istics of the environment such as multipath propagation, wall attenuation, etc. A well-

known algorithm based on location fingerprinting is the weighted K-nearest neighbor

(WKNN) algorithm [Koyuncu and Yang, 2011]. In this algorithm, the node position is

given by a weighted combination of the K nearest neighboring positions in the database;

the nearness indicator for this method is based on the Euclidean distance between the

RSSIs collected by the node and the ones in the database. Motivated by the complexity

of the RSSI patterns, Kushki et al. [2007] propose a kernelized combination algorithm

that compares the RSSI values collected by the nodes with the samples in the database.

Moreover, they provide a new method for choosing the training samples to be used

in the weighting process, instead of using the K nearest neighboring positions as with

the traditional WKNN. Another fingerprinting-based localization method is proposed in

[Wu et al., 2007], where the authors consider location estimation as a machine learning

problem and use the support vector regression for localization. However, instead of using

RSSIs of the signals exchanged in a WSN to construct a database of fingerprints, the

authors use signals from the Global System for Mobile communication (GSM) network.

It should be noted that such methods can only be used in areas where GSM coverage is

available, and that they necessitate a GSM receiver to be integrated within each sensor,
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thus limiting the power lifetime of the nodes, as well as the possible range of applications

of the method.

In this chapter, we propose an original localization approach based on radio-location

fingerprinting and kernel methods. The proposed approach is an anchor-based method

carried out first in a centralized scheme. It consists of two phases: a training phase

and a localization phase. After the fingerprints collection has been created, the train-

ing phase consists in defining a model that associates to the measured RSSIs the exact

reference positions where they are collected. In the localization phase, the RSSIs mea-

sured by a node are used with the computed model to estimate its position. The model

is estimated using kernel-based machine learning algorithms, such as the kernel ridge

regression (KRR) [Saunders et al., 1998], the support vector regression (SVR) [Vapnik,

1995] and the vector-output regularized least squares (vo-RLS) [Honeine et al., 2013].

This approach is then extended to a clusterized scheme with several local fusion centers

(i.e., cluster heads) instead of only one. As it will be shown later on within the study,

the advantages of clustering the location estimation approach are at least two-fold: on

one hand, it allows distributing the information processing among several cluster heads;

on the other hand, it reduces the probability of network failure by partitioning the flow

of information among several regions of the network (instead of being directed towards

a single fusion center). Finally, we examine the performance of the proposed frame-

work for different scenarios, and provide a thorough comparison between the different

aforementioned learning techniques in terms of accuracy and complexity. Moreover, the

proposed approach is compared to several well-known state-of-the-art techniques.

3.2 Problem Statement

The first localization approach proposed in this chapter is centralized, thus the network

has the topology illustrated in Figure 1.2(a) on page 6. In such a topology, all collected

data are transmitted to the central fusion station, where all processing and computations

are conducted. Therefore, sensors only send and receive measurements, and do not

perform any computation. More details about computation management will be given

in the sequel. The proposed algorithm is based on fingerprinting, and hence it consists

of two phases: a training phase and a localization phase. In the first subsection, a

description of the network’s configuration is given. Then, detailed descriptions of both

training and localization phases are provided.
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3.2.1 Network configuration

We consider an environment of δ dimensions, with δ = 2 for a two-dimensional envi-

ronment or δ = 3 for a three-dimensional one. Let ai, i ∈ {1, . . . , Na}, denote the

anchors having known fixed locations in the network. On the other hand, mobile nodes

are moving with unknown positions, denoted by xj , j ∈ {1, ..., Nx}, and hence they

need to be regularly localized. Without loss of generality, and since nodes are localized

independently from each other, using only anchor information, we will withdraw the

index j in the sequel. Henceforth, only one mobile node with the unknown position x

is considered, knowing that the proposed method can be similarly reproduced for all

nodes to be localized. To avoid confusion, it is worth noting that all coordinates are

δ-dimension row vectors. We list in Table 3.1 all the variables that will be used in this

chapter, along with their respective sizes. Note that Np and Z will be defined in the

following, and ℓ, d, and z are indices taking values respectively in {1, . . . , Np}, {1, . . . , δ}
and {1, . . . , Z}.

Table 3.1: List of the used variables in Chapter 3, along with their respective sizes

Notation Variable Size

δ environment dimension 1
Na number of anchors 1
Np number of reference positions 1
Z number of clusters 1

N (z) number of reference positions in a cluster z 1
ξz RSSI measure 1
ai anchor i position 1 ×δ
x node position 1 ×δ
pℓ, P ℓ,∗, p

(z)
ℓ reference position 1 ×δ

ψ(·), ψ(z)(·) estimated position model 1 ×δ
αℓ,∗ learning coefficients 1 ×δ
b bias coefficient 1 ×δ
ρ, ρℓ, ρ

(z)
ℓ vector of RSSI measures Na× 1

P matrix of reference positions Np × δ
α matrix of learning coefficients Np × δ
P ∗,d vector of reference coordinates Np× 1
β learning coefficients Np× 1
v learning vector Np× 1
K Gram matrix Np ×Np

G learning matrix Np ×Np
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3.2.2 The training phase

The objective of this phase is to collect information from the network and construct a

database of measurements that will be used in the localization phase. To this end, Np

reference positions, denoted by pℓ, ℓ ∈ {1, . . . , Np}, are generated over a uniform grid

or randomly in the studied region, as illustrated in Figure 3.1. Then, anchors broadcast

signals in the network at a fixed initial power. Meanwhile, a sensor is temporarily

placed at each reference position pℓ to detect the anchor signals and to measure their

RSSIs. All anchor signals are assumed to be received at all reference positions. Let

ρℓ = (ρa1,pℓ . . . ρaNa ,pℓ)
⊤ be the column vector of RSSIs sent by all Na anchors and

received at the position pℓ. This way, a database of Np pairs (ρℓ,pℓ) is obtained, where

ℓ ∈ {1, . . . , Np}.

reference positionanchor

(a)-uniform grid (b)-random distribution

Figure 3.1: Illustration of the fingerprinting configuration

Based on the information from the database, our objective is to define a function

ψ(·) : RNa → R
δ,

that associates to each RSSI vector ρℓ the estimated position p̂ℓ, as shown in Figure 3.2.

Kernel methods provide an elegant framework to find the model ψ (·), as it will be shown
in Section 3.3.

3.2.3 The localization phase

In the localization phase, the defined model ψ (·) is used to estimate the node’s position.

Indeed, consider the case of Figure 3.3, where a node is moving in the network and needs
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ρℓ ψ p̂ℓ

Figure 3.2: Function ψ

to be localized. This node receives signals from the Na anchors in the environment, at a

given time, measures their RSSI values, and stores them into a vector ρ. Its estimated

coordinates are then given by:

x̂ = ψ(ρ).

Note that the database construction and the computation of the model ψ(·) are per-

formed only once at the network’s fusion center, in the training phase. Then, depending

on the type of application and the type of sensors used, the localization process can

be conducted at the sensor node itself or at the fusion center. In fact, if the node to

be localized has enough computational capabilities and memory for data storage, the

fusion center can communicate the model ψ(·) to the moving node, that performs all

subsequent computations in the localization phase by itself. Otherwise, if the node does

not meet the necessary requirements for such processing, it can send the collected RSSIs

to the fusion center, where the localization will then take place.

sensor nodeanchor

(a)-uniform grid (b)-random distribution

Figure 3.3: Illustration of the localization phase
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3.3 Solving the Localization Problem

In this section, the objective is to find the model ψ (·) that associates to each entry ρℓ

the corresponding output pℓ, by taking advantage of the kernel-based machine learning.

Consider a training set {(ρℓ, pℓ,d)}
Np

ℓ=1, where d ∈ {1, . . . , δ}, and pℓ,d is the d-th element

of pℓ = (pℓ,1 . . . pℓ,δ). Let ψ(·) = (ψ1(·) . . . ψδ(·)), where ψd(·) : RNa → R estimates

the d-th coordinate in pℓ = (pℓ,1 . . . pℓ,δ), for an input ρℓ. The functions ψd (·) to be

determined are now univariate. To illustrate this, see Figure 3.4.
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.

.

.

.

.

ρℓ

ψ1

ψd

ψδ

p̂ℓ,1

p̂ℓ,d

p̂ℓ,δ

p̂ℓ

Figure 3.4: Set of functions ψd

Consider a reproducing kernel (i.e., positive definite) κ : RNa×R
Na → R, and denote by

H its reproducing kernel Hilbert space (RKHS) with the induced inner product 〈·, ·〉H
and norm ‖ · ‖H. From the reproducing property [Aronszajn, 1950], every ψd (·) of H
can be evaluated at any ρℓ ∈ R

Na by

ψd(ρℓ) = 〈ψd (·) , κ(·,ρℓ)〉H.

The function ψd (·) is obtained by minimizing the error between the model’s outputs

ψd(ρℓ) and the desired outputs pℓ,d, namely by minimizing a regularized empirical risk

as follows:

ψd = arg min
ψ
d
∈H

L
(
(p1,d, ψd(ρ1)), . . . , (pNp,d, ψd(ρNp

))
)
+ η Ω(‖ψ

d
‖2H), (3.1)

where L is an arbitrary cost function, such as the mean squared error, and Ω a strictly

monotonically increasing real-valued function on [0,∞[. Here, the second term is a reg-

ularization term, with η a positive tunable parameter that controls the tradeoff between

the fitness error and the complexity of the solution.
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All machine learning algorithms share the same fundamental foundation: the representer

theorem [Kimeldorf andWahba, 1971; Schölkopf et al., 2001a], see Section 2.3 on page 30.

It is a key property that underlines the success of the kernel methods, by allowing one

to conduct all optimizations in a space whose dimension does not exceed the size of the

training set. According to this theorem, it turns out that the problem can be reduced to

a much more computation-friendly one. Hence, the minimizer ψd(·) of the regularized

empirical risk (3.1) is expressed as a finite linear combination of the kernels centered at

the training samples ρℓ. The weights in the linear combination are estimated according

to the used cost function L and regularization term Ω of the general problem (3.1). In

fact, the fitness term L and the regularization term Ω can have different forms, thus

leading to different optimization problems and different solutions. In the following first

two subsections, we consider two distinct cases of the kernel ridge regression in which the

cost function is the mean squared loss. The support vector regression is discussed in the

third subsection, where the cost function is taken using the hinge loss. Finally, a multi-

tasking approach is considered in the fourth subsection by means of the vector-output

regularized least squares algorithm.

For the sake of clarity, we introduce the notations used in the following. Let P =

(p⊤1 . . .p
⊤
Np

)⊤. The matrix P is then of size Np × δ having pℓ,d for the (ℓ, d)-th entry,

and pℓ for the ℓ-th row. In the following, we denote the ℓ-th row of P by Pℓ,∗ and the

d-th column of P by P∗,d. The vector P∗,d operates now on all Np points for a fixed

coordinate d.

3.3.1 Using the kernel ridge regression

In this subsection, we start by defining the solution using the original form of the op-

timization problem given in [Saunders et al., 1998], that is the kernel ridge regression.

In its original form, the data driven term of (3.1) is taken using the mean squared loss,

namely

L
(
(p1,d, ψd(ρ1)), . . . , (pNp,d, ψd(ρNp

))
)
=

1

Np

Np∑

ℓ=1

(pℓ,d − ψd(ρℓ))
2.

This way, the function ψd (·) minimizes the mean quadratic error between the model’s

outputs ψd(ρℓ) and the desired outputs pℓ,d. As for the regularization term Ω(‖ψd‖2H),
it is taken in its simplest form, as ‖ψd‖2H. Now that the optimization problem is defined,

one can write the following:

ψd = arg min
ψ
d
∈H

1

Np

Np∑

ℓ=1

(pℓ,d − ψ
d
(ρℓ))

2 + η‖ψ
d
‖2H. (3.2)
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According to the representer theorem, the optimal function ψd (·) is of the following

form:

ψd(·) =
Np∑

ℓ=1

αℓ,d κ(ρℓ, ·). (3.3)

The problem is now described in a simpler form allowing the weighting coefficients αℓ,d

to be determined. Then, let α denote the matrix whose (ℓ, d)-th entry is αℓ,d. The d-th

column of α is denoted by α∗,d and its ℓ-th row by αℓ,∗.

By substituting (3.3) in (3.2), we get the following dual optimization problem in terms

of α∗,d:

α∗,d = argmin
α∗,d

(
P∗,d −Kα∗,d

)⊤ (
P∗,d −Kα∗,d

)
+ ηNpα

⊤
∗,dKα∗,d,

where K is the Np × Np Gram matrix whose (i, j)-th entry is κ(ρi,ρj), for i, j ∈
{1, ..., Np}. This is a classical quadratic regression problem, whose solution is given by

taking the derivative of the above objective function with respect to α∗,d and setting it

to zero:

−KP∗,d +K
2α∗,d + ηNpKα∗,d = 0⊤,

where 0 is a row vector of zeros of appropriate size. One can easily find the following

form of the solution:

α∗,d = (K + ηNpI)
−1P∗,d , (3.4)

where I is the Np ×Np identity matrix.

Equation (3.4) shows that the same matrix (K + ηNpI) needs to be inverted in order

to estimate each coordinate. Nevertheless, it is reasonable to collect all δ estimations

(δ being the space’s dimension) in a single matrix inversion problem, to reduce the

computational complexity, by writing:

α = (K + ηNpI)
−1P . (3.5)

Then, using model (3.3) and the definition of the vector of functions ψ(·), we define a

model that allows us to estimate all δ coordinates at once, as follows:

ψ(·) =
Np∑

ℓ=1

αℓ,∗ κ(ρℓ, ·). (3.6)
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Now that we have considered a bias-free model, we may also consider an offset in the

model as in [Suykens and Vandewalle, 1999], with

ψ(·) =
Np∑

ℓ=1

αℓ,∗ κ(ρℓ, ·) + b, (3.7)

where b is the bias parameter of size 1 × δ. Note that this offset can be added in

cases where shifting the function by a constant is not penalized [?]. Here, shifting ψ by

a constant b does not affect the regression problem since the relationship between the

positions and the RSSIs remains the same. Therefore, if we need to shift the environment

by a constant b, we only have to add b to the output given by ψ, without having to

go through the learning process all over again. If the constant b is unknown, we can

estimate it, along with α, using the following equations:

(
0

1⊤
1

K + ηNpI

)
×
(
b

α

)
=

(
0

P

)
,

where 1 is a row vector of ones of appropriate size. This is a linear system that can be

easily solved in order to compute α and b.

3.3.2 Using the kernel ridge regression by regularizing the α∗,d

In this subsection, the function ψd(·) ∈ H is taken as in (3.3). However, the regulariza-

tion term is taken equal to ‖α∗,d‖2 instead of ‖ψ
d
‖2
H
. This way, we get the following

regularized risk:

min
ψ
d
∈H,α∗,d

1

Np

Np∑

ℓ=1

(
(pℓ,d − ψ

d
(ρℓ)

)2
+ η‖α∗,d‖2. (3.8)

The relationship between the kernel ridge regression using the optimization problem

in (3.2) and the minimization of (3.8) will be shown in the following remark. The

substitution of (3.3) into (3.8) allows us to write the problem in terms of α∗,d as follows:

min
α∗,d

(
P∗,d −Kα∗,d

)⊤ (
P∗,d −Kα∗,d

)
+ ηNpα

⊤
∗,dα∗,d.

The solution is obtained by taking the derivative of the above objective function with

respect to α∗,d and setting it to zero, namely:

−KP∗,d +K
2α∗,d + ηNpα∗,d = 0⊤.
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This leads to the following form of α∗,d :

α∗,d = (K2 + ηNpI)
−1KP∗,d.

By collecting the δ estimations as in the previous subsection, we avoid inverting δ times

the matrix (K2 + ηNpI). We then get:





α = (K2 + ηNpI)
−1KP ,

ψ(·) =
Np∑

ℓ=1

αℓ,∗ κ(ρℓ, ·).

Here, we may also consider an offset in the model as in (3.7). We obtain a linear system,

which can be easily solved to estimate the unknown variables, given by the following:

(
0

1⊤

1

K2 + ηNpI

)
×
(
b

α

)
=

(
0

KP

)
.

Remark 3.1. Note that the optimization problem in (3.2) and the minimization of (3.8)

are connected. In fact, both problems have the form given in (3.1), the fitness term

being identical; the difference then resides in the second term, i.e., the regularization.

From (3.2), we have:

Ω(‖ψd‖2H) = ‖ψd‖2H
= α⊤

∗,dKα∗,d.

Using Rayleigh’s inequalities, we write:

λminα
⊤
∗,dα∗,d ≤ α⊤

∗,dKα∗,d ≤ λmaxα
⊤
∗,dα∗,d,

where λmin and λmax are respectively the smallest and the largest eigenvalues of K.

Therefore, we have:

λmin‖α∗,d‖2 ≤ ‖ψd‖2H ≤ λmax‖α∗,d‖2.

By considering these inequalities, one can see that minimizing ‖α∗,d‖2 results in mini-

mizing ‖ψd‖2H and vice versa. In fact, on one hand, the minimization of (3.8) constrains

the norm ‖α∗,d‖2, which leads to an upper bound on ‖ψd‖2H, since ‖ψd‖2H ≤ λmax‖α∗,d‖2.
On the other hand, in (3.2), the norm ‖ψd‖2H is constrained, providing an upper bound

on ‖α∗,d‖2 as well, since λmin‖α∗,d‖2 ≤ ‖ψd‖2H.
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3.3.3 Using the support vector regression

In this subsection, the support vector regression (SVR) with the ǫ-insensitive loss func-

tion, introduced by Vapnik [1995], is used to find the model ψd(·). The goal is to find

ψd(ρℓ) that has a maximum deviation of ǫ from the target pℓ,d for all the training data,

and that is, at the same time, as flat as possible. In other words, errors are accepted as

long as they are less than ǫ, such that |pℓ,d−ψd(ρℓ)| ≤ ǫ. Consequently, the data fidelity

term is given by:

L
(
(p1,d, ψd(ρ1)), . . . , (pNp,d, ψd(ρNp

))
)
=

1

2Np

Np∑

ℓ=1

max(0, |pℓ,d − ψd(ρℓ)| − ǫ).

As for the regularization term, it is set to Ω(‖ψd‖2H) = ‖ψd‖2H. The two quantities η > 0

and ǫ ≥ 0 are tunable parameters that determine the tradeoff between the regularization

and the fit to the training set.

Following [Gunn, 1998; Smola and Schölkopf, 2004], the dual formulation of the opti-

mization problem is given in terms of the Lagrange multipliers α∗,d and α̃∗,d by the

following:

max
α∗,d, α̃∗,d

Np∑

ℓ=1

(α̃ℓ,d (pℓ,d − ǫ)− αℓ,d (pℓ,d + ǫ))− 1

2

Np∑

ℓ=1

Np∑

j=1

(α̃ℓ,d − αℓ,d)(α̃j,d − αj,d)κ(ρℓ,ρj),

with the following constraints

0 ≤ αℓ,d, α̃ℓ,d ≤
1

2ηNp
, ℓ ∈ 1, . . . , Np and

Np∑

ℓ=1

(αℓ,d − α̃ℓ,d) = 0. (3.9)

Solving the dual optimization problem with the constraints (3.9) determines the La-

grange multipliers, while also having the following form of the regression function:

ψd(·) =
Np∑

ℓ=1

(αℓ,d − α̃ℓ,d)κ(ρℓ, ·) + b.

One way to compute the offset b is given in [Smola and Schölkopf, 2004] as follows:

b = pℓ,d −
Np∑

ℓ=1

(αℓ,d − α̃ℓ,d)κ(ρℓ,ρℓ)− ǫ for αℓ,d ∈ (0,
1

2ηNp
),

b = pℓ,d −
Np∑

ℓ=1

(αℓ,d − α̃ℓ,d)κ(ρℓ,ρℓ) + ǫ for α̃ℓ,d ∈ (0,
1

2ηNp
).
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Other techniques for computing the offset b are discussed in [Gunn, 1998; Keerthi et al.,

1999; Smola and Schölkopf, 2004].

In matrix form, the dual problem with the constraints in (3.9) can be written as,

max
α∗,d, α̃∗,d

2

(
−ǫ1⊤ + P∗,d

−ǫ1⊤ − P∗,d

)⊤(
α∗,d

α̃∗,d

)
−
(
α∗,d

α̃∗,d

)⊤(
K −K
−K K

)(
α∗,d

α̃∗,d

)

subject to

(
1 −1

)( α∗,d

α̃∗,d

)
= 0 and α∗,d, α̃∗,d ∈

[
0,

1

2ηNp

]Np

.

We now have a quadratic programming problem, whose solution is found using an off-the-

shelf optimization technique. For instance, one can use the Matlab function quadprog.

Note that this problem has to be solved δ times in order to obtain δ models, one model

per coordinate. This results in high complexity in terms of computations and time. In

the following subsection, we describe the vector-output regularized least squares, which

allows us to define a vector-output model capable of simultaneously estimating all δ

coordinates.

3.3.4 Using the vector-output regularized least squares

In the previous algorithms, δ optimization problems are set separately to define δ univari-

ate models ψd(·), one per coordinate. In this subsection, a single optimization problem

is considered to estimate simultaneously all δ coordinates. To this end, a vector-output

model ψ(·) is determined by exploring multi-task learning. Recently, such a learning

has become essential for solving a variety of practical problems that necessitate the

estimation of vector-output functions. For instance, Micchelli and Pontil [2005] and Ev-

geniou et al. [2005] presented a framework to study the problem of learning vector-output

functions, and the goal was to extend the single-task kernel methods, which have been

successfully used in recent years, to multi-task learning. Argyriou et al. [2008] showed

that the representer theorem could still be used in the case of multi-task learning. In

this subsection, we take advantage of multi-task learning by using the vector-output

regularized least squares (vo-RLS) algorithm [Honeine et al., 2013] to estimate all δ

coordinates at once. Therefore, we now determine the function ψ (·), whose output

is a position vector of dimension δ, without having to separately determine the set of

functions ψd (·).
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In multi-task learning, ψ (·) takes the following form:

ψ(·) =
Np∑

ℓ=1

βℓPℓ,∗ κ(ρℓ, ·),

where βℓ, ℓ ∈ {1, . . . , Np}, are parameters to be defined. In the following, let β =
(
β1 . . . βNp

)⊤
be the vector whose ℓ-th element is βℓ. We then consider the following

optimization problem:

min
ψ,β

1

Np

Np∑

ℓ=1

‖Pℓ,∗ −ψ(ρℓ)‖2 + η‖β‖2. (3.10)

By substituting the expression of ψ(·) in the above optimization problem, we get the

following problem formulation in matrix form:

β = argmin
β

Tr(PP⊤)− 2v⊤β + β⊤Gβ + ηNpβ
⊤β, (3.11)

where Tr(·) is the matrix trace operator, G is the Np ×Np matrix whose (j, k)-th entry

is given as follows:

Pj,∗P
⊤
k,∗

Np∑

i=1

κ(ρj,ρi)κ(ρk,ρi),

and v is the Np × 1 vector whose j-th entry is given by:

Np∑

k=1

Pj,∗P
⊤
k,∗ κ(ρj,ρk).

By taking the gradient of the objective function in (3.11) with respect to β, and setting

it to zero, we obtain the following:

−v +Gβ + ηNpβ = 0.

The final solution can then be written as follows:

β = (G+ ηNpI)
−1v.

Having estimated the vector β, it is now possible to determine the needed model ψ(·).
It is worth noting that Np unknown variables need to be computed in this algorithm,

while Np× δ unknown variables need to be found for the previous algorithms. However,

in the localization phase, using the vo-RLS model, we need the reference RSSI measures,

as well as the reference positions, to localize a node using the model ψ defined in this

subsection, whereas for the previous algorithms, only the reference RSSI measures are
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needed.

3.4 Clusterized Version of the Method

Several topologies exist for wireless sensor networks. Each topology has its own limi-

tations and its own advantages, as was explained in Chapter 1 Subsection 1.1.2. We

proposed earlier a centralized localization approach, where all information are sent to

one fusion center or to the sensor node, if the latter has the computational capacities

of a fusion center. Information processing is then limited to only one entity, the fusion

center or the sensor node. We introduce in this section an extension of the proposed

centralized localization approach that allows us to localize sensor nodes in a clusterized

framework, where several entities participate in the localization process. We first discuss

the motivation behind this extension, then we describe the clusterized approach.

3.4.1 Motivation

As we already explained in Subsection 1.1.2 on page 4, using a centralized scheme

provides high quality processing; however, it might reduce the lifetime and utility of the

network because of the high transmission cost of all measurements to the fusion center.

In clusterized algorithms, local information exchanged between neighboring nodes is

processed locally and, hence, information processing is no more limited to one fusion

center. Compared to the centralized strategy, the clusterized approach is more robust

to failures, since several fusion centers, also called cluster heads, are engaged. It is also

less energy consuming and thus more adapted to the WSN limitations. Moreover, such

an approach is particularly useful for large-scale sensor networks.

3.4.2 Description of the approach

In order to obtain a clusterized version of the already described localization approach,

we propose to partition the region of interest into Z distinct clusters depending on

the characteristics of the environment. Each cluster has its own fusion center, that

is its cluster head, capable of handling data, performing calculations, and exchanging

information with the sensors. These smart devices have fixed known locations and can

be placed anywhere in a cluster. Without loss of generality, we consider that clusters are

rectangular, each having one cluster head located at its center, as shown in Figure 3.5.

The basic idea now is to apply the centralized localization algorithm locally at every

cluster head. Consequently, for the training phase, only the reference positions in the
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reference positionanchor cluster head

Figure 3.5: Illustration of the clusterized configuration

considered cluster will be taken into account. Let p
(z)
ℓ , ℓ ∈ 1, . . . , N (z), denote the refer-

ence positions in a considered cluster z, z ∈ {1, ..., Z}, and let N (z) denote their number.

All anchors signals are assumed to be received at all reference positions regardless of

their clusters. Let ρ
(z)
ℓ = (ρ

a1,p
(z)
ℓ

, . . . , ρ
aNa ,p

(z)
ℓ

)⊤ be the RSSI vector of signals received

from the Na anchors at the position p
(z)
ℓ , with ℓ ∈ {1, ..., N (z)}. Therefore, for each

cluster z, a local power map is obtained, composed of N (z) couples
(
ρ
(z)
ℓ ,p

(z)
ℓ

)
. Once

the local map is set, the algorithm aims at defining a function ψ(z)(·) that associates

to each RSSI vector ρ
(z)
ℓ , for ℓ ∈ {1, ..., N (z)}, the corresponding position p

(z)
ℓ . The

definition of the function ψ(z)(·) is done according to Section 3.3 of this chapter, using

any of the aforementioned learning algorithms.

Then, in the localization phase, the node to be localized measures the RSSIs of the

signals received from all anchors at a given time, and stores them in the vector ρ. Then,

the considered node sends its RSSI vector to all the cluster heads located within its

communication range. Let I be the set of indices of the cluster heads detected by the

node. Cluster heads referred in I apply their estimated functions ψ(z)(·) to the RSSI

vector ρ to compute local estimates of the node’s position as follows:

x̂(z) = ψ(z)(ρ), z ∈ I.
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Then, a global estimate is given by a combination of all local estimates using:

x̂ =
∑

z∈I

wz x̂
(z).

The quantities wz are weights estimated by using the distances separating the node

from the cluster heads. Indeed, the closer the node to a given cluster head, the more

reliable the cluster head’s estimate and thus the greater the corresponding weight. Since

distances to cluster heads are not available, we will use instead the powers of the signals

emitted by the nodes while sending their RSSI vectors to the cluster heads. Let ξz be

the RSSI of the message sent by the node to be localized to the cluster head z. Since

signal powers decrease with the increase of their traveled distance, the closer the node

to the cluster head z, the greater ξz. In order to give more importance to the estimates

given by the closest cluster heads to the node, we propose the following expression for

the weights wz:
exp(ξz)∑
v∈I exp(ξv)

, z ∈ I. (3.12)

By using several fusion centers, the proposed method is more robust to failures compared

to the centralized scheme where only one fusion center is considered. Indeed, a failure

of the fusion center in the centralized method is fatal, whereas it is much less binding

in this clusterized method, since many fusion centers exist. Also, the localization in this

method is less energy consuming, since nodes only send information to cluster heads in

their sensing range, whereas in the centralized scheme data must be routed to a single

fusion center regardless of the distance to be traveled. Moreover, in the training phase,

less computations are needed, since Np reference positions are considered for the global

model in the centralized approach, while N (z) < Np reference positions are considered

for the local model assigned to a given cluster z. In addition, the computations are

less complex, especially for the matrix inversion process; indeed, the Gram matrix K

is of size Np × Np for the centralized approach, whereas in the clusterized approach,

the local Gram matrices are of size N (z) ×N (z). As for the localization phase, we need

less memory storage for the clusterized approach. In fact, in the localization phase,

we only need the reference RSSI measures and the learning coefficients to estimate a

node’s position. In the centralized approach, Np reference RSSI measures and Np×δ+1

learning coefficients are stored in the global fusion center, whereas in the clusterized

approach, N (z) < Np reference measures and N (z)× δ+1 learning coefficients are stored

in the cluster head of a given cluster z.
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3.5 Simulation and Experimental Results

In this section, we first highlight the performance of the centralized method applied for

different learning algorithms. To this end, we expose the results obtained when using

each of the learning algorithms described in Section 3.3, for different scenarios. In the

first subsection, the proposed centralized method is tested on simulated data, and results

are compared for different machine-learning techniques. In the second subsection, we

test the performance of our method using real data gathered in a 10 m × 10 m real

indoor environment [Zanca et al.]. In the third subsection, we compare the centralized

localization approach to its clusterized version for both real and simulated data. In

the final subsection, the results obtained with the centralized and clusterized methods

are compared to the ones obtained when performing localization using connectivity

information, as well as the weighted K-nearest neighbor (WKNN) algorithm and the

method that uses kernelized calculation proposed in [Kushki et al., 2007].

In the following, we consider the Gaussian kernel (Subsection 2.2.5 on page 28) given

by:

κ(ρs,ρs′) = exp

(−‖ρs − ρs′‖2
2σ2

)
, (3.13)

where σ is the bandwidth of the Gaussian kernel. This quantity, together with the

regularization parameter η, controls the degree of smoothness, noise tolerance, and gen-

eralization of the solution. It is important to mention that the choice of the regular-

ization parameter η and the kernel parameters are performed using the cross-validation

technique. This approach is a statistical method that consists in dividing data into two

segments: one for training the model and the other one for validating it [Stone, 1974].

The k-fold cross-validation, which is the basic form of cross-validation, is used here;

it consists in partitioning the data into k roughly equally sized folds. Subsequently, k

iterations of training and validation are performed such that, within each iteration, k−1

folds are used for learning and the remaining one for validation. In each iteration, the

error on the validation set is computed for different values of the tuning parameters.

Then, the values of the parameters that give a minimum average error for all iterations

are retained. In the following, the cross-validation technique finds the optimal values of

the parameters η and σ with a grid search over ηNp = 2s with s ∈ {−20,−19, · · · ,−1}
and σ = 2s

′
with s′ ∈ {1, 2, · · · , 10}.

3.5.1 Evaluation of the centralized method on simulated data

In this subsection, we evaluate the performance of the centralized method, in terms of

accuracy, using simulated data. To this end, we consider a 100 m × 100 m area, with
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16 static anchors and 100 reference positions on a uniformly grid over the area. The

RSSI values are obtained using the well-known path-loss propagation model [Medeisis

and Kajackas, 2000] given by:

ρai,pℓ = ρ0 − 10nP log10 ‖ai − pℓ‖+ εi,ℓ, (3.14)

where ρai,pℓ (in dBm) is the power received from the anchor at position ai by the node

at position pℓ, that is the i-th entry of the vector ρℓ, ρ0 is the power at a distance of 1 m

set to 1 dBm, nP is the path-loss exponent set to 4 (as often given in the literature),

‖ai − pℓ‖ is the Euclidian distance between the position pℓ of the considered node and

the anchor position ai. Finally, εi,ℓ is the noise affecting the RSSI measures with σρ its

standard deviation.

Then, we generate the trajectory given in Figure 3.6. Using the defined RSSI model, we

determine the RSSI measures of the signals exchanged between the moving node and the

anchors, i.e., ρ. The trajectory is estimated using different machine-learning algorithms

(in the case of bias-free models), for noiseless RSSI measures. The estimation errors (in

meters), measured by the root mean squared distance between the exact positions and

the estimated ones, are shown in Table 3.2. We notice that the kernel ridge regression

and the vo-RLS yield close results, and that the best result is obtained when using the

kernel ridge regression from Section 3.3.1, with an estimation error of 0.17 m. Then, to

evaluate the robustness of our method against noise, we add a zero-mean Gaussian white

noise of standard deviation σρ =1 dBm to the RSSI values. The obtained estimation

errors are averaged over 50 Monte-Carlo simulations for the different learning algorithms,

and are shown in Table 3.3. We notice that the best estimations are also obtained when

using the kernel ridge regression and the vo-RLS. In the following, we evaluate the time

complexity and the memory consumption of the centralized method when using each of

the aforementioned learning algorithms. We then study the influence of the number of

anchors Na and the number of reference positions Np on the performance of the method,

i.e., on the estimation error.

3.5.1.1 Evaluation of the time complexity

In the aim of evaluating the time complexity of our method when using each of the

aforementioned learning algorithms, we measure the elapsed time for the training phase

for each one of them. Simulations are run on version 7.10.0.499 of Matlab on a Dell

laptop with Windows 7 and Intel Core i7 CPU. The measured time intervals are stored

in Table 3.4. One can see that the training phase for the kernel ridge regression is the

fastest; indeed, its elapsed time is around 8 milliseconds, while 15 seconds are needed for
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Figure 3.6: Estimation of the trajectory in the absence of noise and with a grid distri-
bution

the training phase of the ǫ-SVR. Note that the high training time needed for the ǫ-SVR

can be explained by the fact that the function quadprog is used to solve the problem,

as we already explained in Subsection 3.3.3. It is also worth noting that finding the

optimal values for the tuning parameters η and σ is the most complex part in terms of

computations and time, since one has to repeat the training phase a number of times

depending on the number of folds considered and on the range of the variables. The

measured time intervals for finding the optimal values of η and σ, using a 10-fold cross-

validation in our case, are stored in Table 3.5. It is easy to see that the ǫ-SVR has the

worst performance when it comes to studying time complexity and also estimation error.

Finally, Table 3.6 shows the elapsed time needed to estimate a trajectory point in the

localization phase. Here, one can see that all learning algorithms yield fast estimation

times.
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Table 3.2: Estimation errors (in meters) for the different techniques, using noiseless
simulated data

Learning algorithm Mean error

KRR 0.17
KRR with bias 0.17
KRR (α) 0.59
KRR (α) with bias 0.70
0-SVR 2.22
0.1-SVR 1.10
0.25-SVR 1.72
0.5-SVR 3.13
1-SVR 1.37
2-SVR 2.23
vo-RLS 0.45

Table 3.3: Estimation errors for the different techniques, using noisy simulated data

Learning algorithm Mean error

KRR 1.88
KRR with bias 1.87
KRR (α) 1.92
KRR (α) with bias 1.95
0-SVR 2.46
0.1-SVR 2.69
0.25-SVR 2.67
0.5-SVR 2.35
1-SVR 2.42
2-SVR 2.36
vo-RLS 2.09

Table 3.4: Elapsed training time for the different techniques

Learning algorithm Elapsed time

KRR (all models) 8 ms
ǫ-SVR 15 000 ms
vo-RLS 25 ms

3.5.1.2 Evaluation of the memory consumption

Now, to assess the memory consumption of the proposed methods, we consider the

number of necessary variables in the localization phase, i.e., the number of variables

that are stored in the fusion center to be used for the localization process. Table 3.7

shows the number of variables for all of the considered training algorithms. One can see

that the bias-free kernel ridge regression necessitates the smallest number of variables in
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Table 3.5: Elapsed cross-validation time for the different techniques

Learning algorithm Elapsed time

KRR (all models) 16 s
ǫ-SVR more than five hours
vo-RLS 50 s

Table 3.6: Elapsed position estimation time for the different techniques

Learning algorithm Elapsed time

KRR (all models) 0.3 ms
ǫ-SVR 1.5 ms
vo-RLS 1.7 ms

the localization phase, while the highest number of variables needed is for the vo-RLS,

since Np is significantly higher than δ.

Table 3.7: Number of stored variables for the different techniques

Learning algorithm Number of variables

KRR Np(Na + δ) + 1
KRR with bias Np(Na + δ) + δ + 1
ǫ-SVR Np(Na + δ) + δ + 1
vo-RLS Np(Na + δ + 1) + 1

3.5.1.3 Infuence of Na and Np

We now study the effect of the number of anchors and the number of reference positions

on the performance of the method. We consider noiseless data and the same scenario

as the one used in Figure 3.6. The number of reference positions Np is fixed and set

to 100, and we vary the number of anchors, such that Na = 12, 22, . . . , 202. In this

paragraph, we consider a bias-free model obtained using the kernel ridge regression

learning algorithm of Subsection 3.3.1, since this model yields the best results with

noiseless data as shown before. Figure 3.7 shows the evolution of the estimation error

in terms of the number of anchors. For the results in Figure 3.8, we consider the same

settings, and fix the number of anchors to 16, but vary the number of reference positions,

Np = 52, 62, . . . , 252. By comparing the obtained results, one can notice that the changes

in the number of anchors do not affect the estimation error as much as the changes in

the number of reference positions. Indeed, increasing the number of reference positions

allows a better coverage and a better knowledge of the environment, which explains the

improvement in the results. For instance, for Np = 252 = 625 and Na = 16, we get

a low estimation error of 0.0045 m, but with a significant increase in the algorithm’s
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complexity, compared to the case where Np = 25 for example. Therefore, depending

on the practical system constraints, a tradeoff should be found between the algorithm’s

accuracy and the computational load.

