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Abstract

This thesis addresses the challenges in reliability monitoring of GNSS aided navigation

for land vehicle applications in urban environments. The main objective of this research

is to develop methods of trusted positioning using GNSS measurements and confidence

measures for the user in constrained urban environments. In the first part of the thesis,

the NLOS errors in urban settings are characterized by means of a 3D model of the ur-

ban surrounding. In an environment with limited number of visible satellites, excluding

degraded signals could result in not having enough number of acceptable measurements

for a position fix or adversely affect the satellites geometry. Using a GNSS simulator

together with the 3D model, NLOS signals are identified and their biases are predicted.

From this prediction, NLOS signals are corrected and used to improve the accuracy

and integrity of the estimated positions. For the second part of the thesis, the work

proposes a reliability monitoring technique in the range domain for urban environment

using a trusted velocity sensor. The approach takes on pseudorange (PR) prediction

using hybridization with other sensors. Single odometer and a gyro are used to obtain

a reference position for reliability checking of GNSS pseudorange. By using the hybrid

approach, residuals are generated and test statistic are calculated, and tested against a

threshold. A few forms of residuals were derived based on several observables, namely

the PR, the range rate and the velocity. Finally, the research developed a novel exper-

imental scheme in integrity monitoring for positioning in urban environment. Working

directly in the position domain, Horizontal Position Errors (HPE) are characterized us-

ing generalized Pareto Distribution. Then, a test statistic is derived based on position

residuals which CDF are mapped or inflated to match the characterized overbounding

position error CDF. By monitoring the test statistic against a specific threshold, the

positioning integrity and continuity are met at a certain level of confidence. In addition,

the Horizontal Protection Level (HPL) computation using a composite approach has

also been analysed.
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satellites non-défectueux . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

12 Comparaison d’erreur de position après l’exclusion de défaut (a)filtre hy-
bride avec exclusion (b)GPS seulement . . . . . . . . . . . . . . . . . . . . 26

13 Comparaison d’erreur de position après correction de défaut (a)filtre hy-
bride avec correction (b)GPS seulement . . . . . . . . . . . . . . . . . . . 27

14 Comparaison du résidu de vitesse (bleu) contre l’erreur de position 2D
(rouge) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

15 Erreur de position après correction de défaut en utilisant le résidu de taux
de la distance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

16 PDF et CDF d’HPE dans la zone degagée . . . . . . . . . . . . . . . . . . 30

17 Comparaison des PDF en milieu urbain . . . . . . . . . . . . . . . . . . . 31

18 CDF en milieu urbain . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

19 La majoration de l’HPE par GPD . . . . . . . . . . . . . . . . . . . . . . 33
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RÉSUMÉ DES TRAVAUX EN FRANÇAIS

Introduction

Les services des systèmes globaux de positionnement par satellite (GNSS) pour les ap-

plications terrestres sont devenus très utiles et populaires que son marché devrait crôıtre

encore d’une façon exponentielle les années à venir. Les applications terrestres actuelles

avec de nombreuse services potentielles couvrent une large gamme d’applications telles

que le tarification basée sur la localisation, ”pay-as-you-drive” (PAYD), la tarification

routière, le suivi de voiture spécifique (les courses, les assurances, les criminels, etc.)

et rapports de géolocalisation. En outre, les applications pour le système d’assistance

au conducteur (ADAS) comme le suivi de la voie, l’évitement de collision etc. font

également l’utilisation du système de positionnement par GNSS.

Dans ces applications terrestres, le récepteur GNSS est généralement un sous-système

qui permet de calculer la position, la vitesse et l’heure (PVT) qui seront utilisées comme

entrées ultérieures par le module suivant dans le système global de l’application. En

fait, le GNSS n’est pas la seule technologie incluse dans le module de positionnement

lorsque une solution hybride est mis en œuvre. Dans ce cas, la technologie GNSS est

complétée par d’autres capteurs, par exemple inertiel ou odométrie, afin d’améliorer les

performances de la solution PVT. En raison de ces dispositions, il est nécessaire de choisir

un type de récepteur approprié et de connâıtre ses performances minimales de sorte que

l’exigence des applications finales au niveau de l’utilisateur sera atteinte. A cet effet, la

caractérisation de l’erreur de positionnement est nécessaire pour fournir à l’utilisateur

final, avec le niveau de confiance requis par son application, une solution GNSS qui

respecte les exigences techniques. Comme un bon nombre des services impliquent des

engagements financiers, juridiques et potentiellement des répercussions de sécurité de la

vie, ces applications doivent se conformer avec les exigences de sécurité et de fiabilité.