Also, notice the irregularities in the curve representing the estimation error as a function

of the number of anchors. In fact, the high positioning error is actually related to the

proximity of the trajectory to the anchors. Indeed, with very small distances between

the node and the anchors, the RSSIs get higher and also highly vary even with small

distance variations. This is due to the logarithmic relationship between the distance

and the RSSI. Now with some anchors configurations, if the node comes very close to an

anchor, the error on its estimated position could get high and thus it affects the whole

estimation error, which was the case with 225 and 250 anchors, where the estimated

trajectory deviates from the original one at really close positions to anchors. A possible

solution to this problem could be a dynamic selection of the anchors to be included in

each position estimation, using, for instance, a predefined threshold on the power level

of the signals received by the node from the anchors (to replace the unavailable distance

information). However, such solution would only be appropriate when the estimation

is performed at a fusion center with sufficient resources, and not at the sensor node,

because of the significant increase in the computational load.
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Figure 3.7: Estimation error as a function of the number of anchors
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Figure 3.8: Estimation error as a function of the number of reference positions

3.5.1.4 Influence of choosing a random distribution

We now consider a random uniform distribution of the 16 anchors and the 100 reference

positions, instead of a uniform grid. We repeat the experiment 50 times for the kernel

ridge regression algorithms and only once for the 0.1-SVR. The 0.1-SVR is chosen for

comparison because it yields one of the lowest estimation errors in the noiseless setup,

as shown in Table 3.2. However, the experiment is done only one time because of the

huge time complexity of this algorithm. The mean estimation errors (in meters) are

shown in Table 3.8 in the case of noiseless data, and in Table 3.9 for noisy data, with

an additive zero-mean Gaussian white noise with standard deviation equal to 1 dBm.

In both tables, σMSE is the standard deviation of the mean estimation error. Figure 3.9

shows the generated trajectory and the estimated one using noiseless RSSIs and a random

distribution. Compared to the results obtained when the anchors and reference positions

are over uniform grids, one can see that the estimation error increases with the use of

random distributions. This can be explained by the fact that a uniform grid allows a

better coverage of the region of interest, while a random distribution does not always

guarantee a good coverage of the region. Nevertheless, the results are still satisfactory,

and random distributions can still be used for accurate localization when uniform grids

are not applicable.
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Table 3.8: Estimation errors for the different techniques with a random distribution
and for noiseless simulated data

Learning algorithm Mean error σMSE

KRR 0.33 0.23
KRR with bias 0.45 0.40
KRR (α) 1.13 0.61
KRR (α) with bias 1.14 0.52
0.1-SVR 2.62 -
vo-RLS 1.25 0.27

Table 3.9: Estimation errors for the different techniques with a random distribution
and for noisy simulated data

Learning algorithm Mean error σMSE

KRR 2.71 1.09
KRR with bias 2.55 0.82
KRR (α) 2.87 1.63
KRR (α) with bias 2.55 0.57
0.1-SVR 2.83 -
vo-RLS 3.46 0.82

3.5.2 Evaluation of the centralized method on real data

In this subsection, we study the performance of the centralized localization approach in

the case of real collected data, for the different learning algorithms. The set of collected

measurements used in this study are available from [Zanca et al.]. The measurements

are performed in a room of approximately 10 m × 10 m, where 48 EyesIFX nodes

are deployed over a uniform grid. Furniture and people in the room cause multi-path

interferences affecting the collected RSSI values. Five nodes are chosen to be anchors,

leaving us with 43 nodes to use as reference positions, that is 43 RSSI/position pairs

(ρ̈i, p̈i), i ∈ {1, 2, . . . , 43}. To get better results in the training process, we generate

additional reference positions in order to get a total of 100 reference positions. This is

done using a weighting function that relies on the Euclidian distance between the existing

points and the new ones, such that ρℓ =
∑43

i wiρ̈i, with wi =
exp(−‖pℓ−p̈i‖)∑100

j=1 exp(−‖pℓ−p̈j‖)
. We

generate the trajectory in the same manner, and apply the proposed method to estimate

the node’s position as shown in Figure 3.10. Table 3.10 shows the estimation errors,

in meters, for the different learning algorithms. The lowest estimation error is again

obtained with the kernel ridge regression of Subsection 3.3.1. The other results are also

satisfactory. However, we should recall that the ǫ-SVR does not allow a rapid localization

because of its high complexity in terms of computation time.
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Figure 3.9: Estimation of the trajectory in the absence of noise and with a random
distribution of the anchors and reference positions

Table 3.10: Estimation errors for the different techniques, using real data

Learning algorithm Mean error

KRR 0.34
KRR with bias 0.35
KRR (α) 0.42
KRR (α) with bias 0.56
0.1-SVR 0.41
0.25-SVR 0.53
0.5-SVR 0.62
vo-RLS 0.41

3.5.3 Centralized vs clusterized estimation

In this subsection, we consider the clusterized localization approach introduced in Sec-

tion 3.4, and evaluate its performance in the case of simulated data and then for real

data. We then compare the results to the ones obtained with the centralized approach

when using the kernel ridge regression learning algorithm.
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Figure 3.10: Estimation of the trajectory using real data

For the evaluation on simulated data, we first consider noiseless data and the same

topology as in Figure 3.6. We generate the RSSI measures of the signals exchanged

between the moving node and the anchors using (3.14), with the same parameters as in

the beginning of Subsection 3.5.1. The RSSI measures of the signals exchanged between

the moving node and the cluster heads, i.e., ξ(z), z ∈ {1, ..., Z}, are also generated using

the defined RSSI model. The area is partitioned into four clusters (Z =4). The estima-

tion error is equal to 0.14 m in the case of the clusterized approach, whereas with the

centralized approach, it is equal to 0.17 m. We then add a zero-mean Gaussian white

noise of standard deviation σρ =1 dBm to the RSSI values. The estimation error is

equal to 1.30 m for the clusterized approach, while the centralized version yields 1.23 m

of errors. Both centralized and clusterized methods have almost the same efficiency

when the noise is spread in the same way all over the network. In fact, in the absence

of noise, the creation of several local maps, with a weighted fusion of the different esti-

mations, yields better estimates compared to the centralized approach. However, in the

case of noisy data, highly corrupted RSSIs will affect more than one cluster estimation

(especially in the localization phase), leading to a spatial spreading of errors that will

greatly affect the fusion, compared to a single estimation performed at one fusion center.
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Not forgetting also that the weights used in the fusion (equation (3.12)) are based on

power estimations that are also affected by noise. Besides its robustness, the clusterized

approach outperforms the centralized one in terms of computation complexity. Indeed,

while the clusterized scheme requires only O((N (z))3) for the matrix inversion, with

N (z) =25 in this case, the centralized scheme considers all the reference positions at

once with O(Np
3), where Np =100.

Afterwards, we compare both centralized and clusterized schemes in the case of real col-

lected data. We consider the same scenario as the one described in the Subsection 3.5.1.

Figure 3.11 shows the considered topology, where the region of interest is partitioned

into nine clusters, as well as the estimated trajectories using both approaches. The

estimation error is equal to 0.28 m for the clusterized approach and to 0.34 m for the

centralized approach. Since, in the practical setup, noise is not necessarily uniformly

distributed among clusters (as in simulated data), dividing the region into clusters allows

some of the local models to be less affected by errors than others. This form of diversity

is absent in the centralized model where a single model is created from the noisy data

to cover the whole region.
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Figure 3.11: Estimation of the trajectory using real data with the clusterized approach
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3.5.4 Comparison to the state-of-the-art

The objective of this subsection is to provide a comparison of the proposed centralized

localization approach with respect to two well-known localization techniques: localiza-

tion by connectivity and localization using the weighted K-nearest neighbor algorithm

(WKNN) for different weighting methods. Comparisons are made with respect to the

results obtained with the kernel ridge regression of Subsection 3.3.1, since it yields the

best results, as shown previously.

Localization by connectivity [Y. Shang and Fromherz, 2003] is a simple technique that

only uses neighboring anchors information and RSSI measures. All anchors are consid-

ered to have the same transmission range, which is an ideal disk with an equal transmis-

sion radius. A node’s position is found by determining the intersection of all the range

disks of the anchors detected by this node. However, this technique can only provide

a coarse-grained estimate of each node’s location. In addition, the localization error is

highly dependent on the node density in the network, the number of anchors, and the

network topology [Mao et al., 2007]. The results in Table 3.11 show the high influence

of the number of anchors on the connectivity-based method, while our proposed method

maintains a low level of estimation error in all cases. Moreover, our method outperforms

the connectivity-based method in all situations, with a decrease of the estimation error

by more than 75%. In terms of computation time, the advantage of the connectivity-

based method is that it does not need training computations. However, in the case of

16 anchors, finding the position of a trajectory point with the kernel ridge regression

takes about 0.3 milliseconds as we already stated in Table 3.6, whereas the connectivity

algorithm takes around 3.8 milliseconds. Furthermore, when estimating the whole tra-

jectory, that is 100 consecutive positions, the time needed for the connectivity is even

higher than the total complexity of the training and localization phases together, using

the kernel ridge regression. For all these reasons, the kernel ridge regression method

seems to be the most convenient one to the considered context, as it globally presents

the best performance with the lowest overall complexity. Moreover, when 196 anchors

are deployed, the connectivity algorithm takes about 150 milliseconds to estimate a point

of the trajectory, while the kernel ridge regression only needs 0.5 milliseconds. There-

fore, we conclude that the kernel ridge regression method necessitates less computation

time for the trajectory estimation, compared to connectivity, once the model has been

defined.

Let us now consider the weighted K-nearest neighbor (WKNN) algorithm [Koyuncu and

Yang, 2011]. This algorithm relies on the Euclidean distances between the RSSI values

received by the node to be localized and the fingerprints in the database, to provide an

estimation of the node’s position. Let distℓ = ‖ρ−ρℓ‖ be the Euclidean distance between
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Table 3.11: Estimation errors of the proposed centralized method compared to the
connectivity-based one, with noiseless data

No. of anchors (Na) 16 64 81 100 196

Connectivity 7.44 3.20 3.02 2.61 1.92

Proposed method 0.17 0.51 0.61 0.65 0.22

the RSSI vector ρ of the mobile node and ρℓ of the database where ℓ ∈ {1, . . . , Np}.
Also, let I be the set of indices of ρℓ yielding the K smallest distances distℓ (i.e., from

the K nearest neighbors). Then, the node’s position is estimated by:

x̂ =
∑

k∈I

wkpk,

where pk is one of the nearest reference positions neighboring the node, and wk is

the corresponding normalized weighting factor. Note that the weighting factor highly

influences the position accuracy; in fact, nearer neighbors should have higher weights,

in order to contribute more to the position coordinates, compared to further neighbors

(i.e., with lower weights). Therefore, weights should be chosen in a decreasing manner

with respect to the distances. Weight values often considered in the literature are listed

in Table 3.12, “A” to “E”. Table 3.13 shows the estimation errors using WKNN for

different weight functions and the proposed centralized approach using the kernel ridge

regression, in the case of noiseless simulated data. On the other hand, in Table 3.14,

the results shown are obtained in the case of RSSI measures corrupted by an additive

zero-mean Gaussian white noise of standard deviation equal to 1 dBm. In Table 3.15,

estimation errors are presented for the case of real data. Optimal values of K are found

using the 10-fold cross validation, for K ∈ {1, 2, . . . , 15}. Notice that in all the presented

scenarios, the proposed localization approach outperforms the WKNN method, in terms

of accuracy. However, estimating a trajectory point takes about 0.2 millisecond when

using the WKNN; therefore, the WKNN algorithm slightly outperforms the kernel ridge

regression in terms of time consumption, but with less estimation accuracy.

As for the localization method proposed in [Kushki et al., 2007], it also uses weighted

combinations of a set of fingerprints from the training database. However, instead of

using the K nearest neighbors, the authors present a new method for selecting this set

of fingerprints. Indeed, they propose a spatially localized averaging strategy wherein

anchor coverage information is used to retain a subset of spatially relevant reference po-

sitions. This is done based on the premise that reference positions close to the node, at

a given step, are covered by a similar set of anchors. A real-time anchor selection algo-

rithm is also proposed, where the anchors yielding the strongest RSSIs are first selected.

Then, the correlation between RSSIs is considered in order to obtain a representation

with minimal redundancy, reducing again the number of anchors. It is worth noting
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that in [Kushki et al., 2007], many samples of RSSI are collected for each reference

position. However, since in our simulations only one RSSI vector per reference position

is considered, the number of samples becomes equal to 1. Then, the weight used in

[Kushki et al., 2007] is given by “F” in Table 3.12, where S is the set of fingerprints

obtained after the spatial filtering, τ is the number of selected anchors, and distk is the

Euclidean distance between the RSSI vectors of the node and the considered reference

position, while only taking into account the RSSI components corresponding to the se-

lected anchors. The parameter ς is chosen according to the authors’ definition. The

anchor selection is performed on the five strongest anchors, then three of these anchors

are chosen using the redundancy information. The smallest estimation errors obtained

for the different proposed scenarios are given in Table 3.13, 3.14, and 3.15. One can see

that our proposed method clearly outperforms the one in [Kushki et al., 2007]. As for

the time complexity of the latter, we found that the elapsed time for the estimation of

a trajectory point is about 1.9 milliseconds, which is much higher than the kernel ridge

regression execution time.

Table 3.12: List of selected weight factors wk

Type Expression of wk
“A” 1/K

“B” 1/distk∑
v∈I 1/distv

“C”
1/dist2k∑
v∈I 1/dist

2
v

“D”
1/dist3k∑
v∈I 1/dist

3
v

“E” exp(−distk)∑
v∈I exp(−distv)

“F”
1

(
√

2πς)τ
exp(−

dist2k
2ς2

)

∑
v∈S

1
(
√

2πς)τ
exp(−

dist2v
2ς2

)

3.6 Conclusion

In this chapter, we proposed a new localization framework using radio-location finger-

printing and kernel-based machine learning. Different machine learning algorithms have

been considered, namely the kernel ridge regression, the vector-output regularized least

squares, and the support vector regression. We also proposed a clusterized version of

this localization approach. The clusterized approach consists in dividing the network

into several clusters, where different local position estimates are computed by the cluster

heads, based on the centralized localization approach. Simulation results show that our

approaches allow accurate localization in simulated and real data cases. Moreover, they

outperform other localization techniques such as the WKNN algorithm, for different

weight models, and the localization by connectivity, for different numbers of anchors.



3.6 Conclusion 67

Table 3.13: Estimation errors for different weight models, using noiseless simulated
data

WKNN
Proposed method“A” “B” “C” “D” “E” “F”

K=2 K=8 K=7 K=9 K=4

4.36 2.74 2.13 2.34 3.61 4.66 0.17

Table 3.14: Estimation errors for different weight models, using noisy simulated data

WKNN
Proposed method“A” “B” “C” “D” “E” “F”

K=3 K=13 K=7 K=9 K=4

4.48 2.42 2.39 2.41 3.67 4.98 1.88

Table 3.15: Estimation errors for different weight models, using real data

WKNN
Proposed method“A” “B” “C” “D” “E” “F”

K=2 K=2 K=11 K=10 K=7

0.72 0.64 0.61 0.58 0.62 0.75 0.34

However, we will show in the next chapter that, when used alone, this RSSI-based frame-

work is vulnerable to the presence of high additive noise. Therefore, in the succeeding

chapter, we introduce further improvements of this method, by correcting the estimated

trajectory using additional information, such as past known location information and

instantaneous accelerations.
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Target tracking is an ongoing interesting research topic in wireless sensor networks.

In this chapter, we introduce an original method for target tracking in WSNs. The pro-

posed method combines machine learning with a Kalman filter to estimate instantaneous

positions of a moving target. The target’s accelerations, along with information from the

network, are used to obtain an accurate estimation of its position. The performance of

the method is studied for different scenarios and a thorough comparison to well-known

algorithms is also provided.

4.1 Introduction

Target tracking [Li et al., 2002; Dallil et al., 2013] consists in estimating instantly the

position of a moving target. As we already explained in Chapter 1, target tracking can

be viewed as a sequential localization problem; therefore, it requires a real-time recursive

location estimation algorithm. In Chapter 3, we performed localization using only RSSI

information collected from the network. However, it is interesting to take advantage

of additional information, when available, to correct the estimated trajectory. Such

additional information could be inertial information, such as past location information

and instantaneous accelerations of the target under investigation.

The foundation of tracking using inertial information is to recursively estimate the states

of the target, i.e., the target’s positions and the target’s velocities [Svensson, 2010]. Us-

ing a model that describes the target’s motion, one can first predict the future value of

the state of the target, knowing the target’s current state. Then, the predicted state is

updated using observations from the network, i.e., any relevant measurement collected

from the network. Several filters can be used to combine inertial information and ob-

servations, depending on the type of the observations. For instance, the Kalman filter

(KF) [Kalman, 1960; Welch and Bishop, 2001] can be used in the case of a linear obser-

vation model. In the case of non-linearity, the extended Kalman filter (EKF) [Julier and

Uhlmann, 1997] and unscented Kalman filter (UKF) [Julier and Uhlmann, 2004] could

be used. However, as we stated in Chapter 1, such approaches perform linearization

and approximations leading to sub-optimal performance and sometimes divergence of

the filter [UmaMageswari et al., 2012]. The particle filter (PF) [Branko Ristic, 2004] is

also used for tracking. Such a filter has more potential than the Kalman filter in the

cases of non-Gaussian noises and non-linear models [Gustafsson et al., 2002]; however,

algorithms employing this filter need more computations for the generation of samples

and the resampling step than algorithms using the Kalman filter.
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Many tracking techniques using inertial information have been proposed in the literature.

In addition to RSSI measurements, these techniques employ a state-space model to refine

the position estimation based on its previous position. For instance, a first-order model

is used with a Kalman filter in [Li and Li, 2012], and with a particle filter in [Dias and

Bruno, 2013], whereas [Jayamohan and Mathurakani, 2013] employs a second-order one.

Another tracking technique is introduced in [Chan et al., 2009; Liu et al., 2011], where

the authors estimate the positions of a target using the weighted K-nearest neighbor

algorithm. Then, these WKNN estimates are combined to inertial information by means

of a Kalman filter. However, all these models are only reliable for targets having slightly

varying velocities or accelerations.

In this chapter, we adapt the localization technique introduced in Chapter 3 in order to

perform tracking in WSNs. Compared to the previous chapter, we now take advantage

of the target’s mobility to enhance the obtained position estimate. In fact, the proposed

tracking approach combines radio-fingerprinting and inertial information. It consists in

setting reference positions along the network where RSSI measurements are collected,

leading to a radio-fingerprint database. This database is used with machine learning

algorithms to define a kernel-based model, whose input is the RSSI vector and whose

output is the corresponding position. A moving target measures then its RSSIs and

instantaneous accelerations. A first position estimate is obtained using the already-

defined kernel-based model and the measured RSSIs, in a similar manner as in Chapter 3.

Then, this estimate is combined with the acceleration information, by means of a Kalman

filter, to achieve better accuracy. To this end, three different orders of the tracking

models are examined. The proposed method outperforms existing methods, especially

for hyperactive targets.

4.2 Problem Statement

In this chapter, we propose a centralized tracking approach, in which all collected data

are transmitted to the central fusion station for processing. We use the centralized ap-

proach to simplify the explanation of the algorithm, since we showed in Section 3.5 of

Chapter 3 that both centralized and clusterized approaches yield close results. Never-

theless, this tracking technique can be extended to a clusterized one based on the study

of Section 3.4 of Chapter 3. In this section, we first give a description of the network’s

configuration. Then, in the second subsection, we describe three different mobility mod-

els, each based on different assumptions. Finally, we introduce the observation model,

which is based on the localization framework described in Chapter 3.
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4.2.1 Network configuration

We consider a WSN composed of Ns fixed sensors having known locations, denoted by

si, i ∈ {1, . . . , Ns}. Let δ denote the dimension of the surveillance area (δ = 2 or

δ = 3). For the sake of clarity, and without loss of generality, only one target with the

unknown position x(k) is considered, k being the current time step. Nevertheless, the

proposed method extends naturally to several moving targets, since they are tracked

independently from each other, using their accelerations and information exchanged

only with the fixed sensors. As we already explained in Chapter 1, targets can either

be cooperative and participate intentionally in the tracking process, or non cooperative

and do not exchange data for position estimation. The tracking approach presented in

this chapter is used in the case of a cooperative target. Indeed, the target is assumed to

continuously send to the fusion center its measured inertial information and the collected

information from the network. Note that the target can perform auto-tracking if it has

enough computational capacities. In the following, all coordinates are δ-dimension row

vectors, and the variables that will be used in this chapter are listed in Table 4.1, along

with their respective sizes.

Table 4.1: List of the used variables in Chapter 4, along with their respective sizes

Notation Variable Size

δ environment dimension 1
Ns number of fixed sensors 1
Np number of reference positions 1
k time step 1
ϑ, ϕ, φ rotation angle 1
si position of fixed sensor i 1 ×δ
x target position 1 ×δ
ν target velocity 1 ×δ
γ target acceleration 1 ×δ
pℓ reference position 1 ×δ
ψ(·) proposed position model 1 ×δ
z position estimate 1 ×δ
ρ, ρℓ vector of RSSI measures Ns× 1
n observation noise δ× 1

X, X̂, X̂
−

target state 2δ× 1
B, B1, B2 control-input vector 2δ× 1
ǫ state noise 2δ× 1
R covariance matrix δ × δ
C observation matrix δ × 2δ
Q, T , T−, V covariance matrix 2δ × 2δ
A state transition matrix 2δ × 2δ
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4.2.2 Target’s motion

In order to perform tracking, it is interesting to take advantage of the target’s motion,

and thus its inertial information. Therefore, it is important to be able to describe

the target’s motion, i.e., to characterize the relationship between the target’s previous

state and its current state. This subsection describes three mobility models having

different orders. The target is assumed to be equipped with an accelerometer, yielding

at each time step its current δ accelerations. The target is assumed to be fixed at a

known position x(0) at the beginning of the tracking. The objective consists then in

relating the current position of the target x(k) to its previous position x(k − 1), using

its measured accelerations. To do this, four state-space models are described: (i) a

first-order model, where the velocities are assumed to be constant during the tracking

process, and thus the accelerations are assumed to be null; (ii) a hybrid first-order model

where, consecutively, the accelerations then the velocities are assumed to be constant

between any two consecutive time steps; (iii) a second-order one where the accelerations

are assumed to be constant between any two consecutive time steps, with linearly varying

velocities; and finally, (iv) a third-order one where the accelerations are assumed to vary

linearly between any two consecutive time steps. In the following, ν(k) denotes the

estimated velocity vector of the target at the time step k, γ(k) denotes its measured

acceleration vector at the time step k, and ∆t is the tracking period, that is the time

period separating two consecutive time steps k− 1 and k. Note that an extension to the

case of a rotating target will be provided in the last subsection.

4.2.2.1 First-order mobility model

The first-order mobility model assumes that the velocities are constant between any two

consecutive times steps; moreover, it assumes that the velocities are constant during all

the tracking process [Liu et al., 2011; Dias and Bruno, 2013], as follows:

ν(k) = ν(k − 1),

where ν(0) is considered to be known at the beginning of the tracking. The target’s

position is then given by:

x(k) = x(k − 1) + ν(k)∆t. (4.1)

One can see that this model assumes that the accelerations are null, which is not always

the case. Consequently, it only works in limited conditions.
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4.2.2.2 Hybrid first-order mobility model

We now propose to modify the first mobility model, in ordre to update the target’s

velocities by taking into account the measured accelerations. This mobility model makes

two assumptions on the motion of the target. It first assumes that the acceleration vector

of the target is constant between two consecutive time steps k − 1 and k, and equal to

γ(k). It thus computes the target’s velocity vector iteratively by:

ν(k) = ν(k − 1) + γ(k)∆t, (4.2)

where ν(0) is null since the target is assumed to be fixed at the beginning of the tracking.

Then, the velocities are assumed to be constant between k− 1 and k and equal to ν(k),

leading to:

x(k) = x(k − 1) + ν(k)∆t.

It is obvious that this model only works for slightly-varying-velocity targets (i.e., γ ≃ 0).

Because of its two assumptions, the first-order model degrades significantly when the

target is more active.

4.2.2.3 Second-order mobility model

In the case of the second-order mobility model [Jayamohan and Mathurakani, 2013], the

velocity vector is estimated as for the first-order model using equation (4.2). The second-

order model assumes that the acceleration vector is constant between two consecutive

time steps k−1 and k and equal to γ(k), as shown in blue in Figure 4.1. This assumption

leads to the following:

x(k) = x(k − 1) + ν(k − 1)∆t+ γ(k)
∆t2

2
. (4.3)

This model outperforms the first-order one, since it considers less approximations and

assumptions. It performs well with slightly varying accelerations motions. However, it

is not well-adapted to trajectories with abrupt changes in accelerations, since estimates

might significantly deviate from the exact trajectory due to cumulative model errors

over time.

4.2.2.4 Third-order mobility model

Instead of assuming that the accelerations are constant between two consecutive time

steps k − 1 and k as in the case of the second-order mobility model, we now propose
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γδ(k − 1)

γδ(k)

time step k

γδ real signal

Figure 4.1: Estimated acceleration signal when using the second-order mobility model
in blue and the third-order mobility model in red

to consider that the target’s accelerations vary linearly between two consecutive time

steps. Then, the acceleration vector varies from γ(k − 1) at k − 1 to γ(k) at k with a

slope equal to γ(k)−γ(k−1)
∆t , as shown in red in Figure 4.1. According to this assumption,

the velocity vector of the target at time step k is estimated recursively by:

ν(k) = ν(k − 1) + γ(k − 1)∆t+
γ(k)− γ(k − 1)

∆t

∆t2

2

= ν(k − 1) +
∆t

2
γ(k − 1) +

∆t

2
γ(k), (4.4)

where the target is also assumed to be fixed at the beginning of the tracking (i.e.,

ν(0) = 0) with null acceleration (i.e., γ(0) = 0), and at a known position x(0). Then,

the target’s position at time step k is given by:

x(k) = x(k − 1) + ν(k − 1)∆t+ γ(k − 1)
∆t2

2
+
γ(k)− γ(k − 1)

∆t

∆t3

6

= x(k − 1) + ν(k − 1)∆t+
∆t2

3
γ(k − 1) +

∆t2

6
γ(k), (4.5)

This model outperforms the other models, since it brings the estimated trajectory closer

to the real one compared to the others, especially for hyperactive targets having highly

varying accelerations. Indeed, Figure 4.1 shows the improvement in the accuracy of the

estimated acceleration signals when using the third-order mobility model instead of the

second-order one.
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4.2.2.5 Extension to rotation

In the aforementioned mobility models, direct acceleration measurements made at the

target are used. This means that the accelerations measured by the accelerometer in the

target’s coordinate system are used directly in the equations, as if they are measured

in the global coordinate system. By doing so, the target is assumed to be rotationally

constrained. However, the target could rotate during its motion in real applications, and

its coordinate system, where the accelerations are given, might change. To overcome this

problem, each target should be equipped with a gyroscope, that yields its orientations

with respect to the global coordinate system.

Without loss of generality, consider that the localization is performed in a three-dimensional

environment, i.e., δ = 3. Consider that ϑ, ϕ, and φ are the angles of the counter-

clockwise rotation of the target, given by its gyroscope at a given time step around the

third coordinate axis of the global system, the first one and the second one respectively.

The plots (a), (b) and (c) of Figure 4.2 illustrate the single rotations around the third,

the first, and the second axes respectively, 1,2, and 3 being the global coordinate axes,

and 1′,2′, and 3′ the target’s ones. Let γ = (γ1 γ2 γ3) be the acceleration vector of the

target in the global coordinate system at a given time step and let γ ′ = (γ1′ γ2′ γ3′)

be its measured one in its coordinate system. Then, having the rotation angles, γ is

computed as follows:

γ = γ′
R,

where the first column of the three-dimensional rotation matrix R is defined by




cos ϑ cosφ

− sinϑ cosφ

sinφ


 ,

its second column is defined by




cos ϑ sinϕ sinφ+ sinϑ cosϕ

− sinϑ sinϕ sinφ+ cos ϑ cosϕ

− sinϕ cos φ


 ,

and its third column is defined by




− cos ϑ cosϕ sinφ+ sinϑ sinϕ

sinϑ cosϕ sinφ+ cos ϑ sinϕ

cosϕ cos φ


 .
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Figure 4.2: Rotations in a three-dimensional environment

In a two-dimensional environment (i.e., δ = 2), where γ = (γ1 γ2), the rotation is only

possible in the plane with the rotation angle ϑ. By setting φ = ϕ = 0, one gets the

following transformation:

γ = γ′

(
cos ϑ sinϑ

− sinϑ cos ϑ

)
. (4.6)

During the tracking, the target measures its acceleration vector in its coordinate system

at each time step, then finds its orientations using the gyroscope. Its accelerations in

the global coordinate system can then be computed and used with one of the already

stated mobility models in the localization algorithm.

4.2.3 The observation model

Now that the mobility models of the target are described, the idea of this section is to

define its observation model to help improving its position estimate. Indeed, we can

estimate the target’s position from its previous position, using either of the four above

described mobility models with the target’s measured inertial information. However,

measured inertial information, i.e., measured accelerations or velocities, are often noisy,

leading to estimated positions that deviate from the real positions when this kind of mea-

surements is taken alone. Therefore, it is important to combine the obtained estimation

to additional information collected from the network.

The aim of this section is thus to set an observation model that could be used in the

tracking process, based on the information gathered by the target from the fixed sensors

in the network. In Chapter 1 and Chapter 3, we discussed the advantages of using the

powers of the signals exchanged between sensors in a wireless sensor network. Indeed,

RSSI-based techniques rely on the physical property of the signal, that states that its

strength is attenuated with the traveled distance. Such techniques achieve acceptable

performance, without the need for additional hardware. However, RSSI measures could
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be significantly affected by several interferences and variables. For this reason, we pro-

posed in the previous chapter a localization framework that employs the fingerprinting

technique, that allows us to take into account many characteristics of the environment.

Here as well, instead of using the exact values of RSSI as observations, we propose to

exploit the fingerprinting technique in order to define our observation model.

In the following, let pℓ, ℓ ∈ {1, . . . , Np}, denote the reference positions, with Np being

their number. These reference positions are generated over a fixed grid or randomly in

the studied region. All fixed sensors continuously broadcast signals in the network at a

fixed initial power, and a sensor is placed consecutively at the reference positions to de-

tect the broadcasted signals and measure their RSSIs. Let ρℓ = (ρs1,pℓ . . . ρsNs ,pℓ)
⊤ be

the vector of RSSIs sent by allNs sensors and received at the position pℓ, ℓ ∈ {1, . . . , Np}.
In this way, a radio-fingerprint database of Np pairs (ρℓ,pℓ) is obtained. Then the ob-

jective is to find a relationship between the target’s positions and the collected measure-

ments.

While moving, the target collects the sensor signals and measures their RSSIs. Then,

as explained in Chapter 3, we propose to use a model ψ : RNs → R
δ to estimate the

target’s position. Based on the constructed radio-fingerprint database, this model is

defined in a way to associate to each RSSI vector ρℓ the corresponding position pℓ,

with the advantage of not having to estimate the channel model. Several kernel-based

machine learning algorithms are presented in Chapter 3 for the definition of this model,

such as the kernel ridge regression, the support vector regression and the vector-output

regularized least squares. For more details, refer to Section 3.3 on page 42. Once the

model is defined, the target stores, at a given time step k, the measured RSSIs into a

vector ρ(k), and then communicates this vector to the fusion center. Using the defined

model ψ (·), the estimated target’s position at time step k is given by ψ(ρ(k)), namely

z(k) = ψ(ρ(k)). (4.7)

This estimated quantity z(k) is then taken as the observation value at each time step.

By using this assumption, it is obvious that the observation model would be linear,

which simplifies the computations later.

Once the mobility and observation models are defined, one can combine information

from both models using an adequate filter to provide more accurate estimates. In the

following section, we solve the tracking problem using the Kalman filter, that performs

a recursive data processing to give an efficient position estimate by incorporating both

types of information.
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4.3 Resolution using the Kalman Filter

In this section, the combination of the inertial information and the observations is per-

formed using the Kalman filter [Kalman, 1960; Welch and Bishop, 2001]. The Kalman

filter is named after Rudolph E. Kalman, who published in 1960 his famous work about

the linear filtering problems. Also known as linear quadratic estimation, the Kalman

filter is a mathematical tool having a great importance in solving real world sensing

problems. While this filter has been around for more than fifty years, it has recently

been applied in a wide variety of wireless sensors applications [Li and Li, 2012]. Indeed,

it is one of the best estimators for such applications in the case of linear problems, due

to its effectiveness and the simplicity of its implementation. The Kalman filter is a

kind of predictor-corrector estimator that minimizes the estimated error covariance. By

applying it to the target tracking problem, the Kalman filter first predicts the unknown

state of the target using the previous estimated state and its mobility equation. Then, in

the following step, the predicted state is corrected using observations from the network.

Let X(k) denote the unknown state of the target at time step k. Since both the target’s

position x(k) and velocity ν(k) are estimated in the four mobility equations described

above, the unknown state X(k) is then a 2δ × 1 vector including both vectors x(k) and

ν(k), such that X(k) = (x(k) ν(k))⊤. The state-space equation for Kalman is then

based on one of the mobility models and is given by the following:

X(k) = A X(k − 1) +B(k) + ǫ(k), (4.8)

where ǫ(k)∼N (0,V ) is the state equation error whose probability distribution is as-

sumed to be normal, having zero mean and covariance matrix V of size 2δ × 2δ. The

matrix A is the state transition matrix that relates the current state of the target to its

previous one, and B(k) is a noisy control-input vector depending on the accelerations.

Based on the estimation obtained using the measured RSSIs and the kernel-based model

ψ(·), we can define afterwards the observation equation as follows:

z(k)⊤ = C X(k) + n(k), (4.9)

where C is the observation matrix that relates the state X(k) to the already estimated

position z(k), and n(k) ∼ N (0,R) is the observation noise with normal distribution,

zero mean and covariance matrix R of size δ × δ.
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4.3.1 Definition of the filter’s parameters

In this paragraph, we define the parameters of equations (4.8) and (4.9). The state-space

equation (4.8) is defined with respect to the mobility model. Now if we consider the

mobility model of order one given in (4.1), we can write the Kalman state-space model

as follows:

X(k) =

(
x(k)⊤

ν(k)⊤

)
= A

(
x(k − 1)⊤

ν(k − 1)⊤

)
+B(k) + ǫ(k)

=

(
Iδ

0δ×δ

∆tIδ

Iδ

)
X(k − 1) + ǫ(k), (4.10)

where Iδ is the δ × δ identity matrix, and 0δ×δ is the δ × δ matrix of zeros. Then using

the hybrid first-order mobility model, the state-space model is written as follows:

X(k) =

(
Iδ

0δ×δ

∆tIδ

Iδ

)
X(k − 1) +

(
γ(k)⊤ ∆t2

γ(k)⊤ ∆t

)
+ ǫ(k). (4.11)

By considering the second-order mobility equation given in (4.3), we can write the

second-order state-space model as follows:

X(k) =

(
Iδ

0δ×δ

∆tIδ

Iδ

)
X(k − 1) +

(
γ(k)⊤ ∆t2

2

γ(k)⊤ ∆t

)
+ ǫ(k). (4.12)

Finally, the third-order state-space model is given by the following:

X(k) = A X(k − 1) +B(k) + ǫ(k) = A X(k − 1) +B1(k − 1) +B2(k) + ǫ(k)

=

(
Iδ

0δ×δ

∆tIδ

Iδ

)
X(k − 1) +

(
γ(k − 1)⊤ ∆t2

3

γ(k − 1)⊤ ∆t
2

)
+

(
γ(k)⊤ ∆t2

6

γ(k)⊤ ∆t
2

)
+ ǫ(k).

(4.13)

Note that the covariance matrix V of the noise term ǫ(k) depends of the error on the

trajectory. It can be estimated in an empirical manner, by simulating several trajectories

with several acceleration signals. The estimation of these trajectories using the four

state-space models allow us to obtain an estimation of the covariance matrix V relative

to each one of the models. Next, we define the parameters of (4.9). Since the observations

are the position estimates given by the model ψ(·), the δ × 2δ matrix C is then given

by the identity matrix Iδ completed by zeros, that is C = (Iδ 0δ×δ). The covariance

matrix R of the noise term n(k) is also approximated in an empirical manner. We first

generate a new set of reference pairs of RSSI values and their corresponding positions.

These positions are then estimated using the defined model ψ(·) and the estimation error
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is computed stored into a vector. Finally, the matrix R is determined by computing the

covariance of this error vector. This matrix is considered to be constant over time and

for all targets.

4.3.2 Algorithm using the Kalman filter

The solution of the tracking problem using the Kalman filter consists of two phases.

The filter first predicts the unknown state using the previous estimated state and the

state-space equation (4.8). Then, the predicted state is corrected using the observation

model given in (4.9). Now let X̂(k − 1) denote the target’s state estimated with the

Kalman filter at time step k−1. Using the state-space equation, the predicted state can

be written as:

X̂
−
(k) = AX̂(k − 1) +B(k),

where B(k) is computed at each iteration as shown previously, and X̂(0) is assumed

to be known. Then, the predicted estimation covariance reflecting the accuracy of the

state estimate is updated as follows:

T−(k) = AT (k − 1)A⊤ +Q(k),

where T (k − 1) is the final covariance estimation at time step k − 1 and T (0) is null

since the initial state is known. The matrix Q(k) is the covariance matrix of X(k) given

X(k − 1), namely

Q(k) = Cov(X(k)|X(k − 1) = Cov(B(k) + ǫ(k))

= Cov(B(k)) + Cov(ǫ(k))

= Cov(B(k)) + V ,

where Cov(·) computes the covariance matrix of its argument. Each coordinate accel-

eration noise is assumed to be independent with zero-mean normal distribution, having

known variances σ2γ,d, d = 1, ..., δ. Their values can be estimated by performing a cal-

ibration of the accelerometer before the tracking stage. We also assume that all the

δ coordinates are statistically independent. In the case of the first-order state-space

model, the covariance matrix Q(k) is given by V since B(k) is null. As for the case of
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the hybrid first-order state-space model, its covariance matrix Q(k) is given by:

Q(k) = V +Cov

(
γ(k)⊤ ∆t2

γ(k)⊤ ∆t

)

= V +

(
∆t4 Diag

(
σ2
γ

)

∆t3 Diag
(
σ2
γ

)
∆t3 Diag

(
σ2
γ

)

∆t2 Diag
(
σ2
γ

)
)
,

where Diag
(
σ2
γ

)
is the δ × δ diagonal matrix with entries σ2γ,d, d = 1, ..., δ. Then, for

the second-order state-space model, the matrix Q(k) is given by the following:

Q(k) = V +Cov

(
γ(k)⊤ ∆t2

2

γ(k)⊤ ∆t

)

= V +

(
∆t4

4 Diag
(
σ2
γ

)

∆t3

2 Diag
(
σ2
γ

)
∆t3

2 Diag
(
σ2
γ

)

∆t2 Diag
(
σ2
γ

)
)
.

Finally, for the third-order state-space model, the matrix Q(k) is given by:

Q(k) = V +Cov

((
γ(k − 1)⊤ ∆t2

3

γ(k − 1)⊤ ∆t
2

)
+

(
γ(k)⊤ ∆t2

6

γ(k)⊤ ∆t
2

))

= V +

(
5∆t4

36 Diag
(
σ2
γ

)

∆t3

4 Diag
(
σ2
γ

)
∆t3

4 Diag
(
σ2
γ

)

∆t2

2 Diag
(
σ2
γ

)
)
.

Note that this computation is valid when the target is rotationally constrained or when

its orientation angles are noiseless. However, in the other cases, the difference in the

covariance computation could be balanced by the use of the modeling error with its

covariance. Then, the predicted quantities X̂
−
(k) and T−(k) are corrected using the

observation equation (4.9) as follows:

X̂(k) = X̂
−
(k) +GKF(k) (z(k)

⊤ −CX̂−
(k)) (4.14)

T (k) = (I2δ −GKF(k)C)T−(k), (4.15)

where GKF(k) is the optimal Kalman gain given by:

GKF(k) = T
−(k)C⊤ (C T−(k)C⊤ +R)−1. (4.16)

4.4 Practical Simulations and Results

In this section, we evaluate the performance of the proposed tracking method on sim-

ulated data. In the first subsection, several trajectories with different orders for the
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state-space model are examined. In the second subsection, we study the influence of the

noise standard deviations σγ and σρ on the estimation error. In the third subsection, we

study the influence of the number of fixed sensors and the number of reference positions

on the estimation error. The target being rotationally-constrained in the first three sub-

sections, we highlight in the fourth subsection, the importance of taking into account its

rotations. Finally, results are compared to the ones obtained with the WKNN algorithm

combined with a Kalman filter [Chan et al., 2009; Liu et al., 2011] and with a tracking

algorithm using particle filtering [Dias and Bruno, 2012].

For the two following subsections, we consider the same practical setup that consists of a

100 m × 100 m area, 16 fixed sensors and 100 reference positions distributed over a fixed

grid. We generate the RSSI values in a similar manner as in Section 3.5 of Chapter 3,

that is using the path-loss propagation model [Medeisis and Kajackas, 2000] given by:

ρsi,pℓ = ρ0 − 10nP log10 ‖si − pℓ‖+ εi,ℓ, (4.17)

where ρsi,pℓ (in dBm) is the power received from the sensor at position si by the node

at position pℓ, ρ0 is the power at a distance of 1 m set to 1 dBm, nP is the path-loss

exponent set to 4 here as well, ‖si−pℓ‖ is the Euclidian distance between pℓ and si, and

εi,ℓ is the zero-mean noise affecting the RSSI measures, with σρ its standard deviation.

This model is also used to calculate the RSSI values collected by the target during its

movement.

As we already explained, the estimated position of the target using the kernel-based

model ψ(·) will be taken as the observation. To define the model ψ(·), one can use any

of the machine learning algorithms described in Section 3.3 of Chapter 3. However, in the

comparison between the learning algorithms provided in Subsection 3.5.1 of Chapter 3,

we showed that the best estimations are obtained when using the kernel ridge regression

and the vo-RLS. We also concluded that the ǫ-SVR has the worst performance when it

comes to time complexity and estimation error. Consequently, we will only consider in

the simulations of this chapter the kernel ridge regression and the vo-RLS. As for the

choice of the kernel, we also consider the Gaussian kernel given in (3.13) on page 53.

The 10-fold cross-validation technique [Stone, 1974] is used here as well to determine

the value of the kernel’s bandwidth σ and the value of the regularization parameter η.

4.4.1 Evaluation of the tracking method on three trajectories

In order to evaluate the accuracy of the proposed tracking scheme, we first consider

three different trajectories of 100 points with ∆t = 1s. For the trajectory illustrated

in Figure 4.3, the accelerations are assumed to be equal to zero, leading to constant
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Figure 4.3: Estimation of the first trajectory

velocities. As for the second and the third trajectories of Figure 4.4 and Figure 4.5,

their respective accelerations are given in the top plots and in the bottom plots of

Figure 4.6, γ1 and γ2 being the first and the second acceleration coordinates respectively.

One can see that the accelerations of the third trajectory have more variations than the

accelerations of the second trajectory. The coordinate expressions are obtained by taking

twice the primitive integral of the accelerations. By taking these three trajectories,

the performance of the proposed method is evaluated for different types of scenarios,

considering first a monotonously moving target, then more hyperactive ones.

In order to simulate a noisy environment, both components of σγ are taken equal to 0.01

m/s2, and σρ is taken equal to 1 dBm. The covariance matrix V of the state equation

noise is set to zero for the hybrid first-order, the second-order and the third-order state-

space models. It is taken equal to the covariance of the hybrid first-order model in

the case of the first-order one. Then, let the estimation error be evaluated by the root

mean squared distance between the exact positions and the estimated ones. Figures 4.3,

4.4, and 4.5 show the estimated trajectories when using the proposed method with the

kernel ridge regression (KRR) and the third-order state-space equation (4.13). Table 4.2

shows the average over 50 simulations of the estimation errors in meters for the three

trajectories and the three different state-space models, using the kernel ridge regression
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Figure 4.4: Estimation of the second trajectory
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Figure 4.5: Estimation of the third trajectory
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Figure 4.6: Acceleration signals for the second trajectory in the top plots and for
the third trajectory in the bottom plots, γ1 and γ2 being the first and the second

acceleration coordinates respectively

and the vo-RLS in the learning process. The four models yield close results for the first

trajectory. However, for the second and third trajectories, the first-order model yields

the highest estimation error. This result can be explained by the fact that this model

assumes that the velocities are constant; however, the accelerations are not null and thus

the velocities are not constant in the case of these two trajectories. Note that for the

third trajectory, the smallest estimation error is obtained when using the third-order

state-space model. This result is expected since the accelerations in this trajectory have

high variations, and as explained in Subsection 4.2.2, the third-order state-space model

is well suited for such cases.

4.4.2 Influence of σγ and σρ

In this subsection, we consider the trajectory of Figure 4.5, where the general case of

a hyperactive target is considered. The third-order state-space model of Section 4.3

is used since it yields the best results as shown in the previous subsection. Indeed,
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Table 4.2: Estimation errors for different state-space models and the three trajectories

Tracking algorithm Trajectory 1 Trajectory 2 Trajectory 3

KRR + first-order model 0.83 6.35 28.89
KRR + hybrid first-order model 0.91 1.15 2.26
KRR + second-order model 0.90 1.11 1.51
KRR + third-order model 0.85 1.01 0.86

vo-RLS + first-order model 1.21 7.21 31.12
vo-RLS + hybrid first-order model 1.29 1.34 2.44
vo-RLS + second-order model 1.28 1.30 1.71
vo-RLS + third-order model 1.18 1.18 1.01

even though the hybrid first-order model and the second-order model yield good results

for the trajectories of Figures 4.3 and 4.4, the estimation error increases significantly

compared to the third-order model when the target is hyperactive (Figure 4.5), as shown

in Table 4.2.

Let us now study the influence of the noise standard deviations σγ and σρ on the

estimation error. We first take different percentages of the standard deviation of the

acceleration, going from 1% to 10%, along with a fixed σρ equal to 5% of the standard

deviation of the RSSI measurements. The estimation errors are averaged over 50 Monte-

Carlo simulations. It is worth noting that the standard deviation of the RSSIs is equal

to 10.79 dBm; therefore, σρ is equal to 0.54 dBm. Figure 4.7 shows the influence of

σγ on the estimation error. One can see that the results obtained in this figure with

the kernel ridge regression and the vo-RLS are independent from the acceleration noise,

whereas estimations using only accelerometer information are highly affected by the

variations of σγ . One can also see that the kernel ridge regression combined with the

Kalman filter yields the best results. In fact, the filter corrects the results, and the error

is always smaller than the error in the case of the kernel ridge regression alone. Note

that in Figure 4.7, we consider that when σγ is varying, the proposed tracking approach

takes this variation into account. However, in practical scenarios, the acceleration noise

could be higher than what the algorithm expects or even lower. In order to evaluate the

robustness of our tracking approach in such cases, we consider the following example,

where the used learning algorithm is the kernel ridge regression, and σρ is also set to 5%

of the standard deviation of the RSSI measures. In the tracking process, we consider for

the trajectory several values of σγ different than the values used for the Kalman filter.

Table 4.3 shows the considered combinations along with the obtained estimation errors

in meters. One can see that the best estimation errors are obtained when we have good

knowledge of the standard deviation of the additive noise. When the value of σγ used in

the Kalman filter is different than the one used for the trajectory, the estimation error

increases; however, the results are still satisfactory. Also notice that the increase in the
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Figure 4.7: Estimation error as a function of the noise on the accelerations

Table 4.3: Estimation errors for different Kalman and trajectory values of σγ

(σγ)trajectory

(σγ)Kalman 1% 5% 10%

1% 0.26 0.52 0.59

5% 1.01 0.48 0.58

10% 1.90 0.81 0.79

estimation errors is more important when the value of σγ is underestimated than when

it is overestimated.

We then fix the value of σγ to 1% of the standard deviation of the acceleration, and

we consider several percentages of the standard deviation of the RSSI measures, going

from 0% to 50%; in other words, σρ varies from 0 to 5.40 dBm. The estimation errors

are also averaged over 50 Monte-Carlo simulations. Figure 4.8 shows the influence

of σρ on the estimation error. One can see that, as expected, tracking using only

accelerometer information is independent from the noise on the RSSIs. The kernel

ridge regression and the vo-RLS are highly affected by the noise variations, since they

use these RSSI measurements for the estimation. As for the method combining the

kernel ridge regression with the Kalman filter, it outperforms the method using only

accelerations. It is interesting here to see the effectiveness of the Kalman filter. Indeed,

one can see in Figure 4.8 that the kernel ridge regression used alone yields better results

than the vo-RLS also used alone; however, after adding the Kalman filter, the results

of the two techniques become very similar and the error becomes almost constant for
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Table 4.4: Estimation errors for different training and testing values of σρ

(σρ)trajectory

(σρ)training 5% 25% 50%

5% 0.53 1.00 1.21

25% 0.97 1.04 1.42

50% 1.90 1.63 1.58
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Figure 4.8: Estimation error as a function of the noise on the RSSI

both methods when σρ exceeds 30% of the standard deviation of the RSSI measures.

Note here as well that, in Figure 4.8, we consider the same noise standard deviation σρ

for the generation of the target’s RSSIs along the trajectory and for the RSSIs of the

training phase. However, σρ which affects the trajectory might be different than the one

considered for the training phase. We now set σγ to 5% of the standard deviation of

the acceleration; then, we consider several combinations of σρ for the trajectory and for

the training. Table 4.4 shows the obtained estimation errors in meters, when using the

kernel ridge regression with Kalman. One can see that the estimation error increases

when considering a training value for σρ different than the trajectory value. Indeed,

for a given noise standard deviation of the trajectory, the best estimation is obtained

when the training phase is using the same amount of noise. However, notice that for a

given training value of σρ, the smaller σρ on the trajectory is, the smaller the estimation

error is. One can conclude here that the best estimation is obtained when using the

exact parameters of the tracking noises, if they are known. Otherwise, it is better

to overestimate the noises parameters than to underestimate them. Nevertheless, the

method remains robust in all cases.
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Table 4.5: Estimation errors for a random distribution of fixed sensors and reference
positions

Tracking algorithm Mean error σMSE

KRR + third-order model 1.47 0.44
vo-RLS + third-order model 1.56 0.46

4.4.3 Influence of the fixed sensors and the reference positions

In this subsection, we also consider the trajectory of Figure 4.5, with both components

of σγ set to 0.01 m/s2 and σρ set to 1 dBm. We first study the influence of the

distribution of the 16 fixed sensors and the 100 reference positions on the performance

of the tracking method. In the previous subsections, we considered a uniform grid

distribution of the fixed sensors and the reference positions. We now consider a random

distribution, instead of the uniform grid, to see the influence of such a choice on the

tracking method. We repeat the experiment 50 times for the kernel ridge regression

and the vo-RLS, using the third-order state-space model. The mean estimation error is

shown in Table 4.5, where σMSE is the standard deviation of the mean estimation error.

One can see that the obtained estimation errors are higher than the ones in Table 4.2,

where a distribution over a uniform grid is considered. Nevertheless, the results are still

very accurate. Indeed, as we already explained in Subsection 3.5.1 of Chapter 3, the

reason behind the increase of the estimation error is that a distribution over a uniform

grid allows a better coverage of the surveillance area, while a random distribution does

not always guarantee a good coverage of the area.

We now study the influence of the number of fixed sensorsNs and the number of reference

positions Np on the performance of the tracking method. We only use the kernel ridge

regression in the following. Nevertheless, it is worth noting that varying Ns and Np has

the same influence on the tracking method if we use the vo-RLS in the learning process.

We first vary the number of fixed sensors, such that Ns = 12, 22, . . . , 152, while keeping

a fixed number for the reference positions Np = 100. Figure 4.9 shows the evolution of

the estimation error in terms of the number of fixed sensors. We then set the number

of fixed sensors Ns to 16, and we vary the number of reference positions, such that

Np = 52, 62, . . . , 252. Figure 4.10 shows the evolution of the estimation error in terms

of the number of reference positions. By comparing the obtained results, one can notice

that when increasing the number of fixed sensors or the number of reference positions,

we obtain a better estimation of the target’s positions. Indeed, Figure 4.9 shows that

when using 16 fixed sensors, the average over 50 simulations of the estimation error is

0.87 m compared to an error of 0.66 m when using 112=121 or 122=144 fixed sensors.

On the other hand, Figure 4.10 shows that for Np = 100, the average over 50 simulations
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Figure 4.9: Estimation error as a function of the number of fixed sensors
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Figure 4.10: Estimation error as a function of the number of reference positions

of the estimation error is 0.84 m compared to an error of 0.56 m when increasing Np to

242=576. In fact, with a higher number of fixed sensors and reference positions, we get

better coverage and knowledge of the environment, which explains the improvement in

the results. However, increasing the number of fixed sensors increases the total cost in

material, while increasing the number of reference positions induces a significant increase

in the algorithm’s complexity.
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Figure 4.11: Angle of rotation as a function of time

4.4.4 Extension to a rotating target

In all the above subsections, we considered that the target is rotationally constrained.

However, as we explained in Subsection 4.2.2, the target could rotate during its motion,

and its coordinate system, where the accelerations are given, might change. In order

to study the effect of the rotation on the tracking, we consider the two-dimensional

trajectory of Figure 4.5 and we assume that the target starts with an orientation equal

to 0, then it rotates following its trajectory. Figure 4.11 shows the target’s angle of

rotation ϑ, in radians, at each time step.

Now let both components of σγ be equal to 0.01 m/s2 and σρ to 1 dBm. First, we

estimate the target’s trajectory using its measured accelerations, without taking its

rotations into account. In this case, the estimation error is around 15 m. As expected,

the use of the measured accelerations of a rotating target highly degrades the estimation

when the rotation is not taken into account. Then, having the target’s accelerations

in its coordinate system, we compute its accelerations in the initial coordinate system

using the transformation given in (4.6) and the target’s measured angle of rotation ϑ.

In the case of a noiseless measured angle ϑ, the mean estimation error averaged over 50

simulations is equal to 0.91 m. We can obviously see that in the case of a rotating target,

finding its accelerations in the initial coordinate system leads to an accurate tracking

process.
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Figure 4.12: Estimation error as a function of the noise on the target’s orientation

Now let σϑ denote the standard deviation of the zero-mean gaussian noise that affects the

measured target’s orientation. We aim at studying the influence of σϑ on the estimation

error. Figure 4.12 shows the estimation error (in meters) when σϑ is varying between

0 rad and 0.2 rad, while considering several values of σγ . The value of the noise affecting

the trajectory is set to 0.01 m/s2. On the other hand, when using the Kalman filter

in the tracking process, we consider three values for σγ : 0.01 m/s2, 0.02 m/s2, and

0.03 m/s2. One can see for all three plots that the estimation error increases with the

increase of σϑ. This increase of the estimation error is essentially due to the fact that

the Kalman filter does not take into account the noise over orientations. However, the

increase is significantly more important for the first plot, where (σγ)Kalman is equal to

σγ on the trajectory, that is 0.01 m/s2. The error is smaller in the other two plots,

namely when σϑ is increased. Indeed, this can be explained by the fact that the Kalman

filter is given more flexibility when increasing (σγ)Kalman without increasing σγ on the

trajectory.

4.4.5 Comparison to other tracking techniques

In this subsection, the objective is to compare the proposed method to two recently

proposed tracking methods. Note that for simplicity, the target is again assumed rota-

tionally constrained. For the first comparison, we use the method proposed in [Chan

et al., 2009], which also makes use of the Kalman filter to correct the trajectory esti-

mated by radio-fingerprints. We then compare our method to the centralized version of



94 Chapter 4. Position-Based Tracking

the method described in [Dias and Bruno, 2012], which involves the use of a particle fil-

ter and RSSI measurements. We consider the three trajectories described in Subsection

4.4.1. In order to have a fair comparison of our technique towards these two methods,

we consider a setup that is the closest possible to the one the authors use in their pa-

pers. For this purpose, we take the number of fixed sensors Ns = 4, even though taking

Ns = 16 gives better results in the case of our method as one can see from Figure 4.9.

Several values of σρ are considered, with both components of σγ set to 0.01 m/s2.

We proceed by briefly describing the method in [Chan et al., 2009]. It consists of

estimating the position using the weighted K-nearest neighbor (WKNN) algorithm, then

applying the Kalman filter to enhance the estimation. As we previously explained in

Subsection 3.5.4 of Chapter 3, the target’s first position estimate using WKNN is given

by a weighted combination of the K nearest neighboring positions from the training

database, with the nearness indicator being based on the Euclidean distance between

RSSIs. The weights used for the WKNN algorithm in [Chan et al., 2009] are given by:

wn =
1/distn∑
z∈I 1/distz

, (4.18)

where distn is the Euclidean distance between the RSSI vector ρ(k) of the target at

time step k and ρn, n ∈ I, and I is the set of indices of ρℓ of the database yielding

the K smallest distances distℓ (i.e., the K nearest neighbors) at time step k. The

estimated target’s position is then given by:
∑

n∈I wn pn. The number of neighbors K

is taken equal to 8 as in the simulations of Chan et al. [2009]. As for the correction

using the Kalman filter, we use a second-order state-space model similar to the one in

Section 4.3. The estimation errors (in meters) obtained when using this algorithm for

the three trajectories of Subsection 4.4.1 and for σρ =1 dBm are computed 50 times for

each case, and their averages are shown in Table 4.6. The estimation errors using our

method with the second-order and the third-order state-space models are also stored in

Table 4.6. Table 4.6 also shows the mean estimation error obtained when using the third

trajectory, for different values of σρ and for both components of σγ taken equal to 0.01

m/s2. Our method clearly outperforms the WKNN-based one. Indeed, the estimation

error obtained with the proposed method, using a second-order or a third-order state-

space model, is significantly smaller than the one obtained with the WKNN algorithm

followed by the Kalman filter, for all three types of trajectories.

As for the second method used for our comparison, it employs a particle filter (PF)

along with RSSI measurements and a first-order state-space model [Dias and Bruno,

2012]. As we already explained in Chapter 1, the particle filter approximates the mini-

mum mean-square error (MMSE) estimate of the emitter state given all present and past

observations, i.e., RSSI measurements. The objective of this filter is to represent the



4.5 Conclusion 95

Table 4.6: Estimation errors for different trajectories and different values of σρ

Tracking algorithm
Trajectory 1 Trajectory 2 Trajectory 3
σρ = 1 σρ = 1 σρ = 1 σρ = 2 σρ = 3

PF + second-order model 1.32 6.09 7.79 7.26 7.86
WKNN + second-order model 1.33 4.67 3.98 4.83 5.54
KRR + second-order model 1.31 2.04 2.96 4.23 4.83
KRR + third-order model 1.26 1.71 1.41 2.09 2.13

posterior distribution of the hidden states by a properly weighted set of time-varying ran-

dom samples. Given all present and past network measurements, the weighted average

of these samples converges at each time step, in some statistical sense, to the true global

MMSE estimate of the current unknown states [Dias and Bruno, 2012]. Note that we

used at first the first-order state-space model as described in the authors work. However,

this model did not work well for the second and third trajectories, due to the abrupt

variations in the target’s motion. Therefore, we used the second-order state-space model

for all three trajectories. Table 4.6 shows the mean estimation errors obtained with the

method in [Dias and Bruno, 2012], when using different trajectories and different values

of σρ in dBm. Both components of σγ are taken equal to 0.01 m/s2. One can see that

our tracking method also outperforms this tracking technique based on particle filtering.

4.5 Conclusion

We proposed in this chapter a new method for target tracking in wireless sensor networks

by combining machine learning and Kalman filtering. For the learning process, we used

two kernel-based machine learning algorithms: the kernel ridge regression and the vector-

output regularized least squares. We also described three different orders for the state-

space models to be used in the Kalman filtering, and highlighted the difference between

them and how they can affect the performance of the tracking procedure. In addition,

we provided an extension to the case of a rotating target. Simulation results showed

that the proposed method outperforms recently developed methods. The method allows

accurate tracking, and is proved to be robust in the case of noisy data, whether the noise

affects the acceleration information or the RSSI measures. It also proved to be robust

when the target’s orientation changes during its motion.

The main limitation of the proposed method is that the sensors should remain fixed at the

same locations during the tracking process, which can be binding for some applications.

The next chapter introduces a position-free tracking method, where a solution is provided

to the stationarity problem of the sensors.
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In this chapter, we propose to model the relationship between the distances separat-

ing sensors and the RSSIs of the signals exchanged by these sensors. To this end,

we define two kernel-based regression models; the first one is non-parametric, without

any prior knowledge of the underlying physical system, while the second one is semi-

parametric, combining the well-known log-distance propagation model with a non-linear

fluctuation term. We then propose two tracking approaches that use either one of the de-

fined RSSI/distance models. These models allow us to estimate the distances separating

the considered target from the sensors in the network. The target’s position is then es-

timated by combining the inertial information with the estimated distances, using either

the Kalman filter or the particle filter. The accuracy of the proposed distance models is

discussed, as well the effectiveness of the two proposed tracking methods. Comparisons

to recently proposed methods are also provided.

5.1 Introduction

In Chapter 3 and Chapter 4, we took advantage of kernel-based machine learning to

define a model that takes as input the RSSIs of the signals exchanged between a moving

target and some fixed sensors in the network, and yields as output the position of the

target. In this chapter, instead of using the defined kernel-based position model, we

propose two kernel-based models that compute the distances separating the target from

the sensors. Moreover, the most important reason for switching to distance models is

that, by doing so, the sensors are allowed to move in the network, without affecting the

tracking, as it will be shown in the following.

As we already mentioned in Chapter 1, distance estimation using RSSI can be really

challenging, since the measurements of signals’ powers could be significantly altered by

the presence of additive noise, multipath fading, shadowing, and other interferences.

Therefore, it becomes important to find a mathematical model which can accurately

describe the relationship between the RSSI values and the distances. Several models

have been proposed in the literature to characterize the relationship between the RSSIs

and the distances. A popular one is the Okumura-Hata model, also known as the log-

distance propagation model [Medeisis and Kajackas, 2000; Patwari et al., 2005; Zanella

and Bardella, 2014]. Even though this model has many limitations, it is still widely used

because of its simplicity. However, this model is basically for outdoors, since it predicts

the signal strength without taking the surrounding environment into account, such as

multipath propagation and attenuations due to walls. Therefore, it becomes inaccurate

in cases where there is no line of sight between sensors. Different models have been

proposed to overcome this problem, such as modified versions of the log-distance model
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[Seidel and Rappaport, 1992; Sandeep et al., 2008], in which the attenuations due to

floors and walls are explicitly included. Several researchers have determined a math-

ematical relationship between RSSIs and distances, without taking physical properties

into consideration [Wang et al., 2003; Yang and Chen, 2009]. To this end, an empirical

model is estimated with a polynomial regression. Depending on the applications and

the considered environment, several other models can also be found in the literature

[Neskovic et al., 2000; Sarkar et al., 2003; Andrade and Hoefel, 2010].

Once the distances are estimated from the RSSIs, they are combined using for instance

trilateration [Manolakis, 1996] to find the sensors’ positions. For illustration, refer to

Figure 1.4 on page 11. One can also use methods based on filtering, since they can help

in smoothing the target’s trajectory, reducing thus the estimation error. For instance, a

tracking approach using the extended Kalman filter with the distances and acceleration

information is proposed in [Shareef and Zhu, 2009; Correa et al., 2014]. However, as

we previously explained for this filter, the linearization and the approximations might

lead to inaccurate estimation [UmaMageswari et al., 2012]. The particle filter can also

be used for tracking in this context. For example, the tracking methods described in

[Gustafsson et al., 2002; Wang et al., 2007; Farmani et al., 2012] take advantage of such

a filter, by using the target’s motion and the distances as well.

In this chapter, we propose two original regression models that estimate the distances

separating sensors using their received signal strength indicators, with a non-parametric

formulation and a semi-parametric one. By investigating these models, we propose to

solve the tracking problem using two new methods. Our approach relies on a training

phase and a tracking phase. In the first phase, we start by constructing a training

database composed of RSSI measures and distances based on the radio-fingerprinting

concept. Then, the distance models are defined using the collected database. Defining

the distance models is an essential step in the tracking process; in fact, in the follow-

ing, the estimated distances obtained using one of the proposed distance models will

be used to determine the target’s position. The first proposed distance model is non-

parametric, not needing any prior knowledge of the physical system, while the second

one is a semi-parametric regression model, combining the well-known log-distance the-

oretical propagation model with a non-linear fluctuation term, estimated within the

framework of kernel-based machines. Each model takes the RSSIs as input and yields

the distance to the corresponding sensor as output. Once the training phase is achieved,

the localization and tracking can begin. In the tracking phase, a moving target collects

RSSI measures and uses them with one of the computed kernel-based models to esti-

mate the distances separating it from the sensors having known locations. Based on

these distances, the target’s position is estimated using two different methods. The first

one consists in combining these distance estimates with the acceleration information, by
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means of a Kalman filter, to determine the target’s position. The second one consists in

localizing the target using a particle filter with the distance estimates and the accelera-

tion information. In the simulations, we examine the performance of the two proposed

distance models, and we evaluate the two proposed tracking methods, while providing

a comparison to state-of-the-art tracking methods.

5.2 Problem Statement

The tracking approach proposed in this chapter is centralized like the previous chapter.

Nevertheless, one could easily consider a clusterized strategy as we explained in Section

3.4 of Chapter 3. In this section, we start by describing the network’s configuration;

then, in the following subsections, we provide descriptions of both training and tracking

phases of the proposed tracking approach.

5.2.1 Network configuration

Consider an environment of δ dimensions, with δ = 2 for a two-dimensional envi-

ronment, and Ns sensors having known locations. Unlike the tracking approach pre-

sented in Chapter 4, the sensors are now allowed to move in the network. Their

locations are considered to be known at any given time step, and are denoted by

si(k) = (si,1(k) . . . si,δ(k)), i ∈ {1, . . . , Ns}, k being the current time step. The objective

is to track a moving target with the unknown position x(k) = (x1(k) . . . xδ(k)). Here as

well, we will only consider the case of one cooperative moving target. Nevertheless, the

tracking approach could be applied in the case of several moving targets. Table 5.1 lists

all the variables that will be used in this chapter, along with their respective sizes.

5.2.2 The training phase

The aim of the training phase is to determine the distance models. These models will

then be used in the tracking phase to estimate the distances separating the target from

the sensors in the network. The first step of this phase consists in defining a training set

of Np radio-fingerprints, where the distances are associated with the measured RSSIs.

To this end, Np reference positions, denoted by pℓ = (pℓ,1 . . . pℓ,δ), ℓ ∈ {1, . . . , Np},
are either placed on a grid or randomly in the studied environment. The Ns sensors

continuously broadcast signals in the network at a fixed initial power, and a sensor

is placed consecutively at the reference positions to detect the broadcasted signals and

measure their RSSIs. Let ρsi,pℓ , i ∈ {1, . . . , Ns}, denote the power of the signal received
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Table 5.1: List of the used variables in Chapter 5, along with their respective sizes

Notation Variable Size

δ environment dimension 1
Ns number of fixed sensors 1
Np number of reference positions 1
k time step 1
χ(·) proposed distance model 1
si position of fixed sensor i 1 ×δ
x target position 1 ×δ
ν target velocity 1 ×δ
γ target acceleration 1 ×δ
pℓ reference position 1 ×δ
xm position of particle m 1 ×δ
νm velocity of particle m 1 ×δ
ǫPF error over particles positions 1 ×δ
zKF Kalman filter observation (Ns − 1)× 1
n observation noise (Ns − 1)× 1
zPF particle filter observation Ns× 1
Λ log distance vector Ns× 1
αi, βi learning coefficients Np× 1

X, X̂, X̂
−

target state 2δ× 1
B control-input vector 2δ× 1
ǫKF state noise 2δ× 1
H covariance matrix δ × δ
Q, T , T−, V covariance matrix 2δ × 2δ
A state transition matrix 2δ × 2δ
C observation matrix (Ns − 1)× 2δ
R covariance matrix (Ns − 1)× (Ns − 1)
K Gram matrix Np ×Np

from the sensor at position si by the sensor at reference position pℓ, and let dsi,pℓ ,

i ∈ {1, . . . , Ns}, denote the distance separating these sensors. The distance dsi,pℓ is then

given by:

dsi,pℓ =

√√√√
δ∑

v=1

(
si,v − pℓ,v

)2
. (5.1)

In this way, Ns training sets of Np pairs (ρsi,pℓ , dsi,pℓ) are obtained. The training phase

consists then in finding a set of Ns models

χi : R → R, i ∈ {1, . . . , Ns}.

Each model χi takes as input the RSSI received from the sensor si at a reference position

pℓ, ℓ ∈ {1, . . . , Np}, and yields as output the distance dsi,pℓ separating si from pℓ. In this

chapter, we propose two different definitions for these distance models: a non-parametric
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one and a semi-parametric one. More details will be provided in Section 5.3.

5.2.3 The tracking phase

In the tracking phase, a moving target, at an unknown position x(k), collects the RSSIs

of the signals received from the Ns sensors, at a given time step k. Let ρsi(k),x(k)

denote the RSSI of the signal received from the sensor at position si(k) by the target at

position x(k). Then, an estimate of the distance d̂si(k),x(k), i ∈ {1, . . . , Ns}, separating
the sensor at position si(k) from the target is then obtained using the already-defined

distance model χi and the collected RSSIs, as follows:

d̂si(k),x(k) = χi(ρsi(k),x(k)). (5.2)

The target is assumed to be equipped with a gyroscope and an accelerometer that yield

respectively its instantaneous orientation and accelerations. Combining this information

leads to the instantaneous accelerations of the target over the δ coordinates in the global

coordinate system. We propose then to solve the tracking problem in two ways. The

first solution is given in Section 5.4, where the distance estimates are combined with

the accelerometer information to obtain an estimate of the target’s positions using the

Kalman filter. The second solution is given in Section 5.5, where the target’s position

estimates are obtained by combining the accelerations and the distance estimates using

the particle filter.

5.3 Definition of χi using Kernel Methods

The objective of this section is to define the set of models χi, i ∈ {1, . . . , Ns}, using the

constructed training database. Each model χi is defined in such a way that it associates

to each RSSI measure ρsi,pℓ , ℓ ∈ {1, . . . , Np}, the corresponding distance dsi,pℓ . To

this end, we propose two distance models. In the first subsection, we define the set

of models χi, i ∈ {1, . . . , Ns}, as non-parametric models, i.e., they are taken as linear

combinations of kernels centered on the training samples. The second models, described

in the second paragraph of this section, are semi-parametric regression models that

combine the physical log-distance propagation model of [Medeisis and Kajackas, 2000;

Patwari et al., 2005] with a non-linear fluctuation term, defined in a reproducing kernel

Hilbert space. This non-linear term compensates for the missing factors in the log-

distance model, therefore allowing a better modeling of the RSSI/distance relationship.
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5.3.1 Non-parametric regression models

In this subsection, the distance model is derived using only the training database. No

assumptions on the model or prior knowledge of the model are considered. Therefore,

determining χi requires solving a non-linear regression problem. To this end, we take

advantage of kernel methods by considering the kernel ridge regression to determine the

functions χi, as studied in details in Section 2.4 on page 2.4.

Each function χi is determined by minimizing the mean quadratic error between the

model’s outputs χi(ρsi,pℓ) and the desired outputs dsi,pℓ , as follows:

χi = arg min
χ
i
∈H

1

Np

Np∑

ℓ=1

(dsi,pℓ − χ
i
(ρsi,pℓ))

2 + ηi‖χi‖
2
H, (5.3)

where H is a reproducing kernel Hilbert space, and ηi is a regularization parameter

that controls the tradeoff between the training error and the complexity of the solution.

According to the representer theorem, given in Section 2.3 on page 30, the optimal

function can be written as follows:

χi(·) =
Np∑

ℓ=1

αℓ,i κ(ρsi,pℓ , ·), (5.4)

where κ : R×R→R is a kernel, and αℓ,i, ℓ ∈ {1, . . . , Np}, are parameters to be deter-

mined. Now let αi be the Np×1 vector whose ℓ-th entry is αℓ,i. By substituting (5.4) in

(5.3), a dual optimization problem in terms of αi is obtained, whose solution is given by

taking the derivative of the corresponding cost function with respect to αi and setting

it to zero. The solution is then given by the following:

αi = (Ki + ηiNpINp)
−1dsi , (5.5)

where INp is the Np×Np identity matrix, dsi = (dsi,p1 . . . dsi,pNp
)⊤, i ∈ {1, . . . , Ns}, and

Ki is theNp×Np matrix whose (u, u′)-th entry is κ(ρsi,pu , ρsi,pu′ ), for u, u
′ ∈ {1, . . . , Np}.

Notice that this non-parametric model does not consider any prior knowledge on the

physical properties of the relationship between the RSSIs and the distances. Indeed,

the model does not take into account the fact that this RSSI/distance relationship is

logarithmic. In the following subsection, we propose a semi-parametric regression model

in such a way that the prior knowledge of the logarithmic RSSI/distance relationship is

taken into consideration.
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5.3.2 Semi-parametric regression models

Both theoretical and measurements-based studies indicate that the received signal strength

decreases logarithmically with distance. However, even though the log-distance signal

propagation model takes this fact into account, it is still insufficient to characterize the

RSSI/distance relationship. In fact, this model assumes that the latter is fully para-

metric, neglecting then all other factors in the environment, such as physical obstacles,

multipath propagation, interferences, etc. It therefore characterizes the RSSI/distance

relationship as follows:

ρsi,pℓ = ρ0i − 10nP log10
dsi,pℓ
d0i

, (5.6)

where ρ0i is the power at the reference distance d0i associated with the sensor at position

si, and nP is the path-loss exponent. Note that the quantities ρ0i, d0i and nP are

considered unknown. In this subsection, we propose a new propagation model by adding

to this model a non-linear fluctuation term ϕi, that represents a combination of all

unknown factors affecting the RSSI measures, as follows:

ρsi,pℓ = ρ0i − 10nP log10
dsi,pℓ
d0i

+ ϕi, (5.7)

This term provides the log-distance physical model with further flexibility, resulting in

a more accurate model. Rewriting (5.7) yields the following:

log10 dsi,pℓ =
ρ0i

10nP
+ log10 d0i −

ρsi,pℓ
10nP

+
ϕi

10nP
. (5.8)

One can see that (5.8) is a combination of a linear model in terms of ρsi,pℓ and a

non-linear model. Let ψi(·) denote the model that associates to each RSSI ρsi,pℓ the

logarithm of the distance log10(dsi,pℓ). This model ψi(·) can be decomposed into two

terms: a linear term and a non-linear fluctuation term, such that:

ψi(·) = ψi,lin(·) + ψi,nlin(·),

where we have the following:




ψi,lin(ρsi,pℓ) = ai ρsi,pℓ + bi,

ψi,nlin(ρsi,pℓ) =
ϕi

10nP
,

(5.9)

with ai = − 1
10nP

and bi =
ρ0i

10nP
+log10 d0i, ai and bi being unknown variables that need

to be determined. We now consider that the non-linear term, given by ψi,nlin(·), lies in a

reproducing kernel Hilbert space denoted by H, and induced by a positive definite kernel

function κ(·, ·). It is estimated by minimizing the regularized mean quadratic error on
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the training set, given by:

1

Np

Np∑

ℓ=1

ε2ℓ,i + ηi‖ψi,nlin‖2H, (5.10)

where the quantity ηi is a regularization parameter that controls the tradeoff between

the training error and the complexity of the solution, and the cost function εℓ,i is given

by:

εℓ,i = log10 dsi,pℓ − ai ρsi,pℓ − bi − ψi,nlin(ρsi,pℓ),

where ℓ ∈ {1, . . . , Np}. From the representer theorem, ψi,nlin(·) can be written as a linear

combination of kernels as follows:

ψi,nlin(·) =
Np∑

ℓ=1

βℓ,i κ(ρsi,pℓ , ·),

where κ : R×R→R, and βℓ,i, with ℓ ∈ {1, . . . , Np}, are parameters to be estimated.