1
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De nombreux facteurs affectent la performance finale d’un récepteur GNSS. Certains

d’entre eux sont liés à la qualité intrinsèque du récepteur et de son antenne (sensibilité,

la qualité du traitement du signal, la résilience aux interférences et de brouillage, etc.),

tandis que certains sont liés aux couches atmosphériques travercées par les signaux GNSS

et enfin certains sont lié à l’environnement de réception du récepteur. L’environnement

de réception locale (masquage, multi-trajets, diffraction, etc.), y compris la dynamique

des objets mobiles a des effets décisifs sur la qualité du signal résultants de la dégradation

subie ce qui implique une dégradation des performances de positionnement du récepteur.

En effet, avec l’émergence et l’innovation de nouvelles applications terrestres, la plupart

des exigences et des défis sur leurs performances proviennent des milieux urbains où

les besoins de traitement des signaux reçus sont beaucoup plus complexes que dans les

environnements à ciel ouvert.

Une localisation fiable par GNSS est difficile à atteindre dans les zones urbaines denses

parce que dans ces environnements les signaux satellites sont souvent masqués ou réfléchis

par les bâtiments et les objets environnants le récepteur, qui faussent les mesures et bi-

aisent la position calculée. Les signaux réfractés et réfléchis reçus avec le signal direct

peut entrâıner des erreurs de positionnement de dix mètres d’ordre, et des centaines de

mètres d’erreur de positionnement peuvent être présents quand les signaux reçus en la

configuration non-line-of-sight (NLOS). Comme ces problèmes empêchent ou ralentis-

sent l’adoption du GNSS dans les applications qui nécessitent une haute disponibilité de

service ou un bon niveau de confiance dans l’information PVT pour une utilisation dans

des environnements urbains, des solutions efficaces et opportunes sont très recherchées.

Pour toutes ces raisons, nous avons choisi de travailler sur le contrôle de la fiabilité

du positionnement GNSS pour les applications de véhicules terrestres dans les milieux

urbains.

Positionnement par satellite

Un récepteur GNSS calcule la pseudo-distance (PR) à partir d’un satellite sur la base

de l’estimation du temps de propagation du signal de satellite multiplié par la vitesse

de la lumière. Dans la pratique, les récepteurs GNSS ne sont pas synchronisés avec le

temps GNSS. Par conséquent, la PR est basée sur la durée de transition du signal et de

la différence de temps entre l’horloge du récepteur et celle du satellite.
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Les mesures de PR réelles sont également affectés par diverses erreurs de propagation

et du système et d’environnement. En tenant compte de ces bruits et des erreurs, la PR

peut être représentée par l’équation [3] suivante:

ρi = di + c.dtr − c.dts + Ii + Ti + εi (1)

où

• di est la distance en ligne droite entre le récepteur et le satellite

• c.dti est le décalage de l’horloge du satellite

• c.dtr est le décalage de l’horloge du récepteur

• Ii est le retard ionosphérique

• Ti est le retard troposphérique

• εi représente le bruit du récepteur, les multi-trajets et NLOS

En milieu urbain, l’erreur dans εi est dominé par les multi-trajets et NLOS qui dépendent

de l’environnement local et qui sont de caractère non-gaussien, non stationnaire et peu-

vent être temporellement corrélés. Par conséquent, les biais multi-trajets et NLOS sont

très difficiles à estimer et en effet font un sujet ciblé dans cette thèse.