By multiplying (5.10) by Np for convenience and writing it in matrix form, one gets the

following cost function:

Λ⊤
i Λi + a2i ρ

⊤
i ρi +Npb

2
i + β

⊤
i K

⊤
i Kiβi − 2aiΛ

⊤
i ρi − 2bi1

⊤
Np×1Λi

− 2Λ⊤
i Kiβi + 2aibi1

⊤
Np×1ρi + 2aiρ

⊤
i Kiβi + 2bi1

⊤
Np×1βi + ηiNpβ

⊤
i Kiβi, (5.11)

where βi = (β1,i . . . βNp,i)
⊤, Ki is the Np×Np Gram matrix whose (u, u′)-th entry is

κ(ρsi,pu , ρsi,pu′ ), for u, u
′ ∈ {1, ..., Np}, ρi is the Np×1 vector whose ℓ-th entry is equal

to ρsi,pℓ , ℓ ∈ {1, . . . , Np}, 1Np×1 is the Np×1 vector of ones, and Λi is the Np×1 vector

whose ℓ-th entry is equal to log10 dsi,pℓ . By taking the partial derivatives in matrix form

of (5.11) with respect to ai, bi and βi and setting them to zero, we get the following

linear system having the form U i =W iY i, where

Y i =




ai

bi

βi


 , U i =




1⊤Np×1Λi

Λi

Λ⊤
i ρi


 ,

W i =




1⊤Np×1ρi

ρi

ρ⊤i ρi

Np

1Np×1

1⊤
Np×1ρi

1⊤Np×1Ki

Ki + ηiNpINp ×Np

ρ⊤i Ki


 (5.12)

The solution is then given by:

Y i = (W⊤
i W i)

−1W⊤
i U i. (5.13)
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The model parameters are then computed using (5.12) and (5.13). Now using only the

RSSI information, one can find the logarithm of any distance separating a sensor at

position si(k) from the target at position x(k), as follows:

log10 dsi(k),x(k) = ψi
(
ρsi(k),x(k)

)

= ai ρsi(k),pℓ + bi +

Np∑

ℓ=1

βℓ,i κ
(
ρsi(k),pℓ , ρsi(k),x(k)

)
.

Then, the model χi(·) yields the distance as follows:

χi
(
ρsi(k),x(k)

)
= 10log10 dsi(k),x(k) = 10ψi(ρsi(k),x(k)). (5.14)

5.4 Resolution using the Kalman Filter

In this section, we propose to find the target position by combining its instantaneous

accelerations with the distances separating it from the sensors in the network, by means

of a Kalman filter. These distances are estimated using any of the kernel-based distance

models defined in Section 5.3. As we already explained, the Kalman filter first predicts

the unknown state of the target using the previous estimated state and its mobility

equation. The predicted state is then corrected using observations from the network.

Therefore, in order to use the Kalman filter, we need first to define the state-space

equation. Then, we need to define the observations.

5.4.1 Definition of the filter’s equations

In the previous chapter, we introduced three orders of state-space equations, and we

proved that using a third-order state-space model gives the best results, especially in

cases where the target is hyperactive. Consequently, in this chapter, we will only consider

the third-order state-space equation from Section 4.3 on page 79. In the following, the

target is assumed to be rotationally constrained. If this is not the case, the coordinate

system where the accelerations are given changes. The solution to this problem has been

discussed in Subsection 4.2.2 on page 76, where we showed that the target accelerations

in the initial coordinate system can be computed using the target’s measured orientations

and a rotation matrix. Now let X(k) = (x(k) ν(k))⊤ denote the unknown state of the

target at time step k, with ν(k) being the estimated velocity vector of the target at the

time step k. In addition, let γ(k) denote the target measured acceleration vector at time
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step k. The considered state-space equation is then given by the following:

X(k) = A X(k − 1) +B(k) + ǫKF(k),

=

(
Iδ

0δ×δ

∆tIδ

Iδ

)
X(k − 1) +

(
γ(k − 1)⊤ ∆t2

3

γ(k − 1)⊤ ∆t
2

)
+

(
γ(k)⊤ ∆t2

6

γ(k)⊤ ∆t
2

)
+ ǫKF(k),

(5.15)

where A is the state transition matrix, B(k) is a noisy control-input vector depending

on the accelerations, ∆t is the tracking period, that is the time period separating two

consecutive time steps k−1 and k, Iδ is the δ×δ identity matrix, and 0δ×δ is the δ×δ matrix

of zeros. As for the quantity ǫKF(k), it is the state equation error, whose probability

distribution is assumed to be normal, having zero mean and covariance matrix V of size

2δ × 2δ.

Having defined the state-space model, we now need to define the observation in order to

use the Kalman filter. Now, if we use the equations of the estimated distances separating

the target from the sensors, the obtained observation model is non-linear. To overcome

this problem, we propose an alternative linear observation model based on the distances.

Indeed, using (5.1), one can write the following:

d2si,x(k) =

δ∑

v=1

(si,v − xv(k))
2

=

δ∑

v=1

s2i,v +

δ∑

v=1

x2v(k)− 2

δ∑

v=1

si,v xv(k).

By subtracting d2
sNs ,x(k)

from d2
si,x(k)

, i ∈ {1, ..., Ns − 1}, we get the following:

d2si,x(k) − d2sNs ,x(k)
=

δ∑

v=1

s2i,v −
δ∑

v=1

s2Ns,v + 2
δ∑

v=1

xv(k)(sNs,v − si,v).

After rearranging the terms in this expression, it becomes possible to set a linear obser-

vation model as follows:

zKF(k) = CX(k) + n(k), (5.16)

where n(k)∼N (0,R) is an additive noise, assumed to have a normal distribution, with

zero mean and covariance matrix R, and the observation vector zKF(k) can be written

as follows:

zKF(k) =




d2
s1,x(k)

− d2
sNs ,x(k)

+
∑δ

v=1 s
2
Ns,v

−∑δ
v=1 s

2
1,v

...

d2
sNs−1,x(k)

− d2
sNs ,x(k)

+
∑δ

v=1 s
2
Ns,v

−∑δ
v=1 s

2
Ns−1,v


 .
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The observation matrix C, of size (Ns − 1)× 2δ is then given by:

C = 2




sNs,1 − s1,1
...

sNs,1 − sNs−1,1

. . .

. . .

sNs,δ − s1,δ
...

sNs,δ − sNs−1,δ

0(Ns − 1) × δ


 ,

where 0(Ns − 1) × δ is the (Ns − 1) × δ matrix of zeros. In order to approximate the

covariance matrix R, a new set of reference positions is generated, and their distances

to the sensors are estimated using χi. Then, the differences between their observation

vectors, using their estimated distances, and the product of the matrix C by their exact

positions are computed and stored into a vector, that is the error vector. The matrix

R, assumed to be constant over time, is then determined by computing the covariance

of the error vector.

5.4.2 Algorithm using the Kalman filter

Now that we have defined the state-space equation (5.15) and the observation equation

(5.16), we can use the Kalman filter to find the target position at each time step k. The

Kalman filter first predicts the unknown position using the previous estimated position

with the state-space equation (5.15), as follows:

X̂
−
(k) = AX̂(k − 1) +B(k), (5.17)

where X̂(0) is assumed to be known. Then, the predicted estimation covariance is

updated by the following:

T−(k) = AT (k − 1)A⊤ +Q(k),

where T (k−1) is the covariance estimation at time step k−1, and T (0) is null since the

initial state is known. As for the matrix Q(k), i.e., the covariance matrix of X(k) given

X(k − 1), in the case of the third-order state-space model, it is given as in Chapter 4

by:

Q(k) = V +Cov

((
γ(k − 1)⊤ ∆t2

3

γ(k − 1)⊤ ∆t
2

)
+

(
γ(k)⊤ ∆t2

6

γ(k)⊤ ∆t
2

))

= V +

(
5∆t4

36 Diag
(
σ2
γ

)

∆t3

4 Diag
(
σ2
γ

)
∆t3

4 Diag
(
σ2
γ

)

∆t2

2 Diag
(
σ2
γ

)
)
,
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where σ2γv , v ∈ {1, . . . , δ} are the variances of the acceleration noises. As we already

mentioned, their values can be estimated by performing a calibration of the accelerometer

before the tracking.

The final step of the filter is the correction of the predicted quantities X̂
−
(k) and T−(k)

using the observation equation (5.16) as follows:

X̂(k) = X̂
−
(k) +GKF(k) (zKF(k)

⊤ −CX̂−
(k)),

T (k) = (I2δ −GKF(k)C)T−(k),

where GKF(k) is the optimal Kalman gain given by:

GKF(k) = T
−(k)C⊤ (C T−(k)C⊤ +R)−1.

5.5 Resolution using the Particle Filter

The objective of this section is to find the target position estimates using the particle fil-

ter, the distances estimated by either one of the kernel-based distance models of Section

5.3 and the instantaneous accelerations of the target. The particle fillter is an imple-

mentation of the formal recursive Bayesian filter using sequential Monte Carlo methods

[Chen, 2003]. The aim of a Bayesian filter is to construct the posterior probability den-

sity function (pdf) of the required state vector using all available information. Then,

this filter provides a formal mechanism for propagating and updating the pdf when new

information (i.e., measurements) is received. However, in a particle filter scheme, instead

of describing the required pdf as a functional form, it is represented approximately as a

set of random samples of the pdf. As the number of samples tends to infinity, one con-

verges to an exact equivalent of the functional form. These samples, called the particles

of the filter, are propagated and updated according to the dynamics and measurement

models.

5.5.1 Definition of the filter’s equations

Unlike the Kalman filter, the particle filter makes no restrictive assumption about the

dynamics of the state-space or the density function. The observation model can be non-

linear, while the initial state and noise distributions can take any required form. For

this reason, the observations here are taken equal to the estimated distances separating

the target from the sensors, that is:

zPF(k) = dx(k),
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where the vector of distances dx(k) = (ds1,x(k) . . . dsNs ,x(k)
)⊤, is obtained using any one of

the aforementioned kernel-based models. Like the Kalman-based method, the tracking

problem is also defined, using accelerations, by the third-order state-space model.

5.5.2 Algorithm using the particle filter

In order to solve the problem using the particle filter, NPF particles are first generated

at the initial position of the target x(0), considered to be known. All the particles

are given equal weights of 1
NPF

. It is important to note here that the higher NPF, the

more computations we need. Let xm(0),m ∈ {1, . . . , NPF}, denote the initial particles

positions, and νm(0) their initial null velocities; then the particles positions at time

step k are denoted by xm(k),m ∈ {1, . . . , NPF}, and their velocities by νm(k). Starting

from the initial position, the particles positions and their velocities at time step k are

recursively predicted using (4.5) as follows:

νm(k) = νm
′
(k − 1) + γ(k − 1)∆t+

γ(k)− γ(k − 1)

∆t

∆t2

2

= νm
′
(k − 1) +

∆t

2
γ(k − 1) +

∆t

2
γ(k),

xm(k) = xm
′
(k − 1) + νm

′
(k − 1)∆t+ γ(k − 1)

∆t2

2
+
γ(k)− γ(k − 1)

∆t

∆t3

6
+ ǫPF(k)

= xm
′
(k − 1) + νm

′
(k − 1)∆t+

∆t2

3
γ(k − 1) +

∆t2

6
γ(k) + ǫPF(k),

where xm
′
(k−1) is one of the particles of time step k−1, selected randomly according to

the discrete distribution of their weights, νm
′
(k−1) is the velocity associated to xm

′
(k−

1), and ǫPF(k)∼N (0,H) is the state equation error whose probability distribution is

assumed to be normal, having zero mean and covariance matrix H of size δ × δ. The

particles’ weights ωm(k) are updated according to the observed distances. Indeed, a

particle is more valuable if its distances to the sensors are closer to the observed ones

[Farmani et al., 2012]. This update rule is formulated as follows:

ωm(k) =
1

‖dxm(k) − zPF(k)‖
ωm

′
(k − 1),

where dxm(k) = (ds1,xm(k) . . . dsNs ,x
m(k))

⊤, and ‖dxm(k)−zPF(k)‖ is the distance between
the vectors zPF(k) and dxm(k). Then, the weights are normalized using the following:

ωm(k) =
ωm(k)

∑NPF
m=1 ω

m(k)
.

Finally, the last step in the filtering process is the resampling. In this step, the particles

with negligible weights are replaced by new particles in the proximity of the particles with
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higher weights. It is applied only when the effective number of particles Neff becomes

less than a threshold value Nth, with Neff given by:

Neff =
1

∑NPF
m=1 (ωm(k))2

.

The threshold Nth is usually taken equal to 10% of the particles number NPF. Having

calculated the weights of the particles, the target’s state at time step k is then given

using the following:

x̂(k) =

NPF∑

m=1

ωm(k) xm(k).

Compared to the Kalman-based method, this algorithm needs more computations, due

to the generation and resampling of the particles; however, it is more robust when the

distances errors are non Gaussian.

5.6 Evaluation of the accuracy of the distance models

In this section, we propose to evaluate the accuracy of the two proposed distance models,

with simulated and real data. Note that the Gaussian kernel is used here; in addition,

the kernel bandwidths and the regularization parameters are estimated using the cross-

validation technique. The proposed models are compared to the log-distance propagation

model, given in (5.6), and to the polynomial model introduced in [Yang and Chen, 2009].

The polynomial regression in [Yang and Chen, 2009] determines a mathematical relation

between RSSIs and distances, without taking physical properties into consideration. In

such a case, the signal propagation model is the q-th degree polynomial given by the

following:

dsi,pℓ = a0 + a1 ρsi,pℓ + a2 ρ
2
si,pℓ

+ · · ·+ aq ρ
q
si,pℓ

, (5.18)

where aj, j ∈ {0, . . . , q}, are the polynomial coefficients to be determined. These pa-

rameters aj are chosen in a way to fit the q-th degree polynomial through the training

set, using the least squares method.

5.6.1 Evaluation of the distance models on simulated data

Now let us evaluate the accuracy of the distance models on simulated data, in the case

of two different scenarios. For the first scenario, we consider an area without walls, and

we estimate the distances using the proposed models. Then, we compare the obtained

results to the ones obtained with the log-distance propagation model. Next, we consider

a different scenario, where the signals are attenuated because of the presence of walls
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Table 5.2: Distance estimation errors for simulated data in the case of the first scenario,
where NPM, SPM, PM, PolyM denote respectively the non-parametric model, the semi-

parametric one, the log-distance propagation one and the polynomial one

PM
PolyM PolyM PolyM

NPM SPM
q = 2 q = 3 q = 4

Mean training error 2.26 2.74 2.23 2.22 2.18 2.09
Mean test error 2.59 2.94 2.57 2.60 2.57 2.59

in the proposed topology. As it will be shown in the following, such topology allows a

better comparison between models.

We start with the first scenario, where a 100 m × 100 m area is considered, with

Ns = 16 sensors and Np = 100 reference positions distributed over the area. Figure 5.1

illustrates the considered topology, where no walls or obstacles are present. The RSSIs

for the training phase are obtained using the log-distance propagation model given in

(5.6), with nP set to 4 as often given in the literature, and ρ0 set to 1 dBm at the

reference distance d0 set to 1 m. As for the test phase, 100 positions are randomly

generated in the studied area, and their RSSIs are also obtained using (5.6). Finally, a

zero mean additive white noise oi,ℓ is added to all the RSSIs, with σρ being its standard

deviation. Here, we take σρ equal to 1 dBm. Based on the study given in Section 5.3, we

define Ns = 16 non-parametric distance models and Ns = 16 semi-parametric distance

models. Then, in the test phase, we estimate the distances using these models, the

log-distance propagation model, and the polynomial model with q = 2, q = 3 and

q = 4. The mean estimation errors (in meters) are stored in Table 5.2. For convenience,

in the comparison tables, we denote the non-parametric model of Subsection 5.3.1 by

NPM, and the semi-parametric model of Subsection 5.3.2 by SPM. We also denote

the log-distance propagation model, that is known for being a physical model, by PM

and the polynomial model by PolyM. One can see from this table that the results are

really close, especially for the test error, which is of much great importance than the

training error. This result was expected, since we are generating the RSSIs using the

log-distance propagation model, and the noise is a zero mean additive noise. For all

considered models, the objective is to minimize the error on the training set, that is the

difference between the real distances and the estimated distances. Therefore, since the

noise is of zero mean, all estimated models will yield the same optimal solution, i.e., the

noiseless initial model given in (5.6).

We now propose another scenario given in Figure 5.2, where we consider a 25 m × 5

m area, two fixed sensors and 45 known positions for the training phase. This figure

shows that there are five rooms in the studied area, meaning that the signal penetrates a
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Figure 5.1: Topology of the simulated area for the first scenario, where ∆ represents
the sensors and + represents the training positions

maximum of four walls during its propagation. Therefore, we consider the average walls

model described in [Andrade and Hoefel, 2010] to generate the RSSI measures. This

model is a modified version of the log-distance model that explicitly takes into account

the attenuations due to walls. The received signal strength indicator is then given by

the following:

ρsi,pℓ = ρ0 − 10nP log10 dsi,pℓ −Nwi
Lwi

+ oi,ℓ, (5.19)

where the quantities Lwi
and Nwi

denote respectively the loss due to walls and the

number of penetrated walls. The quantity Lwi
is taken equal to 6.9 dBm, since we

consider the case of heavy thick walls [Andrade and Hoefel, 2010]. Now for the test

phase, 100 positions are randomly generated in the studied area, and their RSSIs are

obtained using (5.19). Then, the distances are estimated using the two proposed models,

the log-distance propagation model and the polynomial models. The estimation errors

for these models are stored in Table 5.3, when the standard deviation of oi,ℓ is taken

equal to 0.5 dBm. Table 5.4 yields the estimation errors when the noise’s standard

deviation is increased to 1 dBm. One can see from both tables that the two proposed
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Figure 5.2: Topology of the simulated area for the second scenario, where ∆ represents
the sensors and + represents the training positions

Table 5.3: Distance estimation errors for simulated data in the case of the second
scenario with σρ equal to 0.5 dBm, where NPM, SPM, PM, PolyM denote respectively
the non-parametric model, the semi-parametric one, the log-distance propagation one

and the polynomial one

PM
PolyM PolyM PolyM

NPM SPM
q = 2 q = 3 q = 4

Mean training error 1.26 0.56 0.55 0.54 0.20 0.22
Mean test error 1.37 0.62 0.61 0.61 0.32 0.34

Table 5.4: Distance estimation errors for simulated data in the case of the second
scenario with σρ equal to 1 dBm, where NPM, SPM, PM, PolyM denote respectively
the non-parametric model, the semi-parametric one, the log-distance propagation one

and the polynomial one

PM
PolyM PolyM PolyM

NPM SPM
q = 2 q = 3 q = 4

Mean training error 1.29 0.68 0.67 0.67 0.39 0.43
Mean test error 1.39 0.66 0.65 0.66 0.51 0.52

distance models outperforms the log-distance propagation model and the polynomial

one in terms of accuracy. Moreover, it is the non-parametric model that yields the best

results.

5.6.2 Evaluation of the distance models on real data

For the evaluation of the proposed distance models on real data, we use the same col-

lected measurements considered in Section 3.5 of Chapter 3. This set of collected data

is available from [Zanca et al.]; the measurements are carried out in a room of approxi-

mately 10 m × 10 m, where 48 EyesIFX sensor nodes are deployed over a uniform grid.

We consider that there are five fixed sensors at known positions, and 43 other sensors

with known positions for the training and test phases. Figure 5.3 shows the topology of

the testbed. It is important to note that the average values over time of the RSSIs are
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Figure 5.3: Topology of the testbed (real data), where ∆ represents the sensors and +
represents the training positions

used here. In fact, the RSSIs vary significantly with respect to time and movements,

as one can see in Figure 5.4. These variations are known as short-term or multi-path

fading. On the other hand, the local average of the signal varies slowly. These slow

fluctuations depend mostly on environmental characteristics, and they are known as

long-term fading. Therefore, it is more suitable to use the average values of the RSSIs

than to use all the collected values [Neskovic et al., 2000].

Now the objective is to find five distance models, i.e., one model per sensor. Each model

has a different set of training data to be used for the estimation of its parameters. As

we already explained in Subsection 5.2.2, each model training set consists, on one hand,

of the RSSIs of the signals exchanged between the considered fixed sensor and the 43

other sensors and, on the other hand, of the corresponding distances separating these

sensors. The mean value of the training error (in meters) for the computed models is

given in Table 5.5, along with the mean error on the training set for the physical log-

distance propagation model used in [Medeisis and Kajackas, 2000; Patwari et al., 2005;

Zanella and Bardella, 2014] and for the polynomial model of [Wang et al., 2009], for
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Figure 5.4: RSSIs measured at the training positions as a function of the distances
separating these positions from a fixed sensor

several degrees q. We also use the leave-one-out (LOO) technique in order to evaluate

the performance of the proposed model in the case of data that are not part of the

training set. The LOO technique involves using a single observation from the collected

data as the validation data, and the remaining observations as the training data. This

is repeated 43 times, such that each observation is used once as the validation data.

This technique is interesting because it allows us to compare the proposed models to

the log-distance model, even though the set of collected data is not really large. Finally,

the mean estimation error (in meters) is stored in Table 5.5 for the computed models.

One can see from this table that the proposed models yield better results than the log-

distance model and the polynomial for the different degrees q, when comparing the mean

estimation error. Moreover, the two proposed models yield really close results.

Now, in a similar manner to Section 3.5 of Chapter 3, we generate additional reference

positions in order to get a total of 100 reference positions. This is done, here as well,

using a weighting function that relies on the distances between the existing points and

the new ones. Then, for the test phase, we generate in the same way 100 random test

positions. Table 5.6 shows the mean training and test errors (in meters) for the computed

models. One can see that the estimation error decreases for all models; indeed, this is
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Table 5.5: Distance estimation errors for the different models in the case of real data,
where NPM, SPM, PM, PolyM denote respectively the non-parametric model, the

semi-parametric one, the log-distance propagation one and the polynomial one

PM
PolyM PolyM PolyM

NPM SPM
q = 2 q = 3 q = 4

Mean training error 1.36 1.30 1.29 1.29 1.21 1.17
Mean LOO error 1.41 1.40 1.48 1.74 1.33 1.33

Table 5.6: Distance estimation errors for the different models in the case of real weighted
data, where NPM, SPM, PM, PolyM denote respectively the non-parametric model,
the semi-parametric one, the log-distance propagation one and the polynomial one

PM
PolyM PolyM PolyM

NPM SPM
q = 2 q = 3 q = 4

Mean training error 1.17 1.11 1.10 1.06 0.95 0.93
Mean test error 1.29 1.18 1.14 1.10 1.01 1.02

due to the weighting process, that smoothes the RSSI/distance function. Nevertheless,

the two proposed models still outperform the other models in terms of accuracy.

5.7 Performance evaluation of the tracking methods

This section evaluates the performance of the two proposed tracking methods on simu-

lated data. In the first subsection, we evaluate the performance of the proposed methods

in terms of accuracy for fixed values of the noise standard deviations σγ and σρ. Next,

in the second subsection, we study the influence of the noise standard deviations σγ and

σρ on the estimation error. Then, in the third subsection, we compare our results to

ones obtained with the WKNN algorithm combined with a Kalman filter [Chan et al.,

2009]; we also study the influence of the number of sensors Ns on the estimation error

for the proposed methods and the method in [Chan et al., 2009]. Finally, we compare

the accuracy of the proposed methods to the localization method proposed in Chapter

3 and to the tracking method proposed in Chapter 4 in both cases of fixed and moving

sensors. In the following, we consider the setup of Figure 5.1, and the RSSI measures are

generated using (5.6), with nP set to 4 and ρ0 set to 1 dBm. Now for the choice of the

distance model, one can see from the results of Section 5.6 that both proposed models

yield really close results in the case of simulated data. Consequently, we will use the

non-parametric model in this section. As we already explained, the kernel parameters

ηi and σi are chosen in such a way to minimize the error on the training set. As for the
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Figure 5.5: Acceleration signals of the target, with γ1 on the left and γ2 on the right
being the first and the second acceleration coordinates respectively

application of the particle filter in all our simulations, the number of particles NPF is

set to 50.

5.7.1 Evaluation of the proposed methods

We consider a moving target in the defined area. The target accelerations are given in

Figure 5.5, γ1 and γ2 being the first and the second acceleration coordinates respectively.

By taking twice the primitive integrals of the accelerations, we compute the coordinates

of the target. The obtained trajectory contains 100 points with ∆t = 1 s, and is

illustrated in Figure 5.6. We consider that noises are present in all scenarios, since a

noiseless setup is not realistic in a practical environment. To this end, we take σρ equal

to 10% of the standard deviation of the RSSI measures, i.e., σρ = 1.08 dBm, and we

take σγ equal to 5% of the standard deviation of the accelerations. Let the estimation

error be evaluated by the root mean squared distance between the exact positions and

the estimated ones. Figure 5.6 shows the estimated trajectories when using the two

proposed tracking methods. The results are averaged over 50 Monte-Carlo simulations.

The mean error obtained when using the Kalman filter of Section 5.4 is equal to 1.03

m. As for the mean error obtained with the particle filter of Section 5.5, it is equal to

0.68 m. One can see that both methods allow an accurate tracking of the target, with

a better estimation error when considering the particle filter with this setup.

5.7.2 Influence of σγ and σρ

Now we study the influence of the noise standard deviations σγ and σρ on the estimation

error. First, we take a fixed value for σρ, equal to 10% of the standard deviation of the
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Figure 5.6: Estimation of the trajectory: simulated data

RSSI measures. Then, different percentages of the standard deviation of the acceleration

are considered, ranging from 1% to 10%. The estimation errors are, here as well, averaged

over 50 Monte-Carlo simulations. Figure 5.7 shows the influence of σγ on the estimation

error. This figure shows that both filters have similar performances when the noise on the

accelerations is small; however, with higher noise values, the particle filter outperforms

the Kalman filter.

Finally, we take a fixed value for σγ equal to 5% of the standard deviation of the

accelerations, with several percentages of the standard deviation of the RSSI measures,

going from 0% to 50%. Figure 5.8 shows the influence of the variation of σρ on the

estimation error for both methods. One can see here as well that the particle filter

yields better results than the Kalman filter. This is due to the distribution of the

observation errors, assumed to be Gaussian in the Kalman filter. Indeed, small RSSI

errors yield slightly varying observation errors. However, with higher RSSI errors, the

noise distribution gets farther from a Gaussian one, and the particle filter performs

better. Nevertheless, one can see that both methods have relatively small estimation

errors, compared to the space dimensions.
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Figure 5.7: Estimation error as a function of the noise on the accelerations, with σρ
equal to 10% of the standard deviation of the RSSIs
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Figure 5.8: Estimation error as a function of the noise on the RSSI
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Table 5.7: Estimation errors for the different tracking techniques

Tracking method Mean estimation error

Proposed Kalman filter 1.03
Proposed particle filter 0.68
WKNN 4.57
WKNN + Kalman 2.15

5.7.3 Comparison to other techniques

The objective now is to first compare the proposed approach to the method in [Chan

et al., 2009; Liu et al., 2011]. We consider the same setup as the one in Subsection 5.7.1,

and the same values for σγ and σρ. Then, taking also the same setup, we compare the

tracking method proposed in this chapter to the methods proposed in Chapter 3 and

Chapter 4, in both cases of fixed and moving sensors.

As we already explained in Subsection 4.4.5 on page 93, the method in [Chan et al., 2009]

consists in estimating the position using the weighted K-nearest neighbor algorithm,

then applying the Kalman filter with a second-order state-space model to enhance the

estimation. We use the same weight as in Chapter 4, given in (4.18), with the number

of neighbors set to 8, as in [Chan et al., 2009]. The estimation errors (in meters)

obtained when using this method are computed 50 times, and the mean estimation

error is stored in Table 5.7, where σMSE is the standard deviation of the mean estimation

error. This table also shows the mean estimation error of this algorithm without using

the acceleration information (WKNN). One can see that the two proposed methods

outperform the WKNN-based methods in terms of accuracy.

Next, several percentages of the standard deviation of the RSSI measures are taken using

the methods in [Chan et al., 2009]. The value of σγ is taken equal to 5% of the standard

deviation of the accelerations as in the scenario of Figure 5.8. The estimation error

obtained in this case is shown in Figure 5.9. This figure shows that the two proposed

methods outperform the other methods for all values of σρ, compared to the results

obtained in Figure 5.8.

We now compare these methods for several values of the number of sensors Ns, for a

fixed number of reference positions Np = 100. The value of σρ is taken equal to 10%

of the standard deviation of the RSSI measures, and σγ is equal to 5% of the standard

deviation of the accelerations. Figure 5.10 shows the estimation error as a function of

Ns. Note that here the sensors are assumed fixed, since this assumption is essential for

a good performance of the WKNN-based methods. One can see that the two proposed

methods yield the smallest errors for all values of the number of sensors; moreover, at
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Figure 5.9: Estimation error as a function of the noise on the RSSI, using different
methods
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Figure 5.10: Estimation error as a function of the number of fixed sensors Ns

Ns = 4, the other methods do not give such accurate results. Another important thing

to notice is that the proposed methods are more robust to the changes in the number of

sensors, and they present less variations than the other methods.

Finally, let us consider the localization method presented in Chapter 3 and the tracking

method presented in Chapter 4, both using the kernel ridge regression learning algorithm.
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Figure 5.11: Estimation error as a function of the radius defining the movement of the
sensors

We consider the scenario described at the beginning of this subsection, with the same

value for the noises standard deviations, and we estimate the positions of the target. To

compare the methods, consider that the Ns = 16 sensors are moving in the surveillance

area, with circular movements. The trajectory of Figure 5.6 is estimated using all

proposed methods, for different radii ranging from 0 to 30 m and for random angles going

from 0 to 2π radians. The results are then averaged over 50 Monte-Carlo simulations.

Figure 5.11 shows the mean estimation error as a function of the radius for the tracking

methods. One can see that all acceleration-based methods yield close results at the

beginning, when the radius is equal to zero, that is when the sensors remain fixed.

This condition is essential to obtain optimal results when using the previously proposed

methods, since the sensors’ positions are included in the learning process. The advantage

of the proposed methods in this chapter is that we find the RSSI/distance relationship,

and thus find directly the distance from the RSSI measures. When the sensors change

their positions, this relationship does not change, thus we do not need to reconfigure the

model, i.e. a new training phase is not needed. One can see from Figure 5.11 that when

the value of the radius increases, the estimation error also increases for both methods

of Chapter 3 and Chapter 4, while the estimation error almost remains the same for

the two proposed methods in this chapter. This result proves that the new proposed

methods are more robust to changes in the initial configuration of the surveillance area

than the previous methods.
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5.8 Conclusion

In this chapter, we proposed two original regression models that relate the received sig-

nal strength indicators to the distances separating sensors in the network. Then, we

solved the tracking problem using the estimated distances and two new methods that

take into account the target’s motion, using either the Kalman filter or the particle filter.

We provided a fully comprehensive study of the proposed distance models and their per-

formances. Simulation results show that our models yield accurate distance estimation.

Results also show that our tracking methods allow accurate position estimation, and

are proved to be robust in the case of noisy data. Moreover, when the sensors are no

longer fixed, both proposed tracking methods outperform the methods proposed in the

previous chapters.
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In this chapter, we introduce an original clusterized framework for the detection and

estimation of the parameters of multiple gas sources in wireless sensor networks. Each

cluster head processes the concentration measures collected regularly by the sensors within

its cluster in order to detect gas diffusions, by means of a kernel-based detector. Once

an alert is raised in a cluster, the collected concentrations are processed locally in order

to estimate the gas diffusion parameters, such as the source’s location and the release

rate. First estimates of the parameters are obtained using a kernel-based model that

takes as input the collected concentrations. Next, an enhanced estimate of the source’s

location is provided using the estimated parameters and the measures concentrations with

a second kernel-based model. We then evaluate the performance of the proposed method

in the case of a single source, as well as for multiple sources. Moreover, a comparison

to state-of-the-art techniques is also given.

6.1 Introduction

In the previous chapters, we provided several localization and tracking techniques for

wireless sensor networks. Once their positions are known, the sensors are able to collect

physical measurements in order to monitor the environment where they are deployed.

WSNs are being widely used for the detection and estimation of pollutions caused by

chemical, biological, radiological or nuclear (CBRN) attacks, in particular for extreme

environmental conditions. In the following, we focus particularly on the problem of

detecting and estimating gas diffusions. In fact, as we already explained in Chapter

1, gas releases might occur either accidentally, such as with the Union Carbide release

in Bhopal, India in 1984 [Kalelkar, 1988], or deliberately, such as with the Sarin gas

attack on Tokyo, Japan in 1995 [Tu, 1999]. Considering the potentially catastrophic

consequences of such diffusions on environment and on human life, it is important to

detect the gas diffusion and estimate its parameters, including the source location and

the release rate. These computations require the collection of gas concentration mea-

surements from the area, which necessitates specially trained people with appropriate

protective equipments. Alternatively, WSNs have proven to be very useful in such ex-

treme scenarios, where human intervention is risky and expensive. Typically, sensors

are deployed in the area to be monitored and are regularly and continuously collecting

measurements from the area. The collected information is then processed in order to

estimate the source parameters.

Several methods have been proposed in the literature for the estimation of the source

parameters. For instance, Kathirgamanathan et al. [2002] developed an inverse model
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for inferring the parameters of an instantaneous point source from gas concentration mea-

surements. The method solves a non-linear least squares estimation problem. Christopou-

los and Roumeliotis [2005] determined the source parameters using mobile robots that

collect concentration measurements. The study was focused on the selection of the

sequence of locations where each robot should be moved in order to obtain accurate

real-time estimates. Another method was proposed in [Delmaire and Roussel, 2012],

where the problem of pollutant source localization and flow estimation is addressed in a

one-dimensional context, using a single remote sensor. The pollutant is assumed to be

generated by one out of several possible sources, and the task is viewed as a conditional

deconvolution which requires a priori knowledge. In the end, a joint estimation decision

is derived in a Bayesian framework. Ickowicz et al. [2012] also proposed a method for the

prediction and estimation of the concentration of pollutants in complex environments.

The authors take benefit of a semi-parametric formulation of the problem and Gaussian

processes to model the interactions between position and time given some observations,

and then obtain a confidence region of the position of the source and the release time.

This method and all the aforementioned ones demand an extensive understanding of the

WSN topology and require a priori knowledge of the underlying diffusion process. To

overcome these issues, one can clearly take advantage of the flexibility of kernel-based

methods for non-parametric estimation as we will show in the following.

In this chapter, we propose a new clusterized framework for the detection and estimation

of gas diffusions from multiple sources in wireless sensor networks. Sensors are deployed

in the region of interest and collect concentration measurements at regular and short

sampling intervals. The region is divided into clusters, each having its own cluster head.

Consequently, information processing is done locally. The proposed framework operates

in two phases: the detection phase and the estimation phase. In the first one, a kernel-

based detector is defined using the support vector data description (SVDD) [Tax and

Duin, 2004]. The detector is used by each cluster head in order to identify any gas

diffusion in the specified cluster using the collected concentration measurements. When

an anomaly is spotted, the concentrations that first triggered the alert are treated in the

estimation phase to determine the gas release parameters, such as the source location

and the release rate. A first estimate of the parameters is obtained using a non-linear

model, which is also defined within the framework of kernel methods. Then, part of

the estimated parameters are processed as internal feedback, along with the measured

concentrations, in order to provide a more accurate estimate of the source location.

Simulations show that the proposed estimation method yields accurate results in the

case of a single source, as well as in the case of multiple sources.
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6.2 Problem Statement

In this chapter, we consider a clusterized approach because of the nature of the consid-

ered application. Indeed, a large number of sensors needs to be deployed in order to

monitor a gas diffusion in a large region of interest. Therefore, the amount of informa-

tion that needs to be processed is high, and it becomes then more suitable to partition

the area into several smaller areas, and then assign a cluster head to each one.

6.2.1 Network configuration

Consider N sensors deployed in the area to be monitored, at fixed locations (xn, yn, zn),

n ∈ {1, . . . , N}. These sensors measure, at each time t, the gas concentrations at

their locations. The area is partitioned into Z distinct clusters, as often recommended

for WSNs, in order to make the computations more appropriate for WSNs and the

method more robust to transmission impairments and network failures. Each cluster is

managed by a cluster head, that is a smart central processing unit (CPU), responsible of

handling (gathering and synchronizing) data, performing calculations, and exchanging

information with the sensors. Note that this device could also be one of the sensors

of the network, and it can be placed anywhere in its specified cluster. In addition, all

cluster heads can communicate with each other, and clusters could have any shape or

dimension. Without loss of generality, we consider here that clusters are rectangular,

with the cluster heads located at their centers, as illustrated in Figure 6.1. The variables

that will be used in the following are listed in Table 6.1, along with their respective sizes.

6.2.2 Description of the proposed approach

In this subsection, we give a brief description of the proposed approach. The objective

is to monitor a region of interest in order to detect one or multiple gas diffusions using

wireless sensors networks, and then estimate the gas source parameters, such as the

source location and the release rate. Accordingly, the approach consists of two phases:

the detection phase and the estimation phase. At all times, the deployed sensors are

constantly collecting concentration measurements at short sampling intervals. Note that

sensors that belong to the same cluster only send their collected data to their cluster

head. Each cluster head uses then a kernel-based detector in order to identify any

gas diffusion in its cluster. More details about the detection phase will be given in

Section 6.3, where we also define the kernel-based detector, using the support vector

data description.
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Figure 6.1: Region topology, where � represents the cluster heads and • represents the
deployed sensors

The gas concentrations that first triggered the alert are now treated to estimate the

gas diffusion parameters. Concentration measures from adjacent clusters in alert are

merged together in order to estimate the number of possible sources. Note that not all

the concentrations will be processed in the estimation phase, since some are irrelevant

for parameters estimation. Details about the fusion of clusters and the selection process

will be given in Section 6.4. For the estimation of the source’s parameters, we use a

kernel-based model, that takes as input the collected concentrations. Next, using these

measured concentrations and part of the estimated parameters as internal feedback,

we provide an enhanced estimate of the source location. The definition of the two

models will be provided in Section 6.4 as well. Figure 6.2 illustrates the scheme of

the proposed approach. This scheme shows the different checkpoints of the proposed

approach, starting with the acquisition of the concentrations, continuing to the detection

phase, followed by a fusion of the information of the concerned clusters with a selection of

the relevant concentrations, and finishing with the estimation of the source’s parameters.

6.2.3 The advection-diffusion model

In the following, we propose a generalized version of the advection-diffusion model de-

scribed in [Kathirgamanathan et al., 2002]. To this end, consider an instantaneous gas

release of a mass Q, assumed to occur at time t0 and at location (x0, y0, z0). A wind

with mean velocity U = (uX , uY , 0) spreads the gas particle in the region. The mass

concentration C of the released gas, at an arbitrary location (x, y, z) and at time t, is
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Figure 6.2: Scheme of the proposed method
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Table 6.1: List of the used variables in Chapter 6, along with their respective sizes

Notation Variable Size

N number of deployed sensors 1
Ns number of sources 1
Ndet size of the training set for the detection 1
Nreg size of the training set for the regression 1
xn, yn, zn coordinates of sensor n 1
C concentration measure 1
KX ,KY ,KZ eddy diffusivities 1
Q release rate 1
t0 time of the gas release 1
x0, y0, z0 coordinates of the source 1
Z number of clusters 1

N (z) number of sensors in cluster z 1
αi, υi Lagrangian multipliers 1
ψB enhancement model 1 × 2
U = (uX , uY , 0) wind velocity 1 × 3
ψA estimation model 1 × 5
θℓ, Θℓ,∗ source parameters 1 × 5

c(s), cℓ local concentration vector V × 1
W ℓ, W input of ψB (V + 3)× 1

C(z), C concentration vector collected from cluster z N (z)× 1
x0 sources’ first coordinates Nreg× 1
y0 sources’ second coordinates Nreg× 1
γ matrix of learning coefficients Nreg× 2
Θ source parameters matrix Nreg× 5
β matrix of learning coefficients Nreg× 5
KA, KB Gram matrix Nreg ×Nreg

governed by the equation of mass conservation given by the following:

∂C

∂t
= −∇q, (6.1)

where ∇ is the gradient operator, and q is the gas mass flow per unit area. The flow q

is given by:

q = C U −



KX

0

0

0

KY

0

0

0

KZ


⊗∇C, (6.2)

where C U is the mean mass advection by the wind, ⊗ is the tensor product, and KX ,

KY , KZ are eddy diffusivities in the X, Y and Z directions respectively. Equation (6.2)

can then be written as follows:

q =

(
C uX −KX

∂C

∂X
,C uY −KY

∂C

∂Y
,−KZ

∂C

∂Y

)
. (6.3)
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By substituting (6.3) into (6.1), we get an equation that can be solved subject to two

boundary conditions. The first condition results from the fact that the concentration is

zero at infinity in all spatial directions, and the second condition is that the gas is not

absorbed by the ground. The velocity of the wind U , as well as the eddy diffusivities

KX , KY , KZ , are assumed to be constant. Following these assumptions, we get the

following solution:

C(x, y, z, t) =
Q

8 π
3
2 (KXKYKZ)

1
2 ∆t

3
2

× exp

(
− (∆x− uX∆t)

2

4KX∆t
− (∆y − uY∆t)

2

4KY∆t

)

×
(
exp

(
− ∆z2

4KZ∆t

)
+ exp

(
− ∆z′2

4KZ∆t

))
, (6.4)

where ∆x = x− x0, ∆y = y − y0, ∆z = z − z0, ∆z
′ = z + z0 and ∆t = t− t0.

For the sake of simplicity, we assume in the following that all measurements are taken at

ground level. We also suppose that the gas release occurs at ground level, which means

that the gas source is at location (x0, y0, z0) = (x0, y0, 0). Therefore, using (6.4), the

concentration measured at a location (x, y, 0) is given by the following:

C(x, y, 0, t) =
Q

4 π
3
2 (KXKYKZ)

1
2 ∆t

3
2

× exp

(
− (∆x− uX∆t)

2

4KX∆t
− (∆y − uY∆t)

2

4KY∆t

)
.

(6.5)

Note that the wind velocity U could be provided by an anemometer, and is therefore

treated as a known constant [Christopoulos and Roumeliotis, 2005]. The other param-

eters of the model are unknown and need to be estimated when a gas diffusion occurs

over the area under scrutiny. Hence, having gas concentrations measured over a certain

area using a WSN, we aim at detecting the gas diffusion when it occurs, as we will show

in Section 6.3. Then, in Section 6.4, the objective is to estimate the location (x0, y0, 0)

of the source, the released gas mass Q, and the eddy diffusivities KX , KY and KZ , with

KX and KY assumed to be equal [Kathirgamanathan et al., 2002].

6.3 The Detection Phase

In this section, we first give a brief description of the network setup and of the detection

phase. Then, we define a classifier that is capable of optimally separating the data

into normal and abnormal data, where the abnormality denotes the occurrence of a gas

diffusion. Several classification methods can be used to define the classifier, most of

them are parametric, thus requiring the physical knowledge of the underlying system.

In this chapter, we only focus on non-parametric methods, with the support vector data

description.
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6.3.1 Description of the detection phase

Now let (C(x1, y1, z1, t) . . . C(xN , yN , zN , t))
⊤ be the N × 1 vector of the gas concentra-

tions measured at time t by all N sensors. These concentrations are assumed to follow

the advection-diffusion model, detailed in Subsection 6.2.3. As we already explained,

in order to thoroughly monitor the area of interest, the concentrations are measured at

regular and short sampling intervals by the deployed sensors. The network is configured

as in Figure 6.1, that is Z distinct clusters, each one managed by a cluster head. At

every time t, each cluster head receives the measured concentrations from the sensors

in its cluster. Let N (z) denote the number of sensors in cluster z, z ∈ {1, ..., Z}, and let

C(z)(t) denote the concentration vector of size N (z) × 1 collected by the cluster head of

cluster z at time t. The received data are then processed instantly to detect whether a

gas diffusion has occurred or not.

Assume now that an instantaneous gas release of a mass Q occurs at time t0 at location

(x0, y0, z0) = (x0, y0, 0), all these parameters being unknown. The gas particles are

then spread by a wind with a mean known velocity U = (uX , uY , 0). Since a gas is

diffusing in the area, an alarm should be triggered based on the vector of measured

concentrations. To this end, we need to develop a detector, capable of determining

whether the concentrations are normal or not; in other words, it can detect whether

or not there is one or more gas diffusions. Therefore, the objective is to define a data-

driven detector, given samples that are originated from a single class, i.e., the normal

data, but are possibly contaminated with a small number of outliers, i.e., the abnormal

data. To this end, we investigate the one-class classification framework. Indeed, the one-

class support vector machines (one-class SVM) [Schölkopf et al., 2001b] and the support

vector data description (SVDD) are widely used to address the problem of anomaly

detection.

Let φ denote a function that maps the data from the input space into a feature space H.

By input space we mean the space of concentration vectors (RN(z)
) that are collected

from the clusters. Consider a kernel κ : RN(z) × R
N(z) → R, with H its reproducing

kernel Hilbert space (RKHS) with inner product 〈·, ·〉H. We then have κ(Ci,Cj) =

〈φ(Ci), φ(Cj)〉H. Now consider a training set of concentrations Ci, i ∈ {1, ..., Ndet}, Ndet

being the size of the training set for the detection phase. The time t is dropped because

the concentrations are collected at any time, since normal and abnormal concentrations

are considered in the training set. Indeed, the presence of outliers is authorized in the

training set to allow a better design of the detector. In the following, we define the

detector using the SVDD, which consists in estimating the hypersphere with minimum

radius that encloses most of the data φ(Ci) in the feature space H. Note that the



134 Chapter 6. Parameter Estimation of Gas Diffusion Sources

optimization problem in the case of the SVDD is essentially similar to the one-class

SVM. Moreover, they are equivalent when the Gaussian kernel is used.

6.3.2 Definition of the detector using support vector data description

Support vector data description (SVDD) essentially fits the smallest possible sphere

around the given data of the training set, allowing a small fraction of the samples to be

excluded as outliers. Therefore, a spherically shaped decision boundary with minimum

radius is computed to enclose most of the training data. Data lying outside this decision

boundary are considered as abnormal, i.e., outliers.

Now let a be the center of the hypersphere, and R > 0 its radius. The slack variables,

ξi ≥ 0, are introduced here to allow the presence of outliers in the training data, namely

samples not inside the hypersphere. All these variables are obtained by minimizing a

cost function that balances the volume of the hypersphere against the penalty associated

with outliers. Note that minimizing the hypersphere volume is equivalent to minimizing

R2. Therefore, we get the following constrained optimization problem:

min
a,R,ξi

R2 +
1

νNdet

Ndet∑

i=1

ξi (6.6)

subject to

‖φ(C i)− a‖2H ≤ R2 + ξi and ξi ≥ 0 ∀i = 1, ..., Ndet .

The quantity ν is a predefined parameter that regulates the tradeoff between the volume

of the hypersphere and the number of outliers.

The Lagrangian L of the above constrained optimization problem is then given as follows:

L(R,a, αi, υi, ξi) = R2 +
1

νNdet

Ndet∑

i=1

ξi −
Ndet∑

i=1

αi
(
R2 + ξi − ‖φ(C i)− a‖2H

)
−
Ndet∑

i=1

υiξi,

(6.7)

where the αi and the υi are the Lagrangian multipliers. Their values depend on whether

the constraint ‖φ(Ci) − a‖2H ≤ R2 + ξi is satisfied by the corresponding sample Ci or

not. Therefore, three cases can be encountered:

‖φ(C i)− a‖2H < R2 ⇐⇒ αi = 0, υi = 0,

‖φ(C i)− a‖2H = R2 ⇐⇒ 0 <αi <
1

νNdet
, υi = 0,

‖φ(C i)− a‖2H > R2 ⇐⇒ αi =
1

νNdet
, υi > 0.
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Now by taking the partial derivatives of L with respect to R, a and ξi, we get the

following relations:

∂L

∂R
= 0 −→

Ndet∑

i=1

αi = 1,

∂L

∂a
= 0 −→ a =

Ndet∑

i=1

αiφ(Ci),

∂L

∂ξi
= 0 −→ 0 ≤ αi ≤

1

νNdet
.

Incorporating these relations into the Lagrangian L gives us the following objective

functional to be maximized with respect to αi:

Ndet∑

i=1

αiκ(Ci,Ci)−
Ndet∑

i=1

Ndet∑

j=1

αiαjκ(C i,Cj), (6.8)

subject to
Ndet∑

i=1

αi = 1 and 0 ≤ αi ≤ 1

νNdet
.

This is a quadratic programming problem, that can be solved using any off-the-shelf

optimization technique, as in Chapter 3.

As for the radius of the optimal hypersphere, it is, by definition, the distance from the

center a to any sample φ(Ck) on the boundary. Therefore, the radius is given by the

following:

R2 = ‖φ(Ck)− a‖2H

= 〈φ(Ck)−
Ndet∑

i=1

αiφ(Ci), φ(Ck)−
Ndet∑

i=1

αiφ(Ci)〉

= κ(Ck,Ck)− 2

Ndet∑

i=1

αiκ(Ck,Ci) +

Ndet∑

i=1

Ndet∑

j=1

αiαjκ(Ci,Cj). (6.9)

Now in order to evaluate a new concentration vector C(z)(td) at time td, the decision rule

is obtained by evaluating the squared distance between the center a and φ(C(z)(td)),

namely:

‖φ(C(z)(td))− a‖2H.

Note that to compute this distance, one does not need the exact expressions of φ and a.

Instead, by developing the distance expression as in (6.9), one gets inner products of φ

functions, which are evaluated by kernels. The new concentration C(z)(td) is considered
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as normal if the distance calculated is smaller than the radius, i.e., ‖φ(C(z)(td))−a‖H ≤
R. Otherwise, an alert is triggered in the considered cluster.

Finally, note that the proposed algorithm can detect any abnormal concentration, which

can be generated by one or multiple sources. It is worth noting here that by dividing

the whole area into several clusters, the computations are processed in parallel at all

the cluster heads. Moreover, the dimension of the considered data in the classifier for

training and detection is limited to N (z), instead of taking all the sensors concentrations

at once. This way, the network could be as large as needed without increasing the

computation complexity.

6.4 The Estimation Phase

Now that our detector is defined, we are able to detect a gas diffusion in a specified

cluster. Once an alert is triggered in some cluster z, we proceed to the processing of

the concentration vector C(z)(t) acquired by the sensors in the specified cluster. In

this section, we describe the estimation phase and emphasize on the selection of the

concentrations to be used in the source parameter estimation. Then, we define both

estimation and enhancement models as illustrated in Figure 6.2.

6.4.1 Description of the estimation phase

The main difficulty resides in merging the clusters in alert in a way to discern all the

sources. One can take all the clusters in alert together; however, this approach does not

scale up to large networks with many sources. To overcome this drawback, we propose

to merge together adjacent clusters that are in alert; by adjacent, we mean the clusters

that share a common boundary. Each cluster in alert will form a group of its own if it

is not adjacent to others that are also in alert. To illustrate this, see Figure 6.3, where

six sources are diffusing gas in the region of interest.

At the end of this fusion, several groups with different sizes are obtained, each covering

one or multiple sources. The concentration vectors recorded by the sensors of a group

are then communicated to a cluster head of the group, e.g., the one having the highest

computation capabilities, and are concatenated in a single “group” vector. Now, in order

to detect multiple gas diffusions per group, the proposed method uses the concentration

group vectors to compute local maxima, leading ideally to the concentrations of the

closest sensors to the gas sources. Let Ns be the total number of local maxima detected

by all groups. This means thatNs diffusions have occurred at time t, or at different times,
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Figure 6.3: Region of interest in the case of multiple gas releases, where � represents the
cluster heads when there is no alert, � when there is an alert, ⋆ represents the locations
of the sources, and the red rectangle represents the defined groups. The merge of the

clusters in alert according to their adjacencies leads here to four groups

but are being detected and estimated simultaneously, since the maximal concentrations

would be at the release source. For illustration, consider the example of Figure 6.4,

where the source is near the boundary of two clusters. The alert is then triggered in both

clusters, the gas being spread all around the source. Since the clusters are adjacent, they

are merged together in order to form one group. Then, the local maximum is estimated,

leading to only one sensor, instead of two if the clusters were considered separately.

Having found the local concentration maxima, we now need to process the information

in each group in order to estimate all Ns sources’ parameters. We propose to treat the

information collected around the local maxima instead of processing all the available

information. This solution relies on the fact that the highest concentrations are collected

by the sensors around the source, and these concentration measures are the most relevant

for parameter estimation. Back to Figure 6.4, only the concentration information from

the sensors around the red triangle denoting the maximum will be considered. Note

that the size of the clusters and the number of sensors in the figure are only chosen for

illustrative purposes.

We now propose to select the concentrations to be treated based on the advection-

diffusion model of Subsection 6.2.3. In other words, we need to estimate the size of the

small local zone around the local maximum as illustrated in Figure 6.4. Let Cthres be
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⋆

Figure 6.4: Group topology, where � represents the cluster heads, • represents the
deployed sensors, ⋆ represents the location of the source, and N represents a local

maximum

a threshold under which the concentrations are considered really small, which means

that they are measured by sensors far from the source. Depending on the considered

application and the type of monitoring needed, one can determine an approximation

of the maximum diffusion mass Qmax. Using Cthres and Qmax, we find the maximal

distance between a source and a sensor. Then, this distance is used to determine the

boundaries of the local zone, whose center is the local maximum and the estimated

maximal distance is the distance separating the local maximum from the boundary of

the zone. By taking the logarithm of (6.5), we get the following:

logCthres =log

(
Qmax

4 π
3
2 (KXKYKZ)

1
2

)
− 3

2
log∆t

− ∆x2 + u2X∆t
2 − 2uX∆t∆x

4KX∆t
− ∆y2 + u2Y∆t

2 − 2uY∆t∆y

4KY∆t

The local zone is considered circularly shaped, which leads to ∆x = ∆y. In addition,

having KX = KY yields the following:

logCthres = log

(
Qmax

4 π
3
2 (K2

XKZ)
1
2

)
− 3

2
log∆t− 2∆x2

4KX∆t

− (u2X∆t+ u2Y∆t)

4KX
+

∆x(2uX + 2uY )

4KX
.

Finally, a second degree polynomial in terms of ∆x is obtained as follows:

a∆x2 + b∆x+ c = 0, (6.10)
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where





a = − 2
4KX∆t ,

b = 2uX+2uY
4KX

,

c = log
(

Qmax

4 π
3
2 (K2

XKZ)
1
2

)
− 3

2 log∆t−
(u2X∆t+u2Y ∆t)

4KX
− logCthres.

The local zone dimensions ∆x = ∆y are then obtained by resolving the quadratic

equation (6.10), using Qmax, Cthres, and initial approximative values of KX and KZ .

Then, only the concentrations measured by the sensors in that zone will be considered

for the source parameter estimation; in other words, the considered concentrations are

the ones measured by the sensors at a maximal distance ∆x from the local maximum.

For simplicity, we assume that we have the same Qmax and Cthres for all the groups, thus

for all Ns local maxima. Therefore, the same local zone size will be considered for all

Ns sources. Nevertheless, depending on the type of application, one can define different

sizes for the local zones around the Ns maxima.

Now let c(s), s ∈ {1, ..., Ns}, denote the vector of useful concentrations collected at

detection time around each local maximum s, i.e., around each source s. The first

objective is to define an estimation model ψA that takes as input the concentration

vector c(s) and yields as output the vector of parameters θ(s) of source s, which includes

the gas release mass Q(s), the source location (x
(s)
0 , y

(s)
0 , z

(s)
0 ) = (x

(s)
0 , y

(s)
0 , 0) and the

diffusivity constants. Then, the next objective is to define a second model ψB , i.e., an

enhancement model, that provides an enhanced estimation of the source location, using

a part of the estimated source’s parameters and the measured concentration vector c(s).

Kernel methods [Hofmann et al., 2008] provide an elegant framework to define both

models, as it will be shown in the following subsection.

6.4.2 Definition of the models ψA and ψB

Let V be the number of sensors in the local zone under investigation. As we mentioned

earlier, only the concentrations around the local maxima will be considered in the esti-

mation phase. Therefore, the vector c(s) of size V ×1 is the vector that will be processed

to find the parameters of source s. In the following, we first define the estimation model

ψA, then we define the enhancement model ψB .
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6.4.2.1 First estimation

Here, we aim at defining a model ψA that associates to each concentration vector the

corresponding source’s parameters, namely

ψA : R
V → R

5

c(s) 7→ θ(s) =
(
Q(s) KX KZ x

(s)
0 y

(s)
0

)
.

We propose to find the model ψA by solving a non-linear regression problem. The

main benefit of such an approach is that no prior knowledge of the system is needed. As

already shown in the previous chapters, kernel methods have been remarkably successful

for solving non-linear regression problems. More specifically, we consider the kernel ridge

regression to determine ψA, by combining five separate optimization problems, one for

each component of the output vector.

Consider the following training set (cℓ,θℓ), ℓ ∈ {1, . . . , Nreg}, where Nreg is the size of

the training set used for the regression phase and θℓ = (Qℓ KX KZ x0ℓ y0ℓ). The vector

cℓ is the vector of concentrations recorded by V sensors deployed in a zone of the same

size as the small local zone introduced previously, from a gas diffusion of parameters

θℓ, with (x0ℓ, y0ℓ, 0) being the source location and Qℓ the gas release mass. As already

mentioned, the eddy diffusivities KX and KY , with KX = KY , are assumed constant,

since they depend on the atmospheric conditions and the type of gas, considered constant

as well. Note here that the advantage of using a local small zone to select the relevant

concentrations allows us to save computations and reduce the training complexity, since

V sensors are now considered instead of N . Let Θ = (θ⊤1 . . . θ
⊤
Nreg

)⊤ be the matrix of

size Nreg×5 having Θℓ,i for the (ℓ, i)-th entry, with ℓ ∈ {1, . . . , Nreg} and i ∈ {1, . . . , 5}.
We also denote θℓ by Θℓ,∗, and the i-th column of Θ by Θ∗,i.

Let ψA = (ψA1 . . . ψA5) be the vector of functions, where each function ψAi, i ∈
{1, . . . , 5}, estimates Θℓ,i, the i-th component of the vector Θℓ,∗, for an input cℓ. Each

function ψAi is determined by minimizing the mean quadratic error between the model’s

outputs ψAi(cℓ) and the desired outputs Θℓ,i:

ψAi = arg min
ψ
Ai

∈HA

1

Nreg

Nreg∑

ℓ=1

(Θℓ,i − ψ
Ai
(cℓ))

2 + ηA‖ψAi‖
2
HA , (6.11)

for some RKHS HA, where ηA is the regularization parameter. According to the repre-

senter theorem, the optimal function ψAi can be written as follows:

ψAi(·) =
Nreg∑

ℓ=1

βℓ,i κA(cℓ, ·), (6.12)
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where κA : RV ×R
V →R is a kernel, and βℓ,i, ℓ ∈ {1, . . . , Nreg}, are parameters to be

estimated. We now denote by β the Nreg×5 matrix whose (ℓ, i)-th entry is βℓ,i. The

vector β∗,i denotes then its i-th column, and βℓ,∗ its ℓ-th row. By substituting (6.12)

into (6.11), a dual optimization problem in terms of β∗,i is obtained, whose solution is

given by taking the derivative of the corresponding cost function with respect to β∗,i

and setting it to zero. We obtain the following result:

β∗,i = (KA + ηANregI)
−1Θ∗,i,

where I is the Nreg × Nreg identity matrix, and KA is the Nreg × Nreg Gram matrix

whose (v,w)-th entry is κA(cv, cw), for v,w ∈ {1, . . . , Nreg}.

Since the same matrix (KA + ηANregI) needs to be inverted in order to estimate each

source parameter, all five estimations can be collected into a single matrix inversion

problem, thus reducing the computational complexity, as follows:

β = (KA + ηANregI)
−1Θ. (6.13)

Finally, using equation (6.12) and the definition of the vector of functions ψA(·), we can
write ψA as follows:

ψA(·) =
Nreg∑

ℓ=1

βℓ,∗ κA(cℓ, ·). (6.14)

Once the model has been defined, it is applied throughout the network to get a first

estimation of any source’s parameters. Indeed, having detected a local maximum in the

region, with its relevant concentration vector c(s), one obtains a first estimate of the

source s parameters as follows:

(Q̂ K̂X K̂Z x̂0 ŷ0) = ψA(c
(s)). (6.15)

6.4.2.2 Enhancement of the estimates

Next, we introduce the second model ψB that takes as input the measured concen-

trations, the estimated mass release and the estimated eddy diffusivities, and gives as

output an enhanced estimate of the location of the source as follows:

ψB : R
V+3 → R

2

(
c(s)

⊤
Q(s) KX KZ

)
7→

(
x
(s)
0 y

(s)
0

)
.
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Using the already estimated information as internal feedback is expected to provide an

improved accuracy of the first location estimates of the sources.

The definition of the model ψB is also done using the kernel ridge regression. How-

ever, the training set is defined differently, such that the training input is given by

W ℓ = (c⊤ℓ Qℓ KX KZ)
⊤ and the training output is the source’s location (x0ℓ y0ℓ),

ℓ ∈ {1, . . . , Nreg}. Let ψB = (ψB1 ψB2), where ψB1 and ψB2 estimate x0ℓ and y0ℓ

respectively. The models ψB1 and ψB2 are obtained by minimizing the mean quadratic

errors between the estimated outputs and the desired ones, as follows:





ψB1 = arg min
ψ
B1

∈HB

1

Nreg

Nreg∑

ℓ=1

(x0ℓ − ψ
B1

(W ℓ))
2 + ηB‖ψB1

‖2HB

ψB2 = arg min
ψ
B2

∈HB

1

Nreg

Nreg∑

ℓ=1

(y0ℓ − ψ
B2

(W ℓ))
2 + ηB‖ψB2

‖2HB

For some RKHS HB, the quantity ηB is also a regularization parameter. In analogy with

the previous paragraph, the optimal solutions can be written as follows:

ψBj(·) =
Nreg∑

ℓ=1

γℓ,j κB(W ℓ, ·),

where κB : RV+3×R
V+3 → R is a kernel, and γℓ,j, ℓ ∈ {1, . . . , Nreg} and j ∈ {1, 2},

are the unknown parameters to be determined. Let γ denote the Nreg×2 matrix whose

(ℓ, j)-th entry is γℓ,j, and γℓ,∗ its ℓ-th row. Following the same line of reasoning as in

the previous paragraph, one can collect the two estimations into a single one. Then, the

unknown parameters γℓ,j are estimated at once, as follows:

γ = (KB + ηBNregI)
−1(x0 y0), (6.16)

where KB is the Nreg ×Nreg matrix whose (v,w)-th entry is κB(W v,Ww), for v,w ∈
{1, . . . , Nreg}. As for x0, it denotes the Nreg × 1 vector whose ℓ-th entry is given by x0ℓ,

and y0 denotes the Nreg × 1 vector whose ℓ-th entry is given by y0ℓ. Finally, one is able

to write ψB as follows:

ψB(·) =
Nreg∑

ℓ=1

γℓ,∗ κB(W ℓ, ·). (6.17)

After determining the training parameters of the model ψB , the latter is also applied

throughout the network to obtain an enhanced position of a given source. Indeed, back

to the first estimates of the parameters of the source s given by equation (6.15), one

can set the (V + 3)× 1 vector W = (c(s)
⊤

Q̂ K̂x K̂z)
⊤
. Using the model ψB , a new
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estimate of the source location is obtained as follows:

(x̂0enh ŷ0enh) = ψB(W ), (6.18)

where (x̂0enh ŷ0enh) is the new enhanced location estimate of the source.

It is important to note that we are only using the first position estimate to compare

its accuracy to the enhanced one. When implementing the algorithm in a practical

setup, one does not need to find the first position estimate, since it is not used in the

enhancement process, which then reduces the complexity of the algorithm in terms of

storage and time.

6.5 Simulations

In this section, we evaluate the performance of the proposed detection and estimation

method for different scenarios. We consider a region of study of dimensions 5000 m ×
5000 m. Sensors are deployed over a uniform grid in the area at a rate of one sensor each

five meters, which is equivalent to a density of 0.04 sensor/m2. The region is divided

into Z = 25 clusters with same size, thus having the same density of sensors. Figure 6.5

shows the region topology. The concentrations measured by the sensors are generated

using the advection-diffusion model of (6.5). The maximum gas mass Qmax is taken

equal to 1000 kg. The eddy diffusivity in the Z direction, KZ is taken equal to 0.211

m2/s, while the eddy diffusivities KX and KY , in the X and Y directions respectively,

are taken equal to 12 m2/s. As for the mean wind velocity U , it is taken equal to (1.8,

0, 0) m/s for illustrative purposes as given in [Kathirgamanathan et al., 2002]. Finally,

the sampling time T is taken equal to 1 s. The rest of this section is organized as follows.

The training parameters are defined in the first subsection. In the second subsection,

an evaluation of the method is proposed in the case of a single source with different

noise values. We also study the influence of the number of clusters Z and the density

of sensors on the performance of the proposed method. Then, in the third subsection,

an evaluation in the case of multiple gas sources is provided. Finally, in the fourth

subsection, a comparison of the proposed framework to the state-of-the-art is provided.

6.5.1 Training parameters

First, we start by describing the training phase for the detection. As we already men-

tioned, we assume that the atmospheric conditions are the same in all the region of

interest. Therefore, in order to reduce computations, we only define one detector; then,
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Figure 6.5: Simulated region topology, where � represents the cluster heads

this detector is communicated to all cluster heads in order to be used in the clusters.

The advantage is that only one training phase is needed. The size of the training set for

the detection Ndet is taken equal to 330, where 300 are normal data and 30 are outliers.

By outliers, we mean concentrations measured by sensors in the case of a gas diffusion.

In order to generate the outlier data, 30 different gas diffusion scenarios are considered,

where the source could be anywhere in the cluster, and the gas diffusion mass Q is also

randomly varying between 5 kg and Qmax = 1000 kg. The Gaussian kernel is considered

in our simulations. Consequently, the detection kernel κ : RN(z) × R
N(z) → R is given

by the following:

κ(Ci,Cj) = exp

(
−‖Ci −Cj‖2

2σ2

)
,

where i, j ∈ {1, ..., Ndet}, and σ is the kernel bandwidth.

Next, let us give a brief description of the training phase for the estimation phase of

the proposed framework. According to Subsection 6.4.2, after finding the local maxima,

only the concentrations around these maxima are used with the models ψA and ψB. By

solving (6.10), one can find the size of the zone encapsulating the useful concentrations.

For Qmax = 1000 kg and Cthres = 10−5 kg/m3, the solution is then ∆x = 26 m.

Therefore, we only need to use a zone of 52 m × 52 m for the training. Let the number

of considered scenarios Nreg in the training phase be equal to 200, where x0 ∈ [0; 52]m
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and y0 ∈ [0; 52]m. Here, Q is again randomly varying between 5 kg and 1000 kg. The

Gaussian kernel is used here as well. The first kernel κA : RV×R
V →R is then given by

the following:

κA(cv, cw) = exp

(
−‖cv − cw‖2

2σ2A

)
,

where v,w ∈ {1, ..., Nreg}, and σA is the kernel bandwidth that controls, together with

the regularization parameter ηA, the degree of smoothness, noise tolerance, and gener-

alization of the solution.

Due to the difference in the order of magnitude between the elements of the input

W v = (c⊤v Qv KX KZ)
⊤, v ∈ {1, ..., Nreg}, we consider four different distances and

bandwidths for the second kernel κB : RV+3×R
V+3 → R. Then, κB is given by the

following:

κB(W v,W w) = exp

(
−‖cv − cw‖2

2σ2B1

)
× exp

(
−(Qv −Qw)

2

2σ2B2

)

× exp

(
−(KXv −KXw)

2

2σ2B3

)
× exp

(
−(KZv −KZw)

2

2σ2B4

)
,

where v,w ∈ {1, ..., Nreg}, and σB1, σB2, σB3, σB4 are also the kernel bandwidths, with

σB3 = σB4, since KX and KZ have the same physical properties. The regularization

parameters and the kernels’ bandwidths are chosen in a way to minimize the error on

the training set, using the 10-fold cross-validation technique [Stone, 1974]. Simulation

results show that taking σB1 = σB2 = σB3 = σB4 yields very close results to the ones

obtained by taking different values for the bandwidths.

6.5.2 Evaluation of the performance for a single source

Now that we have defined all the parameters for the training of the detector and of the

two regression models, we can evaluate the performance of the proposed method in the

case of a single source. The source is randomly positioned in the region of interest, with

x0 ∈ [0; 5000]m and y0 ∈ [0; 5000]m, and Q ∈ [5; 1000] kg. All other parameters are

set according to the beginning of this section. The testing phase takes place during an

interval of 10 s; the concentrations are measured each T = 1 s during this interval. The

gas diffusion occurs at any time in this interval. Note that random relative noises varying

from 1% to 5% are added to the simulated concentration vectors, in order to account

for transmission impairments and sensing errors. Using the proposed method, the gas

release is detected in the affected clusters, and the source parameters are estimated

based on the measured concentrations from the clusters. Table 6.2 shows the mean

percentages of errors on the estimated source parameters averaged over 50 Monte-Carlo
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simulations. The diffusions are well detected in the affected zones, and one can see that

the parameters of the source are accurately estimated. Also, notice the improvement in

the source location after the enhancement phase. Moreover, one can see from the small

increase in the percentages of errors that the method is robust to noise.

Table 6.2: Percentages of errors on the estimated source parameters for different random
relative noises

Noise Q̂ K̂x K̂z x̂0 ŷ0 x̂0enh ŷ0enh
1% 0.69 0.006 0.006 0.02 0.03 0.01 0.01
2% 0.75 0.007 0.007 0.03 0.04 0.01 0.02
3% 0.89 0.01 0.01 0.03 0.04 0.02 0.02
4% 0.96 0.02 0.02 0.04 0.04 0.02 0.02
5% 1.15 0.02 0.02 0.04 0.04 0.02 0.02

6.5.2.1 Influence of the number of clusters

Previously, the number of clusters is taken equal to Z = 25. In this paragraph, we keep

the density of sensors to one sensor each five meters (0.04 sensor/m2) as in the previous

paragraphs, and we vary the number of clusters, such that Z = 32, 42, . . . , 72. We also

consider a random relative noise of 5%. We start by evaluating the time complexity

of our method for the different considered values of Z. To this end, we measure the

elapsed time for the cross-validation in the training phase and for the test phase, for

both detection and estimation phases. Note that for the training phase, we consider the

same parameters as in Subsection 6.5.1, and simulations are run on version 7.10.0.499

of Matlab on a Dell laptop with Windows 7 and Intel Core i7 CPU. Table 6.3 shows

the measured elapsed times in seconds. One can see that the estimation phase is not

affected by the number of clusters, since it depends on the density of sensors. As for

the detection phase, one can see that the smaller the number of clusters, the slower the

cross-validation and the test phases. Indeed, when we decrease the number of clusters,

while keeping the same density of sensors in the network, the number of sensors in each

cluster N (z) increases. This increase induces an increase in the time complexity of the

method. Now let us consider the detection phase in the case of Z = 9, which is the most

computational demanding one. The cross-validation time is the highest here; however,

since the training phase is performed only once before the monitoring process, this does

not really affect the performance later on. Nevertheless, the test time is of 1.05 s, which

is really high considering that concentrations are measured each 1 s. Therefore, the

more clusters are available, the more performant the proposed framework.
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Table 6.3: Elapsed cross-validation and test times for both detection and estimation
phases, when varying Z

Z = 9 Z = 16 Z = 25 Z = 36 Z = 49

Cross-validation time - detection 290 165 107 76 56
Test time - detection 1.05 0.52 0.31 0.23 0.17

Cross-validation time - estimation 171 172 171 171 172
Test time - estimation 0.005 0.005 0.005 0.005 0.005

Finally, it is important to note here that the variation of the number of clusters does not

have any effect on the performance of the detector, and we still have a correct detection

for all considered values of Z. As for the accuracy in the estimation of the parameters,

it is also not affected by the changes in Z, since it only depends on the density of the

sensors, that is fixed in this paragraph.

6.5.2.2 Influence of the sensor density

We now study the influence of the number of deployed sensors N , that is the density

of the sensors. Previously, we considered the case of one sensor for each five meters;

now, we will consider the cases of one sensor each ten, fifteen and twenty meters. We

consider, here as well, a random relative noise of 5%. Table 6.4 shows, for different

sensor densities, the elapsed times in seconds with the cross-validation in the training

phase and with the test phase, for both detection and estimation phases. One can

see that when the number of sensors is decreased, the computational time for both

detection and estimation phases is decreased. Indeed, when decreasing N , we are also

decreasing the number of sensors N (z) in each cluster, which explains the decrease in the

computational time in the detection phase. As for the decrease in the computational

time in the estimation phase, it is explained by the fact that decreasing the density of

sensors induces a decrease in the number of relevant concentrations, i.e., a decrease in

V .

Now we examine the accuracy of the proposed framework. Table 6.5 shows the mean

percentages of errors on the estimated source parameters averaged over 50 Monte-Carlo

simulations, for different sensor densities. We still have a 100% detection, and one can

see that with the decrease of the number of sensors, we have a decrease in the accuracy

of the estimation of the parameters. Indeed, when decreasing the number of sensors, we

do not have a good coverage of the zone of interest, which explains the deterioration in

the results. Nevertheless, one can see that we still have accurate results. It is important

to highlight here that for the case of a density of one sensor each twenty meters, the

proposed estimation method is not steady anymore. In fact, in cases where the gas
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diffusion occurs close to the deployed sensors, its parameters are accurately estimated;

however, in cases where the diffusion occurs far from the sensors, due to the bad coverage,

the parameters are not well estimated. We can then conclude that it is essential to have

a good coverage of the area in order to obtain accurate results and stability. In such a

scenario, it is better not to have less than one sensor each fifteen meters.