Une fois les PR sont mesurées, on obtient un ensemble d’équations non linéaires à

quatre inconnues, appelé l’équation de navigation. Dans un système de coordonnées

cartésiennes,

ρi = di + c.dtr (2)

où

di =
√

(xi − x)2 + (yi − y)2 + (zi − z)2 (3)

Au moins quatre mesures de PR sont nécessaires pour estimer les 4 inconnues (x, y, z

et dtr). Les positions des satellites sont calculées en utilisant les paramètres de Kepler

démodulés obtenus à partir d’un message de navigation par satellite. La position est

calculée et ensuite transformée en un système de coordonnées en longitude, latitude et

altitude ellipsöıdale. Le système le plus couramment utilisé est de coordonnées WGS84
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(World Geodetic System 1984) [4]. Le modèle de mesures standard liant les measures

PR, données dans le vecteur Z, du vecteur d’état à estimer, X, est donné par:

Z = HX + ε (4)

En utilisant les mesures de PR, plusieurs algorithmes différents peuvent être utilisés pour

calculer diverses solutions, par exemple; position, biais d’horloge, la vitesse, le temps

et l’accélération. Les algorithmes de navigation les plus couramment utilisés sont les

moindres carrés pondérés et le filtre de Kalman. Outre les mesures de PR, la solution

de navigation peut également exploiter d’autres mesures GNSS comme des mesures de

l’effet Doppler (DR) ou des mesures de la phase des porteuses (CP) pour lisser la solution

dans le domaine de mesures ou dans le domaine de la position. Les méthodes de lissage

existantes utilisent les CP et DR pour profiter de la caractéristique de haute précision

de la CP et de la DR, afin d’améliorer la précision de la PVT [5, 6].

Contrôle de l’intégrité

Dans le domain de l’aviation civile, le contrôle de l’intégrité est souvent accompli par les

techniques de contrôle autonome de l’intégrité par le récepteur (RAIM) qui utilisent les

algorithmes de détection et d’exclusion des défauts (FDE) pour rejeter les valeurs aber-

rantes à partir des données mesurées et aussi par les systèmes d’augmentation comme

l’augmentation basée sur des systèmes sol (GBAS) et l’augmentation basée sur des

satellites (SBAS) qui transmettent des informations d’intégrité aux avions pour cal-

culer le niveau de protection (PL) associée à un risque d’intégrité. Ces techniques sont

conçues pour les applications aéronautiques dans un contexte avec assez de redondance

des données, des normes de performance matures pour chaque phase de la navigation

sont disponibles, les erreurs de mesure et de position sont modélisées par une distribution

gaussienne et un seul défaut est attendu à un instant du traitement.

Les algorithmes d’intégrité de positionnement et de surveillance de la fiabilité sont

généralement basés sur l’inférence statistique et des tests d’hypothèses. Vu que l’erreur

réelle de la position ne peut pas être connue ou mesurée en temps réel, RAIM calcule

un paramètre scalaire mesurable qui fournit des informations sur les erreurs de mesure

de pseudo-distance (qui peut être lié à l’erreur de position). Ce paramètre mesurable
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est appelée statistique de test. C’est une variable aléatoire de distribution connue. Par

exemple, dans Least Square RAIM, la statistique de test est calculée à partir de résidus

de pseudodistance (PR), qui sont la différence entre le PR mesuré et le PR dérivé de

la solution de navigation estimée. Dans RAIM, la détection de défaut est obtenue en

comparant une statistique de test contre un seuil de détection. Pour la mise en œuvre

en milieu urbain, la statistique de test doit être formulée pour détecter les erreurs dans

les mesures aberrantes comme provenant de NLOS et des effets multi-trajets. La diffi-

culté est de pouvoir caractériser la statistique de test dans ce type d’environnement non

gaussiens.