Table 6.4: Elapsed cross-validation and test times for both detection and estimation
phases, for different densities

1 sensor 1 sensor 1 sensor 1 sensor
each 5 m each 10 m each 15 m each 20 m

Cross-validation time - detection 107 31 15 11
Test time - detection 0.31 0.23 0.05 0.04

Cross-validation time - estimation 171 105 91 84
Test time - estimation 0.005 0.004 0.004 0.003

Table 6.5: Percentages of errors on the estimated parameters, for different densities

1 sensor 1 sensor 1 sensor 1 sensor
each 5 m each 10 m each 15 m each 20 m

Q̂ 1.15 2.56 15.31 45.71
x̂0enh 0.02 0.08 0.25 3.67
ŷ0enh 0.02 0.08 0.23 3.56

K̂x 0.02 0.04 2.35 3.84

K̂z 0.02 0.04 2.34 3.85

6.5.3 Evaluation of the performance for multiple sources

In this section, we evaluate the accuracy of the method in the case of multiple gas sources,

having different parameters and occurring at different times. To this end, consider four

sources, whose parameters are given in Table 6.6. The concentrations are generated

using (6.5), and a random relative noise of 5% is considered. The test phase is run

here as well during an interval of 10 seconds. The subplots of Figure 6.6 show the

concentrations measured by the sensors around Source 2, whose parameters are given in

Table 6.6. Notice how the maximal concentration at each time t is moving along with

the X-axis, and its value is decreasing with time because of the diffusion phenomenon.

The estimated sources parameters and time of detection of each source are given in

Table 6.7. One can see that the estimations are accurate, showing that the proposed

method can also be used for the case of multiple sources.
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Table 6.6: Parameters of the four sources

Source 1 Source 2 Source 3 Source 4

t0 (s) 2 3 5 5
Q (kg) 500 1000 20 200
x0 (m) 100 100 2500 4500
y0 (m) 100 4000 3000 1500
KX (m2/s) 12 12 12 12
KZ (m2/s) 0.211 0.211 0.211 0.211

Table 6.7: Estimation of the parameters of the four sources using the proposed frame-
work

Source 1 Source 2 Source 3 Source 4

detection (s) 3 4 6 6

Q̂ (kg) 503.5 993 20.3 201.1
x̂0enh (m) 100.0 100.2 2499.9 4500.3
ŷ0enh (m) 100.1 3999.9 2999.2 1499.8

K̂x (m2/s) 12.01 11.99 11.98 11.99

K̂z (m2/s) 0.211 0.211 0.211 0.211

6.5.4 Comparison to the state-of-the-art

In this subsection, we compare the percentages of errors to the ones obtained with the

method in [Kathirgamanathan et al., 2002], for different values of the random relative

noise varying from 1% to 5%. In [Kathirgamanathan et al., 2002], the source parameters

are estimated in an area of around 5500 m × 5500 m, using the measured concentra-

tions and an inverse model obtained after solving a non-linear least squares estimation

problem. The source is placed at a fixed location with x0 = 5000 and y0 = 100, and

the release rate Q is taken equal to 1000 kg. Table 6.8 shows the percentages of er-

rors for both methods, where PM denotes our method and KM the one proposed by

Kathirgamanathan et al. [2002]. Note that in this table, for the proposed method, only

the enhanced estimates of the source’s location are taken into account. Also, results over

KZ are not shown, since it is assumed to be known in [Kathirgamanathan et al., 2002].

When comparing the errors, one can see that the proposed method greatly outperforms

the KM method in terms of accuracy. Moreover, it is important to see here that the

proposed method is much more robust to the increase of the noise compared to the KM.
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Figure 6.6: Concentration distribution in kg/m3 at different times t around Source 2
activated at t0 = 3 s

6.6 Conclusion

In this chapter, we introduced a new clusterized method for the detection and estimation

of the parameters of multiple gas sources in wireless sensor networks. Both phases of the

method are defined within the framework of kernel methods, proved to be very efficient

for nonlinear detection and estimation. Indeed, the evaluation of the proposed method

on simulated data showed that the method yields accurate estimates, and the accuracy

is maintained even with the increase of the noise level and in the case of multiple sources.

Future work will handle further improvements of this method, such as to include cases

where the eddy diffusivities or the wind’s velocity and direction are not constant.



6.6 Conclusion 151

Table 6.8: Comparison of the percentages of errors obtained by the proposed method
(PM) and the method in [Kathirgamanathan et al., 2002] (KM), for different random

relative noises

Noise Method Q̂ K̂x x̂0 ŷ0

1%
PM 0.32 0.01 0.01 0.02

KM 2.7 0.7 0.8 0.4

2%
PM 0.41 0.01 0.01 0.01

KM 5.8 1.4 1.5 0.7

3%
PM 0.52 0.01 0.01 0.02

KM 8.0 2.2 2.4 1.1

4%
PM 0.82 0.02 0.01 0.02

KM 11.0 2.7 2.9 1.6

5%
PM 1.05 0.02 0.01 0.03

KM 12.3 3.7 4.0 1.9
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T his manuscript addressed several problems in wireless sensor networks. First, an

original centralized localization method was proposed within the framework of kernel

methods. This method was later extended to a clusterized scheme, allowing us to con-

sider the needs of large-middle-scale networks. Next, using a Kalman filter, the inertial

information of mobile nodes were considered in order to obtain more accurate position

estimates. We also proposed two new original models that characterize the relationship

between the power of signals exchanged between sensors and the distance separating these

sensors. Using these models and the inertial information, we proposed two other tracking

methods employing either a Kalman filter or a particle filter. Finally, in the last part

of this thesis, we were able to monitor a region of interest and detect any gas diffusion.

Moreover, the proposed method allowed the estimation of the gas diffusion parameters.

A brief recalling over all previously discussed methods is given in this chapter, along with

some future research perspectives.
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7.1 Summary of Contributions

The work presented in the preceding chapters has concentrated on two major applica-

tions in wireless sensor networks. The first one is the localization and tracking of mobile

nodes in the network, while the second one consists in monitoring gas diffusions in a

given region. The main contribution of this thesis can be summarized as follows.

In Chapter 3, we introduced an original kernel-based model for localization in WSNs

using radio-location fingerprinting. This model allowed us to estimate the position of a

given node using the received signal strength indicators (RSSI) of the signals exchanged

between this node and the fixed sensors in the network. Several kernel-based machine

learning techniques were investigated for the definition of this model. The proposed

method was developed in both centralized and clusterized schemes. The results showed

that both schemes can be used for accurate estimations in the case of moderate intensities

of the additive noise over the RSSIs. To improve the performance of the method when the

noise over the RSSIs is high, we proposed in Chapter 4 to take advantage (when available)

of the inertial information of the mobile node, i.e., of the target. This information was

combined with the estimated positions obtained using the kernel-based model by means

of a Kalman filter. The results showed that this combination gave more accurate position

estimates. The main constraint of this proposed method was that the sensors should

remain fixed at the same locations during the tracking process, which can be binding

for some applications.

In order to overcome the stationarity problem of the sensors, we proposed to consider

the distances separating the target from these sensors for the tracking process. This way,

we only needed to known the positions of the sensors, but they were free to move in the

network. Note that the estimation of the distances between sensors was and still is really

challenging. Nevertheless, in Chapter 5, we proposed two new distance models, such

that, given the RSSIs of the signals exchanged between sensors, the models accurately

estimated the distances separating these sensors. The first proposed distance model

is non-parametric, not needing any prior knowledge of the physical system, while the

second one is a semi-parametric regression model, combining the well-known log-distance

theoretical propagation model with a non-linear fluctuation term, estimated within the

framework of kernel-based machines. We then proposed two new tracking methods that

combine the estimated distances and the inertial information of the target, using either

the Kalman filter or the particle filter.

Finally, in Chapter 6, an original clusterized method for monitoring gas diffusions in

WSNs was introduced. This method consisted in detecting and estimating the the

parameters of multiple gas sources in WSNs, using collected concentration measures
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from the studied region. The detection and estimation phase were both defined within

the framework of kernel methods. Indeed, in order to detect any anomaly in the area,

we defined a kernel-based detector using one-class classification techniques. Then, we

defined two kernel-based estimation models that estimate the parameters of a source

diffusion. The method proved to be accurate in the case of a single source, as well as

for multiple sources.

7.2 Future Research Directions

This thesis provided several important solutions for localization and tracking, as well

as monitoring gas diffusion in wireless sensor networks. As part of future research, we

would like to investigate the following aspects concerning improvements of our proposed

methods.� Choosing relevant RSSI information

The proposed localization and tracking methods were all based on the assumption

that all sensors are able to communicate and exchange signals with the target.

However, in real scenarios, some sensors may not be in the communication range

of the target, leading to missing RSSI information. It is then important to adapt

the proposed methods to such cases, by replacing for instance the non available

information by a predefined value. On the other hand, we do not necessarily need

all available RSSI information. It is then wiser to choose the relevant RSSIs instead

of using all of them. For instance, this can be done by dynamically selecting sensors

to be included in the estimation process using a predefined threshold on the power

level of the signals received by the target from the sensors.� Improving the distance models

In the definition of the proposed distance models and the definition of the well-

known models, such as log-distance theoretical propagation model and the polyno-

mial models, the sensors’ antennas are assumed to be isotropic. They are assumed

to radiate uniformly in all directions; however, a uniform communication over all

directions may not always be possible. A possible solution would be to add orien-

tation information to the model, leading then to a more representative map of the

available network’s communications.� Improving the monitoring method

Now for the approach proposed for the detection and estimation of gas diffusion

sources, future work will handle further improvements, such as to include cases

where the eddy diffusivities or the wind’s velocity and direction are not constant.
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We will also study the possibility of using transfer learning, that proved to be

helpful in cases where not enough training data are available.� Clustering solutions

In the clusterized localization method, as well as the clusterized monitoring ap-

proach, clusters are rectangular of equal sizes. Future works will include studies

concerning the definition of the clusters, and an algorithm that automatically di-

vides the region into clusters will be developed.
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A.3 Suivi de cibles basé sur les positions . . . . . . . . . . . . . . 170
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Les réseaux de capteurs sans fil constituent une technologie en plein développement

depuis les deux dernières décennies et jouent un rôle de plus en plus important dans

un grand nombre d’applications. L’une des problématiques principales des réseaux de

capteurs sans fil est la géolocalisation des capteurs qui s’avère primordiale pour la plu-

part des applications. Dans ce manuscrit, nous abordons d’une part le problème de la

localisation des capteurs et du suivi de cibles dans les réseaux de capteurs sans fil. Les

solutions proposées, basées sur des données de fingerprinting et de mobilité, se situent

dans le cadre de l’apprentissage par méthodes à noyaux. D’un autre côté, nous traitons

le problème de la surveillance de la diffusion d’un gaz dans une zone d’intérêt, basée

aussi sur l’apprentissage par noyaux. Cette partie résume les travaux réalisés autour de

ces deux problèmes.

A.1 Introduction

Les réseaux de capteurs sans fil (RCSF) sont des réseaux composés d’un grand nombre de

capteurs intelligents [Akyildiz et al., 2002; Vieira et al., 2003; Sohraby et al., 2007]. Les

capteurs, collaborant entre eux pour l’analyse des données recueillies, révolutionnent

l’accès et le traitement de l’information dans plusieurs domaines d’applications tels

que le domaine militaire, médical, environnemental, de sécurité, etc. Dans ce qui suit,

nous décrivons brièvement quelques caractéristiques des RCSF. Nous exposons ensuite

le problème de localisation des capteurs et de suivi de cibles. Finalement, nous exposons

le problème de la surveillance de la diffusion d’un gaz à base de réseaux de capteurs.

A.1.1 Présentation générale des RCSF

Les capteurs constituant un RCSF sont dits capteurs intelligents. Ils sont munis d’un

capteur physique (capteurs de chaleur, d’humidité, de vibrations, de gaz comme par

exemple CO, NO2, NH3, SO2, CH4, H2S ...), d’unités de traitement et de stockage de

données et d’un module de communication sans fil. Ces capteurs sont autonomes mais à

durée de vie limitée. En effet, leurs principales sources d’énergie sont des batteries non

renouvelables. Ainsi, pour maximiser la durée de vie du réseau, il conviendra de veiller

à réduire au maximum la consommation d’énergie de ces capteurs. La figure 1.1 illustre

le schéma fonctionnel d’un capteur intelligent.

Un point essentiel dans le fonctionnement des réseaux de capteurs est le choix d’une

architecture du réseau. Ce choix influe fortement sur les performances du réseau. Nous

distinguons principalement trois types de topologies dans les RCSF définissant la façon

dont les capteurs communiquent ensemble : centralisée, distribuée, et hybride [Akyildiz
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et al., 2002; Bandyopadhyay and Coyle, 2003; Jardosh and Ranjan, 2008; Mourad, 2010;

Mamun, 2012]. La figure 1.2 illustre ces trois principales topologies. Dans le cas d’une

topologie centralisée, les capteurs acheminent toutes les données mesurées vers la station

de fusion centrale où elles seront stockées et traitées. Ce genre de réseaux fournit une

haute qualité de traitement mais tout en consommant énormément d’énergie. Dans

une topologie distribuée, les capteurs ont la capacité de traiter localement les données

mesurées ; ils n’échangent ainsi avec leurs voisins que des données traitées, d’habitude

de taille réduite. Ce type de réseaux est beaucoup plus robuste à la défaillance que

le mode centralisé ; en effet, la panne d’un capteur en mode distribué n’affectera pas

tout le réseau contrairement à une panne fatale du centre de fusion en mode centralisé.

Toutefois, la topologie distribuée nécessite des algorithmes distribués qui sont souvent

plus difficile à développer (décomposition en sous-problèmes, propriétés de convergence,

...) et parfois moins précis que leurs versions centralisées. La topologie hybride combine

les idées des deux autres topologies. Elle consiste à partitionner le réseau en des groupes

de capteurs, appelés clusters, chacun ayant une tête de cluster ou cluster head, chargé

du traitement et du routage des données. Cette topologie permet d’assurer un équilibre

optimal entre la consommation d’énergie et la capacité de traitement, ce qui convient

donc à des réseaux à grandes échelles.

La diminution de la taille et du coût des capteurs, ainsi que la diversité des types

de capteurs disponibles et l’évolution des communications sans fil, ont élargi le champ

d’application des réseaux de capteurs sur plusieurs domaines. Nous citons en particulier

le domaine militaire pour la localisation de l’ennemi et la surveillance des zones hostiles

[Lee et al., 2009; Watthanawisuth et al., 2011], le domaine environnemental pour la

détection des feux de forêt [Yu et al., 2005], pour le contrôle de la qualité de l’eau ou de

l’air [Chaamwe, 2010; S. De Vito, 2012], le domaine médical pour surveiller les activités

des personnes âgées et des personnes atteintes de la maladie d’Alzheimer [Suryadevara

and Mukhopadhyay, 2012], etc.

A.1.2 Problème de localisation et de suivi de cibles

Dans la plupart des applications, la localisation des capteurs s’avère primordiale afin de

pouvoir lier les données mesurées à une position géographique. Une solution intuitive au

problème de localisation est d’équiper tous les capteurs de GPS [B. Hofmann-Wellenhof

and Collins, 2004]. Cependant, cette solution n’est pas optimale pour plusieurs raisons

[Benbadis et al., 2005; Liu et al., 2010]. Entre autres, le prix et la taille des récepteurs

GPS peuvent être contraignants pour plusieurs applications, surtout pour celles qui

nécessitent un grand nombre de capteurs (de l’ordre de milliers par exemple). Une autre

contrainte est le fait que l’utilisation de récepteurs GPS consomme beaucoup d’énergie,
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réduisant ainsi la durée de vie du réseau. Finalement, le service GPS est indisponible

ou de qualité médiocre dans des milieux indoor. Ainsi, cette technologie est, jusqu’à

maintenant, limitée à une utilisation dans des environnements extérieurs.

Une solution alternative est de considérer deux types de capteurs : les ancres et les nœuds

non-ancres. Les ancres ont des positions connues, alors que les nœuds non-ancres, ou

tout simplement nœuds, ont des positions inconnues. Les positions des ancres peuvent

être obtenues à l’aide de dispositifs GPS si possible, ou alors elles sont fixes, les ancres

étant dans ce cas installées à des positions connues. Le problème de localisation se résume

ainsi à estimer les positions des nœuds en se basant sur les mesures échangées avec les

ancres. Il existe de nombreuses méthodes de localisation à base d’ancres répondant aux

exigences des réseaux de capteurs sans fil. Entre autres, nous citons les méthodes basées

sur la mesure de la puissance des signaux reçus ou received signal strength indicator

(RSSI) [Medeisis and Kajackas, 2000; Gholami et al., 2013], la mesure du temps de

propagation des signaux [Pal, 2010; Okello et al., 2011], l’angle d’arrivée des signaux

[Niculescu and Nath, 2003; Rong and Sichitiu, 2006], etc. Les méthodes mesurant le

temps de propagation des signaux nécessitent une synchronisation entre les capteurs,

ce qui n’est pas le cas des techniques mesurant les angles. Toutefois, ces dernières

nécessitent un matériel volumineux et plus coûtant que les autres techniques. Comparées

aux méthodes basées sur les temps de propagation et les angles, les méthodes basées sur

les RSSIs sont largement utilisées en raison de leur faible coût et de leur consommation

faible en termes d’énergie, puisqu’aucun dispositif supplémentaire n’est nécessaire pour

les capteurs. Cependant, ces méthodes sont sensibles à la présence du bruit et des

interférences.

Une des applications les plus prometteuses des RCSF est le suivi de cibles ou target

tracking [Lau and Chung, 2007; Zhang et al., 2013; Xu et al., 2013]. Le suivi de cibles

peut être considéré comme un problème de localisation séquentielle, nécessitant donc un

algorithme précis de localisation. La base du suivi de cibles est d’estimer de manière

récursive les positions et les vitesses de la cible, qui sont souvent désignées comme des

états [Svensson, 2010]. Une première étape est de prédire la valeur de l’état futur en

utilisant un modèle qui décrit le mouvement de la cible, appelé le modèle d’état. Ensuite,

l’état prédit est mis à jour en utilisant des informations supplémentaires qui pourraient

couvrir toute mesure pertinente collectée du réseau. Cette étape nécessite une relation

entre les états et les mesures collectées, ou un modèle d’observation. Afin de combiner

les informations des deux modèles définis, nous utilisons différents types de filtres, le

filtre de Kalman [Kalman, 1960; Welch and Bishop, 2001] ou le filtrage particulaire

[Branko Ristic, 2004].
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A.1.3 Problème de la surveillance de la diffusion d’un gaz

Dans un autre contexte, les RCSF sont largement utilisés pour la surveillance de la

diffusion d’un gaz dans l’environnement [Christopoulos and Roumeliotis, 2005; Ickowicz

et al., 2012]. Compte tenu des conséquences potentiellement catastrophiques des dif-

fusions de gaz nocifs, il est important de détecter le plus tôt possible les diffusions et

d’estimer les paramètres des sources de gaz comme leurs positions et les quantités des

gaz libérés.

Les émissions de gaz peuvent être divisées en deux catégories : délibérées ou accidentelles.

Les émissions délibérées se produisent habituellement pendant des périodes de guerres

ou sont causées par des attaques terroristes. Une des premières attaques majeures a eu

lieu en 1995 à Tokyo, au Japon, à l’intérieur d’un train métro bondé [Tu, 1999]. Son

objectif était d’infliger la terreur parmi la population en libérant un agent neurotoxique,

conçu pour paralyser et tuer les personnes en quelques minutes. Quant aux émissions

de gaz accidentelles, elles se produisent habituellement dans des industries, des mines,

des volcans, etc. Un des pires exemples est la catastrophe de Bhopal, en Inde, en 1984

[Kalelkar, 1988]. Cette catastrophe est la conséquence de l’explosion d’une usine de

pesticides dégageant quarante tonnes d’isocyanate de méthyle dans l’atmosphère.

A.1.4 Contributions

Dans le cadre ce cette thèse, nous nous intéressons en premier lieu à la localisation

des capteurs. Nous proposons ainsi une approche basée sur les puissances des signaux

échangés entre les capteurs. En utilisant la technique de fingerprinting et les méthodes

à noyaux pour la régression, nous obtenons une très bonne estimation de la position

des capteurs. Nous revisitons ensuite ce travail pour l’adapter au suivi de cibles. Cette

méthode permet d’améliorer l’estimée de la position de la cible en tenant compte du

mouvement de la cible, et cela à l’aide du filtre de Kalman.

Nous proposons également un modèle semi-paramétrique et un non-paramétrique qui

permettent d’estimer les distances séparant les capteurs du réseau d’une cible en mou-

vement à l’aide des RSSIs. La position de la cible est ensuite obtenue en combinant les

informations d’accélération et les distances estimées, en s’appuyant sur un filtrage de

Kalman ou sur un filtrage particulaire.

Finalement, nous proposons une méthode pour la surveillance de la diffusion d’un gaz

dans une zone d’intérêt, en utilisant l’apprentissage par noyaux. Cette méthode permet

de détecter la diffusion d’un gaz en utilisant des concentrations relevées régulièrement

par des capteurs déployés dans la zone d’intérêt. Les concentrations mesurées sont
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ensuite traitées pour estimer, à l’aide des modèles proposés, les paramètres de la source

du gaz comme sa position et la quantité du gaz libéré.

A.2 Localisation par méthodes à noyaux

Comme nous venons d’expliquer, il est important de localiser les capteurs dans un RCSF

pour un grand nombre d’applications. Les méthodes de localisation basées sur les RSSIs

sont considérées les plus populaires puisqu’elles présentent de nombreux avantages du

point de vue de leur simplicité ainsi que du coût de matériel. Certaines de ces techniques

exploitent l’atténuation de l’intensité du signal avec la distance parcourue pour estimer

les distances séparant les capteurs. Cependant, ces techniques ne sont pas toujours ef-

ficaces, puisque les signaux sont sensibles à la présence du bruit et des interférences.

Ainsi, au lieu de convertir les RSSIs en distances, des techniques alternatives compar-

ent la puissance du signal reçu à un seuil prédéfini, conduisant ainsi à des données de

connectivités et donc des contraintes sur les distances [Y. Shang and Fromherz, 2003].

Les distances seront ensuite combinées à l’aide du filtrage particulaire [Ozdemir et al.,

2009], de l’analyse par intervalles [Mourad et al., 2009, 2011], du filtre variationnel [Teng

et al., 2010], etc. D’autres méthodes s’appuient sur la technique de fingerprinting [Lin

and Lin, 2005] qui consiste à collecter des informations du réseau pour constituer une

base de données à utiliser pour la localisation. Comme ces méthodes ne font aucune hy-

pothèse sur les communications dans le réseau, elles sont plus fiables que celles utilisant

des mesures de connectivités.

Dans cette section, nous proposons une approche originale de localisation basée sur la

technique de fingerprinting et l’apprentissage par noyaux. Pour cela, nous définissions

dans le cadre des méthodes à noyaux un modèle qui prend en entrée la puissance du sig-

nal échangé entre une ancre et un nœud et donne en sortie une estimation de la position

du nœud en question. Pour définir ce modèle, nous investiguons plusieurs techniques

d’apprentissage [Aronszajn, 1950], comme la technique de kernel ridge regression [Saun-

ders et al., 1998], de support vector regression (SVR) [Vapnik, 1995] et de vector-output

regularized least squares (vo-RLS) [Honeine et al., 2013].

A.2.1 Problématique

Nous considérons un environnement à δ dimensions, avec par exemple δ = 2 pour un

environnement à deux dimensions, et Na ancres ayant des positions connues, notées

ai, i ∈ {1, . . . , Na}. L’approche proposée est centralisée (voir figure 1.2(a)) ; ainsi,

toutes les données recueillies sont acheminées vers la station centrale de fusion, où tous les
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traitements et calculs seront effectués. Nous considérons ensuite une topologie hybride

pour notre approche, avec plusieurs centres de fusion locaux au lieu d’un seul. Comme il

sera montré plus tard dans l’étude, cette topologie permet la distribution du traitement

de l’information entre plusieurs têtes de cluster et donc la réduction de la probabilité de

défaillance du réseau. Basée sur la technique de fingerprinting, notre méthode consiste

à construire une base de données en offline, à utiliser par la suite en temps réel, pour

estimer la position d’un nœud, notée x. Notons que plusieurs nœuds peuvent être

localisés à la fois, puisqu’ils sont localisés chacun indépendamment des autres.

Pour construire la base de données, nous considérons Np positions de référence, notées

pℓ = (pℓ,1 . . . pℓ,δ)
⊤, ℓ ∈ {1, . . . , Np}, et générées de façon uniforme ou aléatoire dans la

région, comme le montre la figure 3.1. Les ancres diffusent régulièrement des signaux

dans la région étudiée. En posant un capteur consécutivement à chacune des positions

de référence, il serait possible de mesurer les RSSIs des signaux qu’il reçoit. Soit ρℓ le

vecteur des RSSIs des signaux envoyés par lesNa capteurs et mesurés à la position pℓ. Un

ensemble d’apprentissage de Np couples (ρℓ,pℓ) est ainsi obtenu, avec ℓ ∈ {1, . . . , Np}.
La phase d’apprentissage consiste par la suite à trouver un modèle ψ(·) : RNa → R

δ qui

prend en entrée un vecteur RSSI ρℓ, et donne en sortie la position correspondante pℓ

(figure 3.2). Le nœud à localiser mesure en temps réel le vecteur des RSSIs des signaux

reçus des Na ancres, noté ρ. L’estimée de la position de ce nœud est alors obtenue en

utilisant le modèle ψ comme suit : x̂ = ψ(ρ).

A.2.2 Définition du modèle ψ

La régression est l’une des plus grandes préoccupations des chercheurs dans le domaine

de la modélisation des systèmes. Elle est utilisée pour prédire une variable continue à

partir d’une certaine entrée. L’objectif de cette sous-section est de définir, en utilisant les

méthodes à noyaux, le modèle ψ(·) qui associe à une entrée ρℓ la sortie correspondante

pℓ et qui permet donc d’estimer à partir d’un nouveau vecteur RSSI la position qui

y est associée. Pour ce faire, nous considérons l’ensemble d’apprentissage suivant :

{(ρℓ, pℓ,d)}
Np

ℓ=1, d ∈ {1, . . . , δ}, où pℓ,d est le d-ème élément de pℓ = (pℓ,1 . . . pℓ,δ). Soit

ψ(·) = (ψ1(·) . . . ψδ(·)), où ψd(·) : RNa → R estime la d-ème coordonnée de pℓ pour une

entrée ρℓ, comme le montre la figure 3.4.

Considérons un noyau reproduisant κ : RNa×R
Na → R et dénotons par H son espace de

Hilbert à noyau reproduisant (EHNR). Le problème revient à trouver la fonction ψd (·)
qui minimise l’erreur entre la sortie estimée ψd(ρℓ) et la sortie désirée pℓ,d, comme suit :

L
(
(p1,d, ψd(ρ1)), . . . , (pNp,d, ψd(ρNp

))
)
+ η Ω(‖ψd‖2H), (A.1)



A.2 Localisation par méthodes à noyaux 165

où L et Ω sont respectivement une fonction coût et une fonction croissante strictement

monotone sur [0,∞[ à définir dans la suite, et ‖ · ‖H représente la norme dans l’EHNR.

Le second terme de (A.1) est un terme de régularisation, où η > 0 est un paramètre de

régularisation qui permet d’atteindre un compromis entre la justesse de la solution et

sa complexité. Dans ce qui suit, pour définir ψd et éventuellement ψ, nous considérons

la technique de kernel ridge regression (méthode des moindres carrés à noyaux), où la

fonction coût est une fonction quadratique. Ensuite, nous considérons la technique de

SVR (support vector machines pour la régression), où la fonction coût est la fonction

charnière (“hinge loss”). Finalement, nous définissons ψ en utilisant la technique de

vo-RLS (moindre carrés régularisée à sortie vectorielle), où une approche multi-tâches

est considérée. Nous notons P = (p⊤1 . . . p
⊤
Np

)⊤ la matrice de taille Np × δ, ayant pℓ,d

pour son (ℓ, d)-ème élément et pℓ pour son ℓ-ème ligne. Dans la suite, le vecteur pℓ est

noté par Pℓ,∗ et la d-ème colonne de P par P∗,d.

A.2.2.1 Kernel ridge regression

Dans cette partie, nous définissons le modèle en utilisant la technique de kernel ridge

regression [Saunders et al., 1998]. Dans ce cas, la fonction coût est la fonction quadra-

tique et le terme de régularisation Ω(‖ψd‖2H) est égal à ‖ψd‖2H. Nous obtenons ainsi le

problème d’optimisation suivant :

ψd = arg min
ψ
d
∈H

1

Np

Np∑

ℓ=1

(pℓ,d − ψ
d
(ρℓ))

2 + η‖ψ
d
‖2H. (A.2)

D’après le théorème de représentation [Kimeldorf and Wahba, 1971; Schölkopf et al.,

2001a] (Section 2.3, page 30), la fonction ψd (·) admet une représentation de la forme :

ψd(·) =
Np∑

ℓ=1

αℓ,d κ(ρℓ, ·). (A.3)

En injectant (A.3) dans (A.2), nous obtenons un problème dual en termes de αℓ,d. La

solution de ce problème est donnée par α∗,d = (K + ηNpI)
−1P∗,d, où α∗,d est le vecteur

colonne dont le ℓ-ème élément est αℓ,d, I est la matrice identité de taille Np ×Np et K

est la matrice de Gram de taille Np × Np dont le (i, j)-ème élément est κ(ρi,ρj), pour

i, j ∈ {1, ..., Np}. L’expression de α∗,d montre que la même matrice (K + ηNpI) doit

être inversée pour estimer chaque coordonnée. Néanmoins, nous pouvons grouper les δ

estimations, pour réduire la complexité du calcul, comme suit :

α = (K + ηNpI)
−1P , (A.4)



166 Appendix A. Résumé en français

où α désigne la matrice dont le (ℓ, d)-ème élément est αℓ,d et sa ℓ-ème ligne est notée

αℓ,∗. Ensuite, en utilisant (A.3) et la définition de la fonction ψ(·), nous définissons un
modèle qui estime simultanément les δ coordonnées :

ψ(·) =
Np∑

ℓ=1

αℓ,∗ κ(ρℓ, ·). (A.5)

Nous pouvons ajouter un biais b au modèle que nous venons de définir comme dans

[Suykens and Vandewalle, 1999], tel que : ψ(·) =∑Np

ℓ=1αℓ,∗ κ(ρℓ, ·) + b. Nous obtenons
alors un système linéaire, où α et b sont les inconnues à déterminer (voir la Sous-

section 3.3.1, page 43 pour plus de détails).

Nous venons de considérer dans cette partie un terme de régularisation égal à ‖ψd‖2H.
Toutefois, nous avons également considéré à la Sous-section 3.3.2 (page 45) le cas où le

terme de régularisation est égal à ‖α∗,d‖2 au lieu de ‖ψd‖2H. Nous avons montré que ces

deux régularisations sont directement liées ; ainsi, les solutions obtenues sont similaires.

Se référer au Chapitre 3 pour plus de détails.

A.2.2.2 Support vector regression

Dans cette partie, nous considérons la technique ǫ-support vector regression (ǫ-SVR)

[Vapnik, 1995] pour définir les modèles ψd(·). L’objectif de cette technique est de trouver
ψd(ρℓ) ayant au maximum une déviation égale à ǫ de la sortie désirée pℓ,d (|pℓ,d−ψd(ρℓ)| ≤
ǫ), et cela pour tout l’ensemble d’apprentissage. La fonction coût est alors donnée par

Np∑

ℓ=1

max(0, |pℓ,d − ψd(ρℓ)| − ǫ),

et le terme de régularisation par ‖ψd‖2H. Le problème d’optimisation est résolu plus

facilement dans sa forme duale [Smola and Schölkopf, 2004], donnée en termes des mul-

tiplicateurs de Lagrange α∗,d et α̃∗,d comme suit :

max
α∗,d, α̃∗,d

Np∑

ℓ=1

α̃ℓ,d (pℓ,d − ǫ)− αℓ,d (pℓ,d + ǫ)− 1

2

Np∑

ℓ=1

Np∑

j=1

(α̃ℓ,d − αℓ,d)(α̃j,d − αj,d)κ(ρℓ,ρj),

avec les contraintes suivantes :

0 ≤ αℓ,d, α̃ℓ,d ≤
1

2ηNp
, ℓ ∈ 1, . . . , Np and

Np∑

ℓ=1

(αℓ,d − α̃ℓ,d) = 0. (A.6)
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En résolvant ce problème sous les contraintes (A.6), nous obtenons les multiplicateurs

de Lagrange, et la fonction de régression est donnée par :

ψd(·) =
Np∑

ℓ=1

(αℓ,d − α̃ℓ,d)κ(ρℓ, ·) + b. (A.7)

Se référer à la Sous-section 3.3.3 (page 47) pour le calcul du terme b.

A.2.2.3 Vector-output regularized least squares

Dans les algorithmes précédents, nous posons, séparément, δ problèmes d’optimisation

pour définir δ modèles ψd(·), un modèle par coordonnée. Dans cette partie, un problème

d’optimisation unique est utilisé pour estimer simultanément toutes les δ coordonnées.

Ainsi, nous déterminons le modèle ψ(·) en explorant l’apprentissage statistique multi-

tâches [Micchelli and Pontil, 2005; Evgeniou et al., 2005]. Pour cela, nous utilisons

l’algorithme vo-RLS, qui est un algorithme d’apprentissage multi-tâches décrit dans

[Honeine et al., 2013]. Par conséquent, ψ (·) sera représentée comme suit :

ψ(·) =
Np∑

ℓ=1

βℓPℓ,∗ κ(ρℓ, ·),

où βℓ, ℓ ∈ {1, . . . , Np}, sont des paramètres à définir, et le problème d’optimisation est

donné par :

min
ψ,β

1

Np

Np∑

ℓ=1

‖Pℓ,∗ −ψ(ρℓ)‖2 + η‖β‖2, (A.8)

où β =
(
β1 . . . βNp

)⊤
. En remplaçant l’expression de ψ(·) dans (A.8), nous obtenons un

problème d’optimisation en termes de β dont la solution est donnée par :

β = (G+ ηNpI)
−1v,

où G est la Np × Np matrice, ayant Pj,∗P
⊤
k,∗

∑Np

i=1 κ(ρj ,ρi)κ(ρk,ρi) pour (j, k)-ème

élément et v est le vecteur de taille Np × 1, ayant
∑Np

k=1Pj,∗P
⊤
k,∗ κ(ρj ,ρk) pour j-ème

élément. Il est intéressant de noter que Np inconnues sont à estimer dans cet algorithme,

tandis que Np× δ inconnues sont à estimer pour les algorithmes précédents. Cependant,

pour localiser un nœud en utilisant le modèle vo-RLS en temps réel, nous avons besoin

des mesures de référence RSSIs, ainsi que des positions de référence, alors que pour les
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autres algorithmes, seules les mesures de référence RSSIs sont exigées.

A.2.3 Extension au cas d’une topologie hybride

Dans cette sous-section, nous proposons un algorithme clusterisé de localisation qui per-

met d’obtenir des estimations locales en parallélisme correspondant à chaque cluster,

combinées par la suite pour l’obtention d’une estimation globale. Par rapport à une

stratégie centralisée, l’approche clusterisée est plus robuste aux défaillances, puisque

plusieurs têtes de cluster sont engagées. Ainsi, pour faire le passage vers une approche

clusterisée, nous partitionnons la région d’intérêt en Z clusters distincts. Chaque clus-

ter a son propre centre de fusion ou tête de cluster capable de traiter les données et

d’échanger des informations avec les capteurs (voir figure 3.5). En conséquence, notre

objectif est de définir pour chaque cluster z, z ∈ {1, ..., Z}, un modèle local ψ(z)(·) en

utilisant l’un des algorithmes d’apprentissage susmentionnés. Les estimations locales

seront ensuite combinées pour donner une estimation globale de la position d’un nœud.

Pour plus de détails, se référer à la Sous-section 3.4 (page 50).

A.2.4 Analyse et simulations

Dans cette sous-section, nous évaluons les performances de la méthode proposée pour

les différents algorithmes d’apprentissage. Ainsi, considérons des RSSIs générées à l’aide

du modèle de propagation logarithmique [Medeisis and Kajackas, 2000] :

ρai,pℓ = ρ0 − 10nP log10 ‖ai − pℓ‖+ εi,ℓ, (A.9)

où ρai,pℓ est la puissance du signal envoyé par l’ancre à la position ai et reçu par un

capteur à la position pℓ, ρ0 la puissance mesurée à une distance de référence d0 = 1 m,

nP le paramètre de perte qui dépend du type de canal de transmission et qui est pris

égal à 4, ‖ai − pℓ‖ est la distance euclidienne séparant pℓ de ai. Finalement, εi,ℓ est

un bruit additif gaussien ayant un écart-type de σρ. Notons que nous avons également

analysé les performances de la méthode sur des données réelles ; voir la Sous-section 3.5

(page 53) pour plus de détails.

A.2.4.1 Illustration générale

Nous considérons une zone de surveillance de 100 m × 100 m, où nous générons de

manière uniforme 16 ancres fixes et 100 positions de référence. Ensuite, nous générons

une trajectoire comme le montre la figure 3.6. Afin d’estimer la position d’un nœud

qui se déplace le long de la trajectoire, nous appliquons la méthode proposée pour les
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différents algorithmes d’apprentissage (en considérant le noyau gaussien). Les tableaux

3.2 et 3.3 montrent respectivement les erreurs d’estimation (en mètres) pour des données

non bruitées et dans le cas où σρ =1 dB. Nous pouvons voir que la plus faible erreur

est obtenue avec la technique de kernel ridge regression pour les données bruitées et non

bruitées. De plus, cette technique est la plus performante en termes de complexité de

calcul et en termes de mémoire comme le montre les tableaux 3.4 à 3.7. Pour toutes

ces raisons, nous considérons seulement la technique de kernel ridge regression pour les

études qui suivent.

A.2.4.2 Impact des paramètres Na et Np

Dans cette partie, nous étudions l’impact du nombre d’ancres et du nombre de positions

de référence sur les performances de la méthode. Pour cela, nous considérons le scénario

de la figure 3.6 avec des données non bruitées. Nous fixons Np à 100 et varions Na tel

que Na = 12, 22, . . . , 202. La figure 3.7 montre l’évolution de l’erreur d’estimation en

fonction de Na. Ensuite, pour la figure 3.8, nous fixons Na à 16 et varions le nombre de

positions de référence tel que Np = 52, 62, . . . , 252. En comparant les résultats obtenus,

nous pouvons remarquer que l’erreur d’estimation est plus affectée par la variation de Np

que par la variation de Na. En effet, l’augmentation du nombre de positions de référence

permet une meilleure couverture et une meilleure connaissance de l’environnement, ce

qui explique l’amélioration des résultats. Par exemple, pour Np = 252 = 625 et Na = 16,

nous obtenons une faible erreur d’estimation de 0,0045 m, mais avec une augmentation

significative de la complexité de l’algorithme, par rapport au cas oùNp = 25 par exemple.

Par conséquent, en fonction des contraintes du système, un compromis doit être trouvé

entre la précision de l’algorithme et la complexité du calcul.

Nous avons également analysé les performances de la méthode pour une distribution

aléatoire des ancres et des positions de référence. Nous avons observé une légère aug-

mentation de l’erreur (tableaux 3.8 et 3.9). Ceci peut être expliqué par le fait qu’une dis-

tribution uniforme permet une meilleure couverture de la région d’intérêt, tandis qu’une

distribution aléatoire ne garantit pas toujours une bonne couverture. Néanmoins, les

résultats sont toujours satisfaisants, et les distributions aléatoires permettent d’avoir

une localisation assez exacte quand les distributions uniformes ne sont pas applicables.

A.2.4.3 Comparaison à d’autres méthodes de localisation

L’objectif de ce paragraphe est de fournir une comparaison de l’approche proposée à

l’égard de deux techniques de localisation bien connues : la localisation basée sur les

connectivités [Y. Shang and Fromherz, 2003] et la localisation utilisant l’algorithme des K
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plus proches voisins (weighted K-nearest neighbor algorithms, WKNN) pour différentes

fonctions de pondération [Kushki et al., 2007; Koyuncu and Yang, 2011]. Les différentes

fonctions de pondération sont données au tableau 3.12. Le tableau 3.11 montre les er-

reurs d’estimation pour différents nombres d’ancres pour la localisation par connectivités

et la méthode proposée. Les résultats montrent que la méthode proposée est plus précise

que la méthode par connectivités. De plus, elle donne de meilleurs résultats en termes

de complexité de calcul. Les tableaux 3.13 et 3.14 montrent respectivement les erreurs

d’estimation dans le cas de données non bruitées et pour σρ = 1 dB, pour la méthode

proposée et les méthodes dans [Kushki et al., 2007] et [Koyuncu and Yang, 2011] avec

différents poids. Là aussi, la méthode proposée donne les résultats les plus précis.

A.2.5 Conclusion

Cette section propose une nouvelle technique de localisation utilisant la technique de fin-

gerprinting et les méthodes à noyaux, avec différents algorithmes d’apprentissage. Une

version clusterisée de cette approche de localisation a également été proposée. Les sim-

ulations montrent que nos approches permettent une localisation précise dans les deux

cas de données réelles et simulées. En outre, elles sont plus performantes que d’autres

techniques de localisation (WKNN et la localisation par connectivités). Cependant,

nous montrerons dans ce qui suit qu’elles sont vulnérables face à la présence de bruit

additif élevé sur les RSSIs. Par conséquent, dans la section suivante, nous introduisons

de nouvelles améliorations à notre algorithme, et cela en y intégrant des informations

supplémentaires de mobilité pour corriger la trajectoire estimée.

A.3 Suivi de cibles basé sur les positions

Comme nous avons expliqué à la Section A.1, le suivi de cibles est une application très

populaire des RCSF [Li et al., 2002; Dallil et al., 2013]. Le suivi de cibles consiste à

estimer de manière récursive les états de la cible, à savoir, ses positions et ses vitesses

[Svensson, 2010]. En utilisant un modèle d’état qui décrit le mouvement de la cible, nous

pouvons d’abord prédire son état futur à partir de son état actuel. Ensuite, l’état prédit

est mis à jour en utilisant les observations du réseau, à savoir, un modèle d’observation.

Plusieurs filtres peuvent être utilisés pour combiner les informations d’inertie et les ob-

servations ; à noter que, normalement, le choix du filtre se fait en fonction du type des

observations. Par exemple, le filtre de Kalman (KF) [Kalman, 1960; Welch and Bishop,

2001] peut être utilisé dans le cas d’un modèle d’observation linéaire. Dans le cas de la

non-linéarité, le filtre de Kalman étendu (EKF) [Julier and Uhlmann, 1997] et le filtre de
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Kalman sans parfum (UKF) [Julier and Uhlmann, 2004] peuvent être utilisés. Cepen-

dant, de telles approches effectuent des linéarisations et des approximations conduisant

à une performance sous-optimale et parfois à la divergence du filtre [UmaMageswari

et al., 2012]. Le filtre particulaire (PF) [Branko Ristic, 2004] est également utilisé pour

le suivi de cibles. Un tel filtre a plus de potentiel que le filtre de Kalman dans le cas de

bruits non gaussiens et de modèles non linéaires [Gustafsson et al., 2002] ; cependant,

la génération d’échantillons et l’étape de ré-échantillonnage rendent les algorithmes em-

ployant ce filtre plus complexes en termes de calculs que le filtre de Kalman. Plusieurs

techniques de suivi utilisant des informations d’inertie ont été proposé dans la littérature.

En plus des mesures de RSSI, ces techniques emploient un modèle d’état pour affiner

l’estimation de la position grâce à sa position antécédente. Par exemple, un modèle

d’état du premier ordre est utilisé avec un filtre de Kalman dans [Li and Li, 2012], et

avec un filtre particulaire dans [Dias and Bruno, 2013]. Une autre technique de suivi

est présentée dans [Chan et al., 2009], où les auteurs estiment les positions d’une cible

à l’aide de l’algorithme WKNN. Ensuite, ces estimations sont combinées aux données

inertielles au moyen d’un filtre de Kalman. Toutefois, ces modèles ne sont fiables que

pour des cibles ayant des vitesses ou accélérations qui varient légèrement.

Dans cette section, nous effectuons le suivi de cible en utilisant la technique de localisa-

tion introduite à la section précédente. Ainsi, en utilisant la technique de fingerprinting

et les méthodes à noyaux, nous définissons un modèle qui prend en entrée les puissances

RSSIs des signaux échangés entre la cible et des capteurs fixes dans le réseau, et donne

en sortie une première estimation de la position de la cible. Ensuite, nous combinons

cette première estimation aux données inertielles de la cible par l’intermédiaire d’un

filtre de Kalman pour obtenir une estimation plus affinée de la position de la cible.

A.3.1 Problématique

L’approche proposée est centralisée ; toutefois, le passage à une approche hybride peut

se faire facilement en se basant sur l’explication fournie à la section précédente. Nous

considérons un RCSF composé de Ns capteurs fixes ayant des positions connues, notées

si = (si,1 . . . si,δ)
⊤, i ∈ {1, . . . , Ns}. L’objectif est de suivre une cible ayant une position

inconnue notée par x(k) = (x1(k) . . . xδ(k))
⊤ à un pas de temps k. La cible est supposée

être équipée d’un accéléromètre qui mesure ses δ accélérations instantanées. Elle est

supposée être fixe au début du suivi à une position connue x(0) et elle a donc une

vitesse initiale ν(0) nulle. Dans la suite, ν(k) désigne le vecteur de vitesse de la cible à

l’instant k et γ(k) désigne son vecteur d’accélération mesuré à l’instant k.
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Tout d’abord, nous devons définir un modèle d’état caractérisant la relation entre la

position actuelle x(k) de la cible et sa position précédente x(k − 1). Nous décrivons

à la Sous-section 4.2.2 (page 73) quatre modèles d’état. Le modèle du premier ordre

suppose d’abord que les vitesses sont constantes tout au long du suivi de cibles, ainsi les

accélérations sont-elles considérées comme nulles. Nous proposons ensuite une version

hybride de ce modèle qui suppose d’abord que les accélérations sont constantes entre

deux pas de temps consécutifs, k − 1 et k, pour le calcul des vitesses à l’instant k.

Ensuite, une approximation supplémentaire est effectuée en supposant que les vitesses

sont constantes entre k − 1 et k. Il est évident que ces deux modèles sont seulement

adaptés aux cibles ayant des vitesses légèrement variables (γ ≃ 0). En raison de ces deux

hypothèses, les performances de ces modèles se dégradent très rapidement pour des cibles

plus actives. Le modèle du second ordre suppose que les accélérations sont constantes

entre deux instants consécutifs. Si les accélérations varient légèrement, ce modèle conduit

à des estimations précises. Cependant, avec des changements brusques d’accélérations,

les estimations de la position de la cible pourraient être sensiblement déviées des vraies

positions en raison des erreurs cumulatives du modèle. Pour plus de détails sur ces

deux modèles, se référer au Chapitre 4. Finalement, ayant les accélérations aux instants

k − 1 et k, nous considérons un modèle d’état du troisième ordre qui est plus adapté

que les autres modèles au cas où les accélérations de la cible changent brusquement.

Ce modèle suppose que les accélérations varient linéairement entre deux pas de temps

consécutifs k − 1 et k, avec une pente égale à γ(k)−γ(k−1)
∆t , où ∆t est l’intervalle de

temps séparant deux pas de temps consécutifs. Par conséquent, nous pouvons estimer

de manière récursive le vecteur vitesse ν(k) puis le vecteur position x(k) comme suit :




ν(k) = ν(k − 1) + γ(k − 1)∆t+ γ(k)−γ(k−1)

∆t
∆t2

2 ,

x(k) = x(k − 1) + ν(k − 1)∆t+ γ(k − 1) ∆t2

2 + γ(k)−γ(k−1)
∆t

∆t3

6 .

Nous notons aussi que dans cette section, nous considérons que la cible ne peut pas

tourner autour d’elle. Cependant, pendant son mouvement, la cible est susceptible de

tourner et le système de coordonnées où les accélérations sont mesurées peut devenir

différent du système de coordonnées global du réseau. Nous proposons d’équiper la cible

d’un gyroscope qui mesure ses orientations ; une solution détaillée est proposée à la

Sous-section 4.2.2 (page 73) pour surmonter ce problème.

D’une autre part, pendant son mouvement, la cible mesure en temps réel le vecteur des

RSSIs des signaux reçus des Ns capteurs, noté par ρ(k), et l’envoie au centre de fusion.

Comme à la section précédente, nous proposons d’utiliser un modèle ψ : RNs → R
δ pour

estimer la position de la cible. La définition de ce modèle se fait aussi en utilisant la

technique de fingerprinting. Pour cela, nous générons de façon uniforme ou aléatoire Np
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positions de références, notées pℓ, ℓ ∈ {1, . . . , Np}. En plaçant un capteur pour mesurer

les RSSIs à chaque position de référence, nous obtenons Np couples (ρℓ,pℓ) à utiliser

pour l’apprentissage du modèle ψ. Notons que n’importe quel algorithme susmentionné

peut être utilisé pour l’apprentissage. Une fois le modèle défini, nous pouvons estimer

la position de la cible à un instant k comme suit :

z(k) = ψ(ρ(k)). (A.10)

La quantité estimée z(k) est alors considérée comme une observation à chaque instant

k. Le modèle d’observation obtenu est clairement linéaire ; ainsi, nous utiliserons dans

la suite un filtre de Kalman pour résoudre le problème de suivi.

A.3.2 Solution à l’aide du filtre de Kalman

Dans cette sous-section, nous combinons les données inertielles aux observations par

l’intermédiaire d’un filtre de Kalman. L’idée de ce filtre est de prédire l’état inconnu

en utilisant les équations de mobilité, employant les accélérations, puis de le corriger en

utilisant les observations, définies ici par l’estimation de la position obtenue en utilisant

les mesures de RSSIs et le modèle ψ. Nous désignons parX(k) l’état inconnu de la cible

à un instant k. Or comme les positions et les vitesses de la cible sont prédites à la fois

dans les équations de mobilité données ci-dessus, l’état X(k) sera un vecteur de taille

2δ × 1, tel que X(k) = (x(k) ν(k))⊤. Les équations du filtre seront données par :




X(k) = A X(k − 1) +B(k) + ǫ(k),

z(k)⊤ = C X(k) + n(k),

où la quantité ǫ(k) ∼ N (0,V ) est l’erreur du modèle d’état ayant une distribution

normale à moyenne nulle et une matrice de covariance V de taille 2δ × 2δ. La quantité

n(k)∼N (0,R) est l’erreur du modèle d’observation ayant une distribution normale à

moyenne nulle et une matrice de covariance R de taille δ×δ. La matrice C est la matrice

d’observation qui lie X(k) à la position estimée z(k). La matrice de transition A et le

vecteur de contrôle B(k) sont définis selon le choix de l’ordre du modèle de mobilité.

Par exemple, pour le modèle du troisième ordre, nous avons :

A =

(
Iδ

0δ×δ

∆tIδ

Iδ

)
et B(k) =

(
γ(k − 1)⊤ ∆t2

3

γ(k − 1)⊤ ∆t
2

)
+

(
γ(k)⊤ ∆t2

6

γ(k)⊤ ∆t
2

)
,

où Iδ est la matrice identité de taille δ× δ et 0δ×δ est la matrice de zéros de taille δ× δ.
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La résolution du problème à l’aide du filtre de Kalman est composée de deux phases. À

la première phase, le filtre prédit l’état inconnu à partir de l’équation d’état comme suit

:

X̂
−
(k) = AX̂(k − 1) +B(k), (A.11)

avec X̂(k−1) l’état prédit par Kalman à l’instant k−1 et X̂(0) supposé connu. Ensuite,

la prédiction de la matrice de covariance de l’estimation est mise à jour telle que T−(k) =

AT (k − 1)A⊤ + Q(k), où T (k − 1) est la matrice de covariance à k − 1 et T (0) est

nulle puisque l’état initial est connu. La matrice Q(k) est la matrice de covariance de

X(k) sachant X(k − 1) ; pour plus de détails, se référer à la Section 4.3, page 79.

Finalement, les quantités prédites X̂
−
(k) et T−(k) sont corrigées en utilisant le modèle

d’observation, notamment :

X̂(k) = X̂
−
(k) +GKF(k) (z(k)

⊤ −CX̂−
(k)) (A.12)

T (k) = (I2δ −GKF(k)C)T−(k), (A.13)

où GKF(k) est le gain de Kalman donné par GKF(k) = T
−(k)C⊤ (C T−(k)C⊤+R)−1.

A.3.3 Analyse et simulations

Cette sous-section évalue les performances de la méthode de suivi de cibles que nous

venons de proposer. Pour cela, nous considérons 16 capteurs fixes et 100 positions de

référence distribués dans une région de 100 m × 100 m. Nous nous intéressons au suivi

d’une cible qui se déplace dans cette région. Les mesures de RSSIs des signaux échangés

entre la cible et les capteurs fixes sont générées en utilisant le modèle de propagation

logarithmique donné par (A.9), avec les mêmes paramètres que la section précédente.

Pour la définition du modèle ψ, nous utilisons deux des techniques d’apprentissage

décrites à la Section A.2 : la technique de kernel ridge regression (KRR) et la technique

de vo-RLS (avec le noyau gaussien).

A.3.3.1 Illustration générale

Afin d’évaluer la précision de la méthode de suivi proposée pour différents types de

cibles (cibles en mouvement monotone, puis cibles plus actives), nous considérons trois

trajectoires différentes de 100 points avec ∆t = 1s. Pour la trajectoire illustrée à

la figure 4.3, les accélérations sont nulles donc les vitesses sont constantes. Quant

à la deuxième et troisième trajectoires représentées respectivement aux figures 4.4 et

4.5, leurs accélérations sont représentées à la figure 4.6. Nous pouvons voir que les

accélérations de la troisième trajectoire ont plus de variations que les accélérations de
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la deuxième trajectoire. Ensuite, les coordonnées de la cible sont obtenues en intégrant

deux fois les accélérations. L’écart-type du bruit sur les puissances RSSIs σρ est égal

à 1 dB et les deux composantes de l’écart-type sur les accélérations σγ sont égales à

0,01 m/s2. Le tableau 4.2 montre les erreurs d’estimations en mètres pour les trois tra-

jectoires et les quatre modèles d’état, en utilisant les techniques de KRR et de vo-RLS

dans l’apprentissage. Les quatre modèles donnent presque les mêmes résultats pour la

première trajectoire. Cependant, pour la deuxième et la troisième trajectoire, le premier

modèle donne la plus grande erreur d’estimation. Ce résultat peut être expliqué par le

fait que ce modèle suppose que les vitesses sont constantes, alors qu’elles ne le sont

pas dans le cas de ces deux trajectoires. Pour la troisième trajectoire, l’erreur la plus

faible est obtenue en utilisant le modèle d’état du troisième ordre. Ce résultat est prévu

puisque les accélérations dans cette trajectoire présentent de fortes variations, et comme

nous avons expliqué, le modèle d’état du troisième ordre est le mieux adapté pour de

telles cibles. Par conséquent, dans le reste de cette étude, nous considérons uniquement

ce modèle.

A.3.3.2 Impact des différents paramètres

Dans cette partie, nous étudions l’impact de différents paramètres sur notre méthode de

suivi, notamment l’impact de σρ, σγ , des capteurs fixes et des positions de références.

Commençons par fixer σρ à 5% de l’écart-type des mesures de RSSIs (σρ =0,54 dB)

et varions σγ de 1% à 10% de l’écart-type des accélérations. La figure 4.7 montre

l’impact de la variation de σγ sur l’erreur d’estimation. Nous pouvons voir que les

résultats obtenus en utilisant la localisation avec les techniques de ridge régression et

de vo-RLS de la section précédente sont indépendants du bruit d’accélération, alors que

les estimations en utilisant uniquement les données inertielles sont fortement affectées

par les variations de σγ . Nous remarquons aussi que la technique KRR combinée avec

le filtre de Kalman donne les meilleurs résultats. En effet, le filtre affine les résultats,

et l’erreur obtenue est toujours plus petite que l’erreur dans le cas de la technique

KRR seule. Nous fixons maintenant σγ à 1% de l’écart type des accélérations et nous

considérons plusieurs pourcentages de l’écart-type des mesures de RSSIs, allant de 0% à

50% (σρ varie de 0 à 5,40 dBm). La figure 4.8 montre l’impact de la variation de σρ sur

l’erreur d’estimation. Nous remarquons la localisation avec les techniques de KRR et de

vo-RLS sont fortement affectées par les variations de bruit, car elles utilisent ces mesures

de RSSIs pour l’estimation, alors que le suivi à partir des données inertielles seules n’est

pas affecté par le bruit sur les RSSIs. Toutefois, l’approche de suivi proposée surpasse

la technique de suivi utilisant seulement les accélérations. Il est intéressant aussi de voir
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que le filtre de Kalman permet d’avoir au final une erreur constante face à l’augmentation

du bruit.

Quant à l’impact des capteurs fixes et des positions de référence, nous remarquons tout

d’abord qu’en considérant une distribution aléatoire dans le réseau, à la place d’une

distribution uniforme, les erreurs d’estimation augmentent mais les résultats restent

satisfaisants (voir tableau 4.5). Quant à l’impact du nombre des capteurs Ns et du

nombre des positons de référence Np, nous remarquons que l’augmentation de l’un ou

de l’autre permet d’obtenir une meilleure erreur d’estimation, comme le montrent les

figures 4.9 et 4.10. En effet, comme nous avons expliqué précédemment, une distribution

uniforme ou un nombre plus élevé de capteurs ou de position de référence permettent

de mieux couvrir la région d’intérêt et donc permettent une meilleure connaissance de

l’environnement. Cependant, l’augmentation du nombre de capteurs fixes augmente le

coût total en matériel, alors que l’augmentation du nombre de positions de référence

induit une augmentation significative de la complexité du calcul.

A.3.3.3 Comparaison à d’autres méthodes de suivi de cibles

La dernière étape de cette analyse consiste à comparer l’approche proposée à d’autres

méthodes de suivi de cibles. La première méthode considérée pour la comparaison est

proposée par Chan et al. [2009] qui utilisent un filtre de Kalman pour corriger des

estimations obtenues avec la méthode de WKNN. La seconde méthode est proposée par

les auteurs de [Dias and Bruno, 2012], où un filtre particulaire est utilisé pour le suivi.

Notons que, pour les comparaisons, nous choisissons les mêmes paramètres (Ns, Np, K)

que ceux proposés par les auteurs. Les résultats obtenus sont montrés au tableau 4.6.

Il est clair que notre méthode proposée donne les meilleurs résultats, même dans le cas

où un modèle d’état du second ordre est utilisé.

A.3.4 Conclusion

Nous avons proposé dans cette section une nouvelle méthode pour le suivi de cibles

dans les RCSF en combinant l’apprentissage par noyaux et le filtrage de Kalman. Les

résultats des simulations ont montré que la méthode proposée permet une estimation

précise et exacte de la position de la cible tout en étant robuste face aux bruits affectant

les accélérations et les RSSIs. De plus, elle surpasse deux méthodes récentes de suivi de

cibles qui utilisent un filtre de Kalman et un filtre particulaire. Cependant, la principale

contrainte de la méthode proposée est que les capteurs doivent rester fixes au cours du

processus de suivi, ce qui peut être contraignant pour certaines applications. La section

suivante présente une solution au problème de stationnarité des capteurs en introduisant

une nouvelle méthode de suivi indépendante des positions de ces capteurs.
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A.4 Suivi de cibles basé sur les distances

Dans les Sections A.2 et A.3, nous avons profité des méthodes à noyaux pour définir un

modèle qui prend en entrée les RSSIs des signaux échangés entre une cible en mouvement

et des capteurs fixes dans le réseau, et qui donne en sortie la position de la cible. Dans

cette section, au lieu d’utiliser ce modèle de position, nous proposons deux nouveaux

modèles, définis aussi dans le cadre des méthodes à noyaux, qui permettent d’estimer les

distances séparant la cible des capteurs. En raison de la relation logarithmique entre les

RSSIs et les distances, l’utilisation de ces modèles de distance est susceptible de donner

de meilleurs résultats que les modèles de position. De plus, nous montrerons dans la

suite que l’utilisation des modèles de distance permet aux capteurs de se déplacer dans

le réseau, sans affecter le processus de suivi. Néanmoins, l’estimation de la distance à

l’aide des mesures de RSSIs présente un défi majeur, puisque celles-ci sont sensibles à

la présence du bruit et des interférences. Un modèle populaire pour caractériser la rela-

tion RSSI/distance est le modèle de propagation logarithmique susmentionné [Medeisis

and Kajackas, 2000; Zanella and Bardella, 2014]. Ce modèle est largement utilisé en

raison de sa simplicité, malgré ses limitations et le fait qu’il ne prend pas en compte

les caractéristiques du milieu, tels que les murs et les planchers. Différents modèles ont

été proposés pour remédier à ce problème, comme des versions modifiées de ce modèle

[Seidel and Rappaport, 1992; Sandeep et al., 2008], dans lesquels les atténuations dues

aux planchers et les murs sont explicitement incluses. D’autres modèles proposés par

[Wang et al., 2003; Yang and Chen, 2009] déterminent une relation mathématique entre

les RSSIs et les distances, sans prendre en considération les propriétés physiques. À cette

fin, un modèle empirique est estimé par la régression polynomiale. Selon les applications

et l’environnement considéré, plusieurs autres modèles peuvent également être trouvés

dans la littérature [Neskovic et al., 2000; Andrade and Hoefel, 2010].

Une fois que les distances sont estimées à partir des RSSIs, elles sont combinées en

utilisant par exemple la trilatération [Manolakis, 1996] pour localiser la cible (voir fig-

ure 1.4, page 11). Nous pouvons également utiliser des méthodes basées sur le filtrage

qui aident à lisser la trajectoire de la cible et donc à réduire l’erreur d’estimation. Par

exemple, une approche de suivi utilisant le filtre de Kalman étendu avec les distances et

les accélérations est proposée dans [Shareef and Zhu, 2009; Correa et al., 2014]. Cepen-

dant, comme nous l’avons expliqué précédemment, la linéarisation et les approximations

induites par ce filtre pourraient conduire à une estimation inexacte des positions [Uma-

Mageswari et al., 2012]. Le filtre particulaire peut également être utilisé pour le suivi.

Les méthodes de suivi décrites dans [Wang et al., 2007; Farmani et al., 2012] profitent

d’un tel filtre, en utilisant le mouvement de la cible et les distances.
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Dans cette section, nous introduisons deux modèles originaux qui permettent d’estimer

les distances séparant les capteurs à l’aide des RSSIs. Le premier modèle est

non-paramétrique, et donc ne nécessite aucune connaissance préalable des propriétés

physiques des signaux. Le second modèle est semi-paramétrique, combinant le modèle

de propagation logarithmique avec une composante non linéaire additionnelle, estimée

par les méthodes à noyaux. Les deux modèles prennent en entrée la puissance du signal

échangé entre deux capteurs et donnent en sortie la distance qui les sépare. Ensuite,

en se basant sur les distances estimées séparant la cible des capteurs à positions con-

nues, nous proposons deux nouvelles méthodes centralisées pour localiser la cible. La

première combine les distances estimées avec l’information sur les accélérations de la

cible à l’aide d’un filtre de Kalman. La seconde permet de suivre la cible à l’aide d’un

filtre particulaire, en utilisant des accélérations et des distances estimées.

A.4.1 Problématique

Nous considérons Ns capteurs ayant des positions connues, notées si = (si,1 . . . si,δ)
⊤,

i ∈ {1, . . . , Ns}. L’objectif est de définir les Ns modèles χi, tels que χi : R → R, i ∈
{1, . . . , Ns}, à savoir un modèle par capteur. Pour cela, nous construisons une base de

données à utiliser pour l’apprentissage. Nous considérons ainsi Np positions de référence,

notées pℓ = (pℓ,1 . . . pℓ,δ)
⊤, ℓ ∈ {1, . . . , Np}. Soit ρsi,pℓ , i ∈ {1, . . . , Ns}, la puissance

RSSI du signal envoyé par le capteur à la position si et mesuré à la position pℓ et

soit dsi,pℓ , i ∈ {1, . . . , Ns} la distance séparant pℓ de si. De cette façon, Ns ensembles

d’apprentissage deNp couples (ρsi,pℓ , dsi,pℓ) sont ainsi obtenus. La phase d’apprentissage

consiste alors à trouver l’ensemble des modèles χi, i ∈ {1, . . . , Ns}, tels que chaque

modèle χi prenne en entrée ρsi,pℓ , ℓ ∈ {1, . . . , Np}, et donne en sortie la distance dsi,pℓ

séparant si de pℓ. La définition des modèles χi sera détaillée à la sous-section suivante.

Soit x(k) = (x1(k) . . . xδ(k))
⊤ la position de la cible à un pas de temps k. La cible mesure

en temps réel les RSSIs des signaux reçus des Ns capteurs, tel que ρsi,x(k) désigne la

mesure de RSSI du signal envoyé par le capteur à la position si et reçu par la cible à

la position x(k). L’estimé de la distance séparant la cible du capteur à la position si,

notée d̂si,x(k), i ∈ {1, . . . , Ns}, est alors obtenue en utilisant le modèle χi comme suit:

d̂si,x(k) = χi(ρsi,x(k)). D’un autre côté, la cible est supposée être équipée d’un gyroscope

et d’un accéléromètre qui mesurent respectivement son orientation et ses accélérations.

Le problème de suivi de cibles est résolu de deux façons différentes, en utilisant à la fois

les distances estimées et les données inertielles de la cible soit avec un filtre de Kalman

soit avec un filtre particulaire.
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A.4.2 Définition des modèles χi

L’objectif maintenant est de définir l’ensemble des modèles χi, i ∈ {1, . . . , Ns}, en util-

isant l’ensemble d’apprentissage déjà défini. Chaque modèle χi doit associer à toute

mesure de RSSI ρsi,pℓ , ℓ ∈ {1, . . . , N}, la distance correspondante dsi,pℓ . Dans le pre-

mier paragraphe, nous définissons l’ensemble des modèles χi comme des modèles non-

paramétriques ; ils sont alors pris comme des combinaisons linéaires de noyaux centrés

sur les données d’apprentissage. Dans le deuxième paragraphe, les modèles χi sont

des modèles de régression semi-paramétriques qui combinent le modèle de propagation

logarithmique [Medeisis and Kajackas, 2000; Patwari et al., 2005] avec un terme de fluc-

tuation non linéaire, défini dans un EHNR. Ce terme non linéaire compense les facteurs

manquants dans le modèle logarithmique, permettant ainsi une meilleure modélisation

de la relation RSSI/distance.

A.4.2.1 Modèles non-paramétriques

Dans ce paragraphe, les modèles de distances sont obtenus en se basant seulement sur

l’ensemble d’apprentissage et donc sans faire aucune hypothèse sur le modèle. Par

conséquent, nous définissons χi en utilisant une technique de régression non linéaire, à

savoir, la technique de kernel ridge regression. Ainsi, chaque fonction χi est obtenue en

minimisant l’erreur quadratique entre les sorties estimées χi(ρsi,pℓ) et les sorties désirées

dsi,pℓ , comme suit :

χi = arg min
χ
i
∈H

1

Np

Np∑

ℓ=1

(dsi,pℓ − χ
i
(ρsi,pℓ))

2 + ηi‖χi‖
2
H,

où ηi sont des paramètres de régularisation. D’après le théorème de représentation, la

fonction optimale a la forme suivante :

χi(·) =
Np∑

ℓ=1

αℓ,i κ(ρsi,pℓ , ·), (A.14)

où αℓ,i, ℓ ∈ {1, . . . , Np}, sont des paramètres à déterminer similairement à la Section

A.2.

A.4.2.2 Modèles semi-paramétriques

Les modèles proposés dans ce paragraphe sont semi-paramétriques, chaque modèle étant

une combinaison du modèle de propagation logarithmique avec une composante non
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linéaire, définie à l’aide des méthodes à noyaux. Ce terme non linéaire permet de com-

penser les facteurs qui ont été négligés par le modèle physique, tels que les pertes dues aux

obstacles physiques et autres interférences, permettant ainsi une meilleure modélisation

de la relation RSSI/distance. Soit ψi(·) la fonction qui associe à toute mesure de RSSI

ρsi,pℓ le logarithme de la distance, c’est-à-dire log10(dsi,pℓ). Nous définissons cette fonc-

tion comme une somme d’un modèle linéaire déduit du modèle de propagation logarith-

mique (A.9) et d’un modèle non linéaire comme suit :

ψi(ρsi,pℓ) = a ρsi,pℓ + b+ ψi,nlin(ρsi,pℓ),

où a et b sont des inconnues à estimer. Les inconnues sont déterminées en minimisant

l’erreur quadratique sur l’ensemble d’apprentissage, comme suit:

1

Np

Np∑

ℓ=1

(
log10 dℓ − a ρsi,pℓ − b− ψi,nlin(ρsi,pℓ)

)2
+ ηi‖ψi,nlin‖2H, (A.15)

où les ηi sont aussi des paramètres de régularisation permettant d’atteindre un com-

promis entre la justesse de la solution et sa complexité. En se basant sur le théorème

de représentation semi-paramétrique [Schölkopf et al., 2001a], nous proposons d’écrire

le terme non linéaire sous forme d’une combinaison de noyaux, tel que ψi,nlin(·) =
∑Np

ℓ=1 βℓ,i κ(ρsi,pℓ , ·), où βℓ,i, ℓ ∈ {1, . . . , Np}, sont des paramètres à déterminer. Une

solution détaillée est proposée à la Sous-section 5.3.2, page 104. Après avoir trouvé les

paramètres du modèle, il est possible d’estimer n’importe quelle distance séparant un

capteur à la position si d’une cible à la position x(k) en utilisant la mesure de RSSI

comme suit: χi
(
ρsi,x(k)

)
= 10log10 dsi,x(k) = 10ψi(ρsi,x(k)).

A.4.3 Solution à l’aide du filtre de Kalman

Dans cette section, nous proposons d’estimer la position de la cible en combinant ses

accélérations instantanées aux distances la séparant des capteurs du réseau à l’aide du

filtre de Kalman (KF). Les distances sont estimées à l’aide d’un des modèles définis à la

sous-section précédente. Nous utilisons un modèle d’état du troisième ordre pour décrire

la trajectoire de la cible, comme ce modèle a donné des résultats bien meilleurs que les

modèles du premier ordre ou du second. Soit X(k) = (x(k) ν(k))⊤ l’état inconnu de

la cible à un instant k, ν(k) étant son vecteur vitesse. L’équation d’état sera donnée

comme suit :

X(k) = A X(k − 1) +B(k) + ǫKF(k), (A.16)
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où la matrice de transition A et le vecteur de commande B(k) sont définis comme à

la Section A.3. La quantité ǫKF(k)∼N (0,V ) est l’erreur du modèle d’état ayant une

distribution normale à moyenne nulle et une matrice de covariance V de taille 2δ × 2δ.

Ensuite, pour définir un modèle linéaire d’observation, nous utilisons les différences des

carrés des distances d2
si,x(k)

; nous obtenons ainsi un modèle de la forme suivante :

zKF(k) = CX(k) + n(k), (A.17)

où n(k) est l’erreur d’observation, suivant une distribution normale de moyenne nulle et

de matrice de covariance R. Le vecteur des observations zKF(k) est donné par :




d2
s1,x(k)

− d2
sNs ,x(k)

+
∑δ

v=1 s
2
Ns,v

−∑δ
v=1 s

2
1,v

...

d2
sNs−1,x(k)

− d2
sNs ,x(k)

+
∑δ

v=1 s
2
Ns,v

−∑δ
v=1 s

2
Ns−1,v




La matrice d’observation C, de taille (Ns − 1)× 2δ est alors donnée par :

C = 2




sNs,1 − s1,1
...

sNs,1 − sNs−1,1

. . .

. . .

sNs,δ − s1,δ
...

sNs,δ − sNs−1,δ

0(Ns − 1) × δ


 ,

où 0(Ns − 1)× δ désigne la matrice de zéros de taille (Ns − 1)× δ.

Maintenant que nous avons défini les deux équations linéaires d’état et d’observation,

nous procédons à l’estimation de la position de la cible à chaque pas de temps k à l’aide

du KF. Ce filtre prédit d’abord la position de la cible à l’aide de l’estimation de sa

position précédente et de l’équation d’état, comme suit :

X̂
−
(k) = AX̂(k − 1) +B(k), (A.18)

où X̂
−
(k) est l’état estimé de la cible à k − 1, avec X̂(0) supposé connu. Ensuite, la

prédiction de la matrice de covariance de l’estimation est mise à jour telle que T−(k) =

AT (k − 1)A⊤ + Q(k), où T (k − 1) est la matrice de covariance à k − 1 et T (0) est

nulle puisque l’état initial est connu. La matrice Q(k) est la matrice de covariance de

X(k) sachant X(k− 1), donnée à la Sous-section 5.4, 106. La dernière étape de filtrage

consiste à corriger les quantités prédites en utilisant l’équation d’observation. Nous

obtenons alors :

X̂(k) = X̂
−
(k) +GKF(k) (zKF(k)

⊤ −CX̂−
(k)),

T (k) = (I2δ −GKF(k)C)T−(k),
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où GKF(k) = T
−(k)C⊤ (C T−(k)C⊤ +R)−1 est le gain optimal de Kalman.

A.4.4 Solution à l’aide du filtre particulaire

L’objectif maintenant est de trouver la position de la cible en combinant, à l’aide du

filtre particulaire (PF), les accélérations de la cible aux distances estimées par les modèles

semi-paramétriques. A la différence du KF, le modèle d’observation du PF peut être non

linéaire et par la suite, nous prenons comme observations les distances estimées séparant

la cible des capteurs comme suit :

zPF(k) = dx(k),

où dx(k) = (ds1,x(k) . . . dsNs ,x(k)
)⊤. Pour résoudre le problème à l’aide du PF, nous

générons NPF particules autour de la position initiale x(0) considérée comme con-

nue. Ces particules notées xm(0) ont des poids initiaux égaux : ωm(0) = 1
NPF

,

m ∈ {1, . . . , NPF}. En partant de la position initiale, les particules xm(k) et leurs

vitesses νm(k) à un pas de temps k sont estimées en utilisant le modèle d’état du

troisième ordre :

νm(k) = νm
′
(k − 1) + γ(k − 1)∆t+

γ(k) − γ(k − 1)

∆t

∆t2

2
,

xm(k) = xm
′
(k − 1) + νm

′
(k − 1)∆t+ γ(k − 1)

∆t2

2
+
γ(k)− γ(k − 1)

∆t

∆t3

6
+ ǫPF(k),

où xm
′
(k − 1) est une des particles au pas de temps k − 1, choisie aléatoirement selon

la distribution discrète de leurs poids, νm
′
(k − 1) est la vitesse associée à xm

′
(k − 1)

et ǫPF(k) ∼ N (0,H) est l’erreur sur l’équation d’état, suivant une distribution nor-

male de moyenne nulle et de matrice de covariance H de taille δ × δ. Les poids des

particules sont mis à jour suivant les distances observées Farmani et al. [2012] par

ωm(k) = 1
‖dxm(k)−zPF(k)‖

ωm
′
(k − 1), où ‖dxm(k) − zPF(k)‖ est la distance entre zPF(k)

et dxm(k). Les poids ainsi obtenus sont ensuite normalisés. La dernière étape est l’étape

de rééchantillonnage, où les particules ayant des poids négligeables sont remplacées par

de nouvelles particules créées autour des particules ayant des poids plus importants. Le

passage à cette étape se fait lorsque le nombre effectif de particules Neff devient inférieur

à un seuil Nth, avec Neff = 1∑NPF
m=1 (ωm(k))2

. Notons que Nth est habituellement égal à

10% du nombre de particules NPF. Finalement, la position de la cible au pas de temps

k est donnée par :

x̂(k) =

NPF∑

m=1

ωm(k) xm(k).
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Cet algorithme est plus complexe en termes de calculs que la méthode basée sur le KF,

vu toutes les particules à définir et l’étape de rééchantillonnage ; cependant, il est plus

robuste quand les erreurs sur les distances ne sont plus gaussiennes.

A.4.5 Analyse et simulations

Dans cette sous-section, nous utilisons pour l’estimation des distances les modèles non-

paramétriques. En effet, notre choix est basé sur une étude présentée à la Section 5.6

(page 111), où nous comparons nos modèles non-paramétriques et semi-paramétriques

aux différents modèles de la littérature pour des données simulées et réelles. Les modèles

proposés sont plus précis que les modèles de la littérature que ce soit pour données

simulées ou pour des données réelles. De plus, les modèles semi-paramétriques se sont

avérés les plus précis dans le cas des données réelles, alors que les non-paramétriques

sont les plus précis dans le cas des données simulées de RSSIs, comme celles que nous

utiliserons dans cette sous-section. Notons que les données simulées sont générées selon

le modèle de propagation logarithmique (A.9). Dans la suite, nous évaluons les per-

formances de l’approche proposée et nous comparons nos résultats tout d’abord à la

méthode de suivi de cibles combinant l’algorithme WKNN et le filtre de Kalman, en-

suite, à la méthode de suivi proposée à la Section A.3.

A.4.5.1 Illustration générale

Considérons la trajectoire de la figure 5.5, où 100 positions de référence et 16 capteurs

sont uniformément générés dans une région de 100 m×100 m. Nous ajoutons un bruit

additif gaussien aux RSSIs, de moyenne nulle et d’écart-type égal à 10% de l’écart-type

des RSSIs, c’est-à-dire σρ = 1,08 dB. Nous ajoutons également un bruit aux accélérations

d’écart-type σγ égal à 5% de celui des accélérations. Les distances sont estimées à l’aide

des modèles non-paramétriques, utilisés avec un noyau gaussien, et la trajectoire est

ensuite estimée à l’aide du filtre de Kalman (KF) et du filtre particulaire (PF). Une

erreur moyenne de 1,03m est obtenue en utilisant le KF et de 0,68m en utilisant le PF

(avec NPF = 50). Les deux méthodes donnent donc une estimation très satisfaisante des

positions de la cible.

A.4.5.2 Impact des paramètres σρ et σγ

Dans cette partie, nous étudions l’impact des paramètres σρ et σγ sur notre méthode

de suivi. Pour cela, nous fixons d’abord σρ à 10% de l’écart-type des mesures de RSSIs.

Ensuite, nous varions σγ de 1% à 10% de l’écart-type des accélérations. La figure 5.7
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montre la variation de l’erreur d’estimation en fonction de la variation de σγ . Nous

remarquons que la technique utilisant le filtre de particulaire donne un meilleur résultat

que celle utilisant le filtre de Kalman sous ces conditions. Nous fixons ensuite la valeur

de σγ à 5% de l’écart-type des accélérations et nous faisons varier σρ de 0% à 50%. La

figure 5.8 montre l’impact de la variation de σρ sur l’erreur d’estimation pour les deux

techniques. Nous pouvons voir que le filtre particulaire donne de meilleurs résultats

que le filtre de Kalman. Cela est dû à la distribution des erreurs sur les observations,

supposée être gaussienne dans le filtre de Kalman. En effet, les erreurs d’observation

restent faibles lorsque le bruit sur les RSSIs est faible ; dans ce cas, la distribution du

bruit d’observation reste proche d’une distribution gaussienne, ce qui explique pourquoi

le filtre de Kalman fonctionne bien. Cependant, pour des erreurs plus élevées, la dis-

tribution du bruit s’éloigne d’une gaussienne ; le filtre particulaire donne dans ce cas

une meilleure estimation. Toutefois, les erreurs d’estimation sont faibles pour les deux

méthodes et les résultats obtenus sont satisfaisants et précis.

A.4.5.3 Comparaison à d’autres méthodes de suivi de cibles

Dans cette sous-section, nous comparons nos deux méthodes à celle proposée par Chan

et al. [2009], en adoptant une configuration similaire. Le tableau 5.7 montre les erreurs

d’estimation obtenues avec nos deux méthodes, la méthode de WKNN et la méthode de

WKNN avec Kalman. Nous pouvons voir que nos deux méthodes donnent les meilleurs

résultats. Ensuite, nous faisons varier le bruit sur les RSSIs. La figure 5.9 montre

l’erreur d’estimation en fonction de σρ. Nous remarquons que nos méthodes surpassent

les autres méthodes basées sur l’algorithme WKNN.

Nous comparons aussi ces méthodes pour différentes valeurs du nombre de capteurs Ns,

supposés fixes, pour Np = 100 positions de référence. σρ est égal à 10% de l’écart-type

des RSSIs et σγ égal à 5% de l’écart-type des accélérations. La figure 5.10 montre

l’erreur en fonction de Ns. Nous pouvons voir que les méthodes proposées donnent la

plus faible erreur pour n’importe quelle valeur de Ns. De plus, nos méthodes sont le

moins affectées par les variations de Ns. Finalement, nous considérons la méthode de

localisation que nous avons proposée à la Section A.2 et la méthode de suivi proposée à la

Section A.3, en utilisant la technique de kernel ridge regression. Nous gardons les mêmes

valeurs pour les bruits, et nous considérons 16 capteurs. Le tableau ?? montre que les

trois méthodes de suivi que nous avons proposées donnent des résultats très proches.

Ensuite, nous faisons varier la positions des capteurs dans un rayon allant de 0 à 30 m

et un angle de 0 à 2π. L’estimation de l’erreur en fonction du rayon pour les différentes

méthodes proposées est donnée à la figure 5.11. Nous pouvons voir que les méthodes de

suivi basées sur les distances sont plus performantes que les méthodes de suivi utilisant
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les positions. En effet, l’avantage des méthodes proposées dans cette section réside dans

le fait que nous estimons la relation RSSI/distance, et donc nous trouvons directement

les distances à partir des RSSIs. Lorsque les capteurs changent leurs positions, cette

relation ne change pas, donc nous n’avons pas besoin de reconfigurer le modèle, ce qui

n’est pas le cas pour les modèles utilisant les positions.

A.4.6 Conclusion

Cette section a proposé deux modèles originaux pour estimer les distances entre cap-

teurs en utilisant les puissances des signaux échangés. Ces distances sont combinées aux

accélérations instantanées de la cible en utilisant un filtrage de Kalman ou un filtrage

particulaire. L’approche proposée s’est avérée robuste face au bruit et plus performante

comparée à l’état-de-l’art. Les travaux futurs y apporteront des améliorations, notam-

ment en termes de sélection des RSSIs à utiliser pour l’estimation.

A.5 Estimation des paramètres de sources de gaz

Dans un contexte différent de celui de la localisation et du suivi de cibles, les RCSF sont

largement utilisés pour la détection et la localisation de la source d’une diffusion de gaz

dans l’environnement. Comme nous l’avons expliqué à la Section A.1, les émissions de

gaz pourraient se produire accidentellement ou délibérément. Dans les deux cas, leurs

conséquences sont potentiellement catastrophiques sur l’environnement ou sur la vie hu-

maine. Il est donc important de détecter la diffusion de gaz et d’estimer ses paramètres, y

compris l’emplacement de la source et la quantité de gaz libéré. Une collecte de mesures

de concentration de gaz à partir de la zone infectée est indispensable pour l’estimation

des paramètres mais elle nécessite une intervention de personnes spécialement formées,

utilisant des équipements de protection appropriés. Alternativement, les réseaux de cap-

teurs sans fil se sont révélés très utiles dans de tels scénarios, où l’intervention humaine

est risquée et coûteuse. Typiquement, les capteurs sont déployés dans la zone d’intérêt

et collectent régulièrement des mesures de concentration. L’information recueillie est

renvoyée à un centre de fusion, où elle sera traitée afin d’estimer les paramètres de la

source.

Plusieurs méthodes ont été proposées dans la littérature pour l’estimation des paramètres

de la source. Par exemple, Kathirgamanathan et al. [2002] ont développé un modèle

inverse permettant de déduire les paramètres d’une source à partir des mesures de con-

centration de gaz. Dans [Christopoulos and Roumeliotis, 2005], les auteurs déterminent
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les paramètres de la source à l’aide de robots mobiles qui collectent les mesures de con-

centration. L’étude porte aussi sur le choix de la séquence d’emplacements où chaque

robot doit être déplacé afin d’obtenir des estimations précises en temps réel. Une autre

méthode a été proposée dans [Delmaire and Roussel, 2012], où le problème de la lo-

calisation de la source est abordé dans un contexte unidimensionnel et l’estimation est

conduite dans un cadre bayésien. Ickowicz et al. [2012] ont aussi proposé une méthode

pour la prédiction et l’estimation des concentrations de polluants dans des environ-

nement complexes. Ils se basent sur une formulation semi-paramétrique du problème et

utilisent des processus gaussiens pour estimer la région dans laquelle se trouve la source

et le temps de diffusion. Toutes les méthodes ci-dessus exigent une compréhension ap-

profondie de la topologie du RCSF et nécessitent une connaissance a priori du processus

de diffusion. Pour surmonter ces contraintes, nous pouvons clairement profiter de la

flexibilité des méthodes à noyaux pour une estimation non-paramétrique, comme nous

montrerons dans ce qui suit.

Dans cette section, nous proposons une nouvelle approche clusterisée pour la détection et

l’estimation des paramètres de multiples sources de gaz dans les RCSF. Les capteurs sont

déployés dans la région d’intérêt et collectent des mesures de concentration à intervalles

de temps courts et réguliers. L’approche proposée est composée de deux phases: une

phase de détection et une phase d’estimation. Dans la première, nous définissons un

détecteur dans le cadre des méthodes à noyaux en utilisant la technique de support

vector data description (SVDD) [Tax and Duin, 2004]. Le détecteur est utilisé par

chaque tête de cluster afin d’identifier toute émission de gaz dans le cluster concerné.

Lorsqu’une anomalie est repérée, le vecteur de concentration qui a déclenché l’alerte est

d’abord traité pour estimer les paramètres de diffusion de gaz. Une première estimation

des paramètres est obtenue à l’aide d’un modèle non linéaire, qui est également définie

dans le cadre des méthodes à noyaux. Ensuite, une partie des paramètres estimés est

traitée, en plus des concentrations mesurées, afin de fournir une estimation plus précise

de la position de la source. Les simulations montrent que l’approche proposée donne des

résultats précis, que ce soit pour une source unique ou pour plusieurs sources.

A.5.1 Problématique

Nous considérons N capteurs uniformément ou aléatoirement déployés dans une région

Ω à surveiller à des positions fixes (xn, yn, zn) = (xn, yn, 0), n ∈ {1, . . . , N}. La région

est partitionnée en Z clusters distincts afin de simplifier les calculs et rendre la méthode

plus robuste face aux pannes du réseau. Chaque cluster est dirigé par une tête de cluster,

qui est responsable du traitement des données (collecte et synchronisation) et des calculs

et qui peut échanger des informations avec les autres têtes de cluster et les capteurs du
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réseau. Notons que ces capteurs mesurent, à chaque instant t, les concentrations de gaz

et les envoient aux têtes de cluster. Les clusters peuvent avoir n’importe quelle taille

ou forme ; un exemple de topologie considérée dans cette section, où les clusters sont

rectangulaires, est illustré par la figure 6.1.

Dans ce qui suit, nous proposons une version généralisée du modèle de diffusion donné

dans [Kathirgamanathan et al., 2002]. Ainsi, nous considérons une émission de gaz de

masse Q, se produisant à l’instant t0 à une position (x0, y0, z0). Les particules de gaz

sont propagées par un vent de vitesse moyenne U = (ux, uy, 0). La concentration C du

gaz, à une position arbitraire (x, y, z) et à un temps t, est donnée par :

C(x, y, z, t) =
Q

8 π
3
2 (KxKyKz)

1
2 ∆t

3
2

× exp

(
− (∆x− ux∆t)

2

4Kx∆t
− (∆y − uy∆t)

2

4Ky∆t

)

×
(
exp

(
− ∆z2

4Kz∆t

)
+ exp

(
− ∆z′2

4Kz∆t

))
,

où Kx, Ky et Kz sont les constantes de diffusion, avec ∆x = x − x0, ∆y = y − y0,

∆z = z − z0, ∆z
′ = z + z0 et ∆t = t − t0. Pour la simplicité, nous supposons que les

mesures sont toutes collectées au niveau du sol et que l’émission de gaz se produit aussi

à z0 = 0. Ainsi, la concentration mesurée à (x, y, 0) est-elle donnée par :

C(x, y, 0, t) =
Q

4 π
3
2 (KxKyKz)

1
2 ∆t

3
2

× exp

(
− (∆x− ux∆t)

2

4Kx∆t
− (∆y − uy∆t)

2

4Ky∆t

)
.

(A.19)

Notons que la vitesse du vent U pourrait être mesurée par un anémomètre ; elle est

donc considérée comme une constante connue [Christopoulos and Roumeliotis, 2005].

Les autres paramètres du modèle sont inconnus et doivent alors être estimés. Ayant des

concentrations de gaz mesurées sur une certaine zone en utilisant un RCSF, nous visons

à détecter l’émission de gaz dès qu’elle se produit. Ensuite, l’objectif est d’estimer la

position de la source (x0, y0, 0), la masse de gaz libéré Q, et les constantes de diffusion

Kx, Ky et Kz, avec Kx et Ky supposées égales [Kathirgamanathan et al., 2002].

A.5.2 Description de la méthode proposée

Comme nous l’avons déjà expliqué, la méthode proposée est constituée de deux phases :

une phase de détection et une phase d’estimation. Nous décrivons brièvement ces

deux phase dans cette sous-section. Plus d’explications sur la définition des modèles

nécessaires pour la détection et l’estimation sont données ultérieurement.

Soit N (z) le nombre de capteurs dans le cluster z, z ∈ {1, ..., Z}, et soit C(z)(t) le

vecteur de taille N (z) × 1, composé des concentrations recueillies par la tête de cluster
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z à un instant t. La première étape de la méthode proposée consiste à développer un

détecteur capable de déterminer si les concentrations sont normales ou non, à savoir,

si une émission de gaz a eu lieu ou non dans la région surveillée. Par conséquent,

l’objectif est de définir la limite de la classe des concentrations normales, dite classe

normale. Ainsi, toute concentration n’appartenant pas à cette classe sera considérée

comme anormale. Un classifieur mono-classe est en mesure d’effectuer cette tâche. Ce

classifieur peut être défini dans le cadre des méthodes à noyaux en utilisant par exemple

la technique de one-class support vector machines (one-class SVM) [Schölkopf et al.,

2001b] ou la technique de support vector data description (SVDD) [Tax and Duin,

2004]. Nous définissons à la sous-section suivante A.5.3 notre détecteur à l’aide de la

technique de SVDD.

Dès qu’une alerte est déclenchée dans un cluster z, nous procédons au traitement du

vecteur de concentrations C(z)(t) relevées par les capteurs du cluster considéré. Nous

groupons d’abord les clusters adjacents qui ont déclenché des alertes de façon à discerner

toutes les sources d’émission de gaz. La figure 6.3 illustre le groupement dans le cas de

six diffusions de gaz. Nous aurons ainsi plusieurs groupes de différentes tailles, chacun

couvrant une ou plusieurs émissions de gaz. Ensuite, afin de détecter les multiples

diffusions dans un même groupe, nous considérons les maximums locaux, conduisant

idéalement aux concentrations relevées par les capteurs les plus proches des sources

de gaz (pour illustration, voir la figure 6.4). Soit Ns le nombre de maximums locaux

détectés ; cela signifie que Ns sources ont émis du gaz à l’instant t, ou à des instants

différents, mais sont détectées et estimées simultanément. Seules les concentrations

recueillies autour des maximums locaux seront traitées ; en effet, les concentrations les

plus élevées sont recueillies par les capteurs autour de la source de la diffusion, et ces

mesures de concentrations sont les plus pertinentes pour l’estimation de paramètres. Se

référer à la Section 6.4 (page 136) pour les détails concernant le choix des concentrations

pertinentes et la définition de la zone locale délimitant ces concentrations. Soit c(s),

s ∈ {1, ..., Ns}, le vecteur des concentrations collectées autour de chaque maximum local

s (ainsi autour de la source s), aux alentours du temps de la détection. Notre premier

objectif est de définir un modèle d’estimation ψA qui prend en entrée le vecteur c(s) des

concentrations et donne en sortie le vecteur θ(s) constitué des paramètres de la source

s, notamment la masse de gaz libéré Q(s), la position de la source (x
(s)
0 , y

(s)
0 , z

(s)
0 ) et les

constantes de diffusions. Ensuite, notre second objectif est de définir un second modèle

ψB qui permet d’affiner l’estimation de la position de la source. Ces deux modèles sont

définis dans le cadre des méthodes à noyaux à la Sous-section A.5.4. Finalement, la

figure 6.2 illustre le schéma fonctionnel de la méthode proposée.
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A.5.3 Définition du détecteur

Dans cette sous-section, nous considérons la technique de SVDD pour définir le détecteur

qui permet d’identifier toute émission de gaz dans un cluster spécifique. Cette technique

consiste essentiellement à trouver la plus petite hypersphère possible qui englobe les

données normales de l’ensemble d’apprentissage, tout en permettant à certaines données

d’être exclues comme valeurs aberrantes. Les données se trouvant en dehors de cette

frontière de décision sphérique sont considérées comme anormales. Nous désignons par

φ : RN(z) → H la transformation de l’espace (des concentrations) R
N(z)

vers un espace

H et nous considérons un noyau reproduisant κ : RN(z) ×R
N(z) → R, avec H son espace

de Hilbert à noyau reproduisant.

Nous considérons les données d’apprentissage Ci, i ∈ {1, ..., Ndet}, Ndet étant la taille de

l’ensemble d’apprentissage correspondant à la phase de détection. La technique de SVDD

consiste à estimer l’hypersphère de rayon minimal R > 0 et de centre a qui englobe

toutes les données φ(Ci) dans l’espace transformé H. Les variables de relaxation (“slack

variables¨), ξi ≥ 0, permettent une meilleure description des données en autorisant

quelques erreurs de classification lors de l’apprentissage. Le centre a, le rayon R et les

valeurs des variables de relaxation sont obtenues en minimisant une fonction coût qui

permet d’atteindre un compromis entre le volume de l’hypersphère et la pénalité associée

aux données aberrantes. Notons que minimiser le volume de l’hypersphère est équivalent

à minimiser R2. Par conséquent, nous obtenons le problème d’optimisation suivant :

min
a,R,ξi

R2 +
1

νNdet

Ndet∑

i=1

ξi,

avec les contraintes suivantes :

‖φ(C i)− a‖2H ≤ R2 + ξi and ξi ≥ 0 ∀i = 1, ..., Ndet .

La quantité ν est un paramètre prédéfini qui assure un compromis entre le volume de

l’hypersphère et le nombre des données aberrantes. La solution de ce problème est

donnée à la Section 6.3, page 132.

Les capteurs mesurent les concentrations à des intervalles de temps réguliers notés T .

Ainsi, chaque T secondes, un nouveau vecteur de concentrations C(z)(td) est relevé de

chaque cluster z. Afin de déterminer si ce vecteur est normal ou non, il suffit d’évaluer

la distance du centre de l’hypersphère à φ(C(z)(td)), telle que :

‖φ(C(z)(td))− a‖2H.
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Le vecteur C(z)(td) est considéré normal si la distance calculée est inférieure au rayon,

telle que ‖φ(C(z)(td)) − a‖2H ≤ R2 ; sinon, le vecteur est anormal et une alerte est

déclenchée dans le cluster considéré. Finalement, il est important de noter que le

problème d’optimization dans le cas de la technique de SVDD est essentiellement simi-

laire à celui de la technique de one-class SVM. Par ailleurs, ils sont équivalents quand

le noyau gaussien est utilisé.

A.5.4 Définition des modèles d’estimation

Dans cette sous-section, nous définissons les deux modèles qui permettent d’estimer les

paramètres de la source s à partir du vecteur de concentrations c(s) relevées par les

V capteurs autour de cette source. Ainsi, le vecteur c(s) est de taille V × 1. Tout

d’abord, nous définissons un premier modèle noté ψA : R
V → R

5, qui associe au vecteur

de concentration c(s) les paramètres θ(s) de la source, notamment la quantité du gaz

libéré Q(s), la position de la source (x
(s)
0 , y

(s)
0 , 0) et les constantes de diffusion. Ensuite,

nous définissons un second modèle ψB : RV+3 → R
2 qui permet d’affiner la position de

la source, en utilisant les autres paramètres estimés et le vecteur de concentration c(s).

Nous utilisons pour les deux modèles la technique de kernel ridge regression.

Pour la définition du modèle ψA, nous considérons un ensemble d’apprentissage (cℓ,θℓ),

ℓ ∈ {1, . . . , Nreg}, où Nreg est la taille de cet ensemble et θℓ = (Qℓ Kx Kz x0ℓ y0ℓ).

Le vecteur est constitué des concentrations mesurées par V capteurs uniformément dis-

tribués sur une grille de même taille que celle de la zone locale introduite à la sous-section

précédente. Ces concentrations sont mesurées aux alentours d’une émission de gaz de

paramètres θℓ. Le modèle ψA est ensuite donné par :

ψA(·) =
Nreg∑

ℓ=1

βℓ,∗ κA(Cℓ, ·),

où κA : R
V ×R

V → R est un noyau reproduisant et βℓ,∗ est la ℓ-ème ligne de la matrice

β, telle que :

β = (KA + ηANregI)
−1Θ,

I étant la matrice identité de taille Nreg ×Nreg, KA étant la matrice de Gram de taille

Nreg ×Nreg associée au noyau κA et Θ = (θ⊤1 . . . θ
⊤
Nreg

)⊤. Finalement, le paramètre ηA

est un paramètre de régularisation.

Ensuite, pour définir le modèle ψB, nous considérons un ensemble d’entrées

d’apprentissage W ℓ = (c⊤ℓ Qℓ Kx Kz)
⊤ et de sorties d’apprentissage (x0ℓ y0ℓ),

ℓ ∈ {1, . . . , Nreg}. En utilisant la technique de kernel ridge regression, le modèle ψB est
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défini par :

ψB(·) =
Nreg∑

ℓ=1

γℓ,∗ κB(W ℓ, ·),

où κB : RV+3 × R
V+3 → R est un noyau reproduisant et γℓ,∗ est la ℓ-ème ligne de la

matrice γ, telle que :

γ = (KB + ηBNregI)
−1(x0 y0),

où x0 et y0 désignent les vecteurs de taille Nreg× 1 dont les ℓ-ème éléments sont donnés

respectivement par x0ℓ et y0ℓ. La matriceKB est la matrice de Gram de taille Nreg×Nreg

associée au noyau κB et le paramètre ηB est un paramètre de régularisation.

Pour résumer, ayant détecté un maximum local et relevé le vecteur des concentrations

associé c(s), nous obtenons une première estimation des paramètres de la source s à

l’aide du modèle ψA, telle que (Q̂ K̂x K̂z x̂0 ŷ0) = ψA(c
(s)). Ensuite, afin d’affiner

l’estimation de la position de la source, nous utilisons le modèle ψB, avec en entrée le

vecteur W = (c(s)
⊤

Q̂ K̂x K̂z)
⊤
. La nouvelle position améliorée de la source sera

donnée par (x̂0enh ŷ0enh) = ψB(W ).

A.5.5 Analyse et simulations

Dans cette sous-section, nous évaluons la performance de la méthode de détection et

d’estimation proposée pour différents scénarios. Nous considérons une région de dimen-

sions 5000 m × 5000 m. Les capteurs sont uniformément déployés sur une grille dans

la zone à raison d’un capteur tous les cinq mètres. La région est divisée en Z =25

clusters de même taille, ayant ainsi la même densité de capteurs. La figure 6.5 illustre

la topologie de la région. Les concentrations mesurées par les capteurs sont générées à

l’aide du modèle de diffusion donné par (A.19). Les constantes de diffusion sont prises

telles que Kz =0.211 m2/s, tandis que Ky = Kz =12 m2/s. Quant à la vitesse moyenne

du vent U , elle est égale à (1,8; 0; 0) m/s. Enfin, le temps d’échantillonnage T est égal à

1 s. Notons que nous utilisons un noyau gaussien pour nos deux modèles de détection et

d’estimation. La définition des paramètres est expliquée en détails à la page 143. Dans

ce qui suit, nous évaluons d’abord la robustesse de la méthode proposée face au bruit.

Nous étudions ensuite l’effet de la variation du nombre de clusters Z et de la densité

des capteurs sur la performance de notre méthode. Finalement, nous comparons notre

méthode à celle proposée par Kathirgamanathan et al. [2002].

Nous simulons d’abord la cas d’une source unique d’émission de gaz, telle que x0 ∈
[0; 5000] m, y0 ∈ [0; 5000] m et Q ∈ [5; 1000] kg. La phase de test se déroule sur un

intervalle 10 s où les concentrations sont mesurées chaque T = 1 s. L’émission de

gaz a lieu à n’importe quel instant pendant cet intervalle. Un bruit relatif variant de
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1% à 5% est ajouté aux vecteurs de concentrations simulées, afin de tenir compte des

dégradations de la transmission ou des imprécisions des capteurs. Le tableau 6.2 montre

les pourcentages d’erreurs sur les paramètres estimés de la source moyennés sur 50

simulations Monte-Carlo. Les résultats montrent que la méthode est précise et robuste

face au bruit. De plus, nous pouvons voir l’amélioration de l’estimée de la position de la

source après l’utilisation du second modèle. Ensuite, nous considérons le cas de quatre

émissions de gaz, ayant différents paramètres donnés au tableau 6.6. Nous considérons

un bruit relatif de 5% et la phase de test s’étend aussi sur 10 s. Le tableau 6.7 montre

les pourcentages d’erreurs obtenus. Nous pouvons voir que les estimations sont bien

précises ; ainsi, la méthode peut bien être utilisées dans le cas de sources multiples.

Dans ce paragraphe, nous étudions l’impact du nombre de clusters Z et de la densité

des capteurs. Pour cela, nous faisons d’abord varier le nombre de clusters, tel que

Z = 32, 42, . . . , 72, et nous considérons un nombre fixe de capteurs (1 capteur tous les

cinq mètres). Le tableau 6.3 montre que plus le nombre de clusters est élevé, plus le

traitement des données pour la détection est rapide. Nous remarquons aussi que la

variation de Z n’affecte que les temps d’apprentissage et de test pour la détection, mais

n’a aucun effet sur l’estimation puisque celle-ci est indépendante de Z. Notons que nous

avons un pourcentage de détection de 100% pour les différentes valeurs considérées de

Z. Nous fixons maintenant le nombre de clusters et faisons varier le nombre de capteurs

N (et donc la densité des capteurs). Le tableau 6.4 montre les temps d’apprentissage et

de test pour les différentes densités considérées. Nous remarquons que la complexité de

calcul diminue avec la diminution de la densité. Quant à la précision de la méthode, elle

diminue aussi avec la diminution du nombre de capteurs, comme le montre le tableau

6.5. Malgré cela, les résultats sont toujours satisfaisants. Nous notons toutefois que

pour le cas d’un capteur tous les vingt mètres, la méthode n’est plus stable puisque les

capteurs ne sont plus en mesure de bien couvrir la région.

Finalement, nous terminons cette sous-section par une comparaison de notre méthode

à celle proposée par Kathirgamanathan et al. [2002] pour différentes intensités du bruit

allant de 1% à 5%. Nous considérons une zone de 5500 m × 5500 m environ et les

mêmes paramètres utilisés dans [Kathirgamanathan et al., 2002]. Le tableau 6.8 montre

les pourcentages d’erreurs pour les deux méthodes ; nous pouvons voir que notre méthode

est la plus performante. De plus, notre méthode est plus robuste face à l’addition du

bruit.
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A.5.6 Conclusion

Nous avons introduit dans cette section une nouvelle méthode pour la détection et

l’estimation des paramètres de sources multiples dans un RCSF. Les deux phases de la

méthode sont définies dans le cadre des méthodes à noyaux. Les simulations ont montré

que la méthode donne des estimations précises et qu’elle est robuste face à l’addition

du bruit. Les travaux futurs porteront de nouvelles améliorations à cette méthode, de

manière à inclure les cas où les constantes de diffusion ou la vitesse du vent ne seront

plus fixes.

A.6 Conclusions et perspectives

Cette thèse a abordé plusieurs problèmes dans les réseaux de capteurs sans fil. Tout

d’abord, nous avons proposé des méthodes de localisation et de suivi de cibles. Ensuite,

nous avons proposé une méthode de surveillance pour la détection et l’estimation de

sources multiples de diffusions de gaz dans un RCSF. Cette section résume les contribu-

tions majeures de cette thèse et propose quelques perspectives futures de recherche.

A.6.1 Contributions principales

Dans la Section A.2, nous avons introduit dans le cadre des méthodes à noyaux un modèle

original pour la localisation dans les RCSF utilisant la technique de fingerprinting. Ce

modèle a permis d’estimer la position d’un nœud mobile en utilisant les puissances des

signaux échangés (RSSI) entre ce nœud et les capteurs fixes dans le réseau. Plusieurs

techniques d’apprentissage par méthodes à noyaux ont été étudiées pour la définition

de ce modèle. La méthode centralisée ainsi que son extension en version hybride ont

donné des estimations précises de la position du nœud dans le cas de bruit additif

modéré sur les RSSIs. Afin d’améliorer les performances de la méthode lorsque le bruit

sur les RSSIs est élevé, nous avons proposé à la Section A.3 de combiner les positions

estimées aux données d’inertie (si disponibles) du nœud mobile, à savoir, de la cible. La

combinaison a été effectuée à l’aide d’un filtre de Kalman et les résultats ont montré

qu’elle a permis l’obtention d’estimations plus précises. La principale contrainte de cette

méthode proposée a été que les capteurs doivent rester fixes aux mêmes endroits au cours

du processus de suivi, ce qui peut être contraignant pour certaines applications.

Afin de surmonter le problème de stationnarité des capteurs, nous avons proposé

d’utiliser les distances séparant la cible de ces capteurs pour le processus de suivi. De

cette façon, il était seulement nécessaire de connâıtre les positions des capteurs, et ils
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étaient ainsi libres de se déplacer dans le réseau. Ainsi, dans la Section A.4, nous avons

proposé deux nouveaux modèles de distance, de sorte que, compte tenu des mesures

RSSIs des signaux échangés entre les capteurs, les modèles permettent d’estimer avec

précision les distances séparant ces capteurs. Nous avons ensuite proposé deux nouvelles

méthodes de suivi de cibles qui combinent les distances estimées aux données inertielles

de la cible, en utilisant soit le filtre de Kalman soit le filtre particulaire.

Finalement, nous avons proposé à la Section A.5 une nouvelle méthode clusterisée pour

surveiller les diffusions de gaz dans les RCSF. Cette méthode consiste à détecter et

à estimer les paramètres des sources de gaz, en utilisant les mesures de concentration

collectées à partir de la région étudiée. La phase de détection et d’estimation ont toutes

les deux été définies dans le cadre des méthodes à noyaux. En effet, afin de détecter

toute anomalie dans la région, nous avons défini un détecteur en utilisant les techniques

de classification mono-classe. Ensuite, nous avons défini deux modèles qui estiment les

paramètres d’une diffusion de source. Le procédé s’est révélé être précis dans le cas

d’une source unique, ainsi que dans le cas de plusieurs sources.

A.6.2 Perspectives

Cette thèse a fourni plusieurs solutions importantes pour la localisation et le suivi de

cibles, ainsi que pour la surveillance de la diffusion de gaz à base de réseaux de capteurs

sans fil. Dans le cadre de futures recherches, nous tenons à étudier les aspects suivants

concernant l’amélioration des méthodes proposées.� Choix des RSSIs

Les méthodes proposées de localisation et de suivi étaient toutes basées sur

l’hypothèse que tous les capteurs sont capables de communiquer et d’échanger

des signaux avec la cible. Cependant, en réalité, certains capteurs ne sont peut-

être pas dans la portée de communication de la cible, conduisant à un manque de

données de puissances. Il est alors important d’adapter les méthodes proposées à

de tels cas, en remplaçant par exemple les informations non disponibles par une

valeur prédéfinie. D’autre part, nous ne devons pas nécessairement traiter toutes

les informations RSSI disponibles. Par exemple, nous pouvons sélectionner de

façon dynamique les capteurs devant être inclus dans le processus d’estimation en

se basant sur un seuil prédéfini de puissances.� Amélioration des modèles de distance

Dans la définition des modèles de distance proposés et des modèles connus, tels que

le modèle de propagation logarithmique et les modèles polynomiaux, les antennes
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des capteurs sont supposés être isotropes. Elles sont supposées émettre de façon

uniforme dans toutes les directions ; cependant, une communication uniforme sur

toutes les directions n’est pas toujours possible. Une solution à ce problème serait

d’intégrer des informations d’orientation dans le modèle, conduisant alors à une

carte plus représentative des communications du réseau.� Amélioration de la méthode de surveillance

Par rapport à l’approche proposée pour la détection et l’estimation des sources de

diffusions de gaz, les travaux futurs porteront de nouvelles améliorations visant

à inclure les cas où les constantes de diffusion et la vitesse du vent ne seront

plus constantes. Nous allons également étudier la possibilité de l’utilisation de

l’apprentissage par transfert, qui s’est révélé être utile dans les cas où les données

d’apprentissage ne sont pas suffisantes.� Définition automatique des clusters

Dans la méthode de localisation clusterisée, ainsi que l’approche de surveillance

clusterisée, les clusters ont été définis comme rectangulaires et de tailles égales. Les

travaux futurs comprendront des études relatives à la définition des clusters, et un

algorithme permettant une définition automatique des clusters sera développé.
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Méthodes à noyaux pour le suivi de 
cibles et la surveillance de l'environne-
ment dans les réseaux de capteurs 
 
 
Cette thèse porte sur les problèmes de localisation 
et de surveillance de champ de gaz à l'aide de ré-
seaux de capteurs sans fil. Nous nous intéressons 
d'abord à la géolocalisation des capteurs et au suivi 
de cibles. Nous proposons ainsi une approche ex-
ploitant la puissance des signaux échangés entre les 
capteurs et appliquant les méthodes à noyaux avec 
la technique de fingerprinting. Nous élaborons en-
suite une méthode de suivi de cibles, en se basant 
sur l'approche de localisation proposée. Cette mé-
thode permet d'améliorer la position estimée de la 
cible en tenant compte de ses accélérations, et cela 
à l'aide du filtre de Kalman. Nous proposons égale-
ment un modèle semi-paramétrique estimant les 
distances inter-capteurs en se basant sur les puis-
sances des signaux échangés entre ces capteurs. Ce 
modèle est une combinaison du modèle physique de 
propagation avec un terme non linéaire estimé par 
les méthodes à noyaux. Les données d'accélérations 
sont également utilisées ici avec les distances, pour 
localiser la cible, en s'appuyant sur un filtrage de 
Kalman et un filtrage particulaire. Dans un autre 
contexte, nous proposons une méthode pour la sur-
veillance de la diffusion d'un gaz dans une zone 
d'intérêt, basée sur l'apprentissage par noyaux. 
Cette méthode permet de détecter la diffusion d'un 
gaz en utilisant des concentrations relevées réguliè-
rement par des capteurs déployés dans la zone. Les 
concentrations mesurées sont ensuite traitées pour 
estimer les paramètres de la source de gaz, notam-
ment sa position et la quantité du gaz libéré. 
 
 
Mots clés : réseaux de capteurs  (technologie) - 
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(statistique)  -  traitement  du  signal  -   Kalman, 
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This thesis focuses on the problems of localization 
and gas field monitoring using wireless sensor net-
works. First, we focus on the geolocalization of 
sensors and target tracking. Using the powers of the 
signals exchanged between sensors, we propose a 
localization method combining radio-location fin-
gerprinting and kernel methods from statistical 
machine learning. Based on this localization method, 
we develop a target tracking method that enhances 
the estimated position of the target by combining it 
to acceleration information using the Kalman filter. 
We also provide a semi-parametric model that esti-
mates the distances separating sensors based on 
the powers of the signals exchanged between them. 
This semi-parametric model is a combination of the 
well-known log-distance propagation model with a 
non-linear fluctuation term estimated within the 
framework of kernel methods. The target's position 
is estimated by incorporating acceleration infor-
mation to the distances separating the target from 
the sensors, using either the Kalman filter or the 
particle filter. In another context, we study gas dif-
fusions in wireless sensor networks, using also 
machine learning. We propose a method that allows 
the detection of multiple gas diffusions based on 
concentration measures regularly collected from the 
studied region. The method estimates then the pa-
rameters of the multiple gas sources, including the 
sources' locations and their release rates. 
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