Dans l’approche SBAS, chaque fois que le PL surveillée est inférieure à la limite d’alerte

(AL), le positionnement est considéré comme étant dans la condition d’intégrité. Cepen-

dant, pour les applications terrestres en particulier en milieu urbain, l’adaptation directe

ou simple de contrôle de l’intégrité de l’approche de l’aviation civile n’est pas possible en

raison des caractéristiques de dégradation du signal. En raison de circonstances posées

par les milieux urbains, les approches développées pour les environnements à ciel ouvert

ne sont pas efficaces pour assurer la fiabilité de positionnement dans des environnements

restreints. Le principal défi dans ces environnements difficiles en milieu urbain est la

difficulté d’avoir un modèle fiable des mesures reçues, l’outil de base pour la plupart des

méthodes d’analyse des performances et d’intégrité, comme dans le cas des applications

de l’aviation civile.

Contributions Scientifiques de la Thèse

NLOS: caractérisation en milieu urbain à l’aide d’un modèle 3D

Dans la première partie de la thése, les erreurs NLOS en milieu urbain sont caractérisées

par un modèle 3D de l’environnement urbain. Dans un environnement avec un nombre

limité de satellites visibles, l’exclusion des signaux dégradés pourrait entrâıner ne pas

avoir assez de mesures acceptables pour une solution de position ou nuire à la géométrie

des satellites. En utilisant un simulateur GNSS avec le modèle 3D, les signaux NLOS

sont identifiés et leurs biais sont estimés. Grâce à cette prédiction, les signaux NLOS

sont corrigés et utilisés pour améliorer l’exactitude et l’intégrité des positions estimées.
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A cet effet, ce travail combine le modèle de variance sigma-ε avec un saut de moyenne

(biais NLOS) pour modéliser les erreurs de pseudodistances. Tout d’abord, un modèle

3D de l’environnement est utilisé pour détecter l’état de réception NLOS et de prédire

le biais NLOS liées au phénomène de retard excès. Pour un positionnement fiable, un

ajustement de la variance des PR en LOS basé sur les valeurs du C/No est mis en œuvre.

En outre, le biais est soustrait des NLOS PR lors de l’étape de trilatération du calcul de

la position. Les biaises NLOS ont été obtenus à priori pour chaque satellite en mesurant

la différence entre les PR mesurées et les PR référencées lorsque l’état de réception est

déterminé en situation NLOS par le modèle 3D. La performance du système proposé est

évaluée à l’aide des données réelles et comparée à un filtre de Kalman standard sans les

informations aidant du simulateur 3D.

Prédiction des conditions des signaux GNSS via un modèle 3D

Dans ce travail, le logiciel SE-NAV [7] est utilisé pour prédire la réception du signal des

systèmes GNSS comme le GPS dans des scènes virtuelles 3D de zones urbaines connues.

La propagation de signaux est basée sur un algorithme de traçage de rayon qui calcule

les effets de masquage et de multi-trajets. SE-NAV utilise l’optique géométrique pour

calculer les rayons réfléchis, diffractés et transmis. Basé sur ces multiples rayons qui

atteignent le récepteur, l’état de réception LOS ou NLOS d’un satellite est fourni. Afin

de caractériser les biais a priori, la position des satellites et le récepteur doivent être

connus. Les positions des satellites sont calculées sur la base des données d’éphémérides

alors que les positions le long de la trajectoire sont obtenues à partir du récepteur.

Nous précisons que le modèle 3D représente seulement une approximation de la réalité de

la propagation et que la reconstruction parfaite des signaux réels reçus reste très difficile.

Tout d’abord, il existe une variabilité non quantifié de la vie réelle de l’environnement qui

entoure le récepteur par rapport à la représentation virtuelle de l’environnement statique

de réception. Par exemple, il y a des objets non-permanents tels que les véhicules et les

personnes qui peuvent affecter la propagation du signal, mais ne sont pas inclus dans

le modèle 3D. Au fil du temps, même le feuillage de la végétation change et ainsi les

attributs de surface du bâtiment. En fait, pour acquérir la modélisation de la précision

des structures et des matériaux de construction en termes de leurs effets sur les signaux

GNSS est en soi une tâche difficile.
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La complexité de la propagation du signal électromagnétique pose encore une autre con-

trainte sur le modèle 3D. Les modèles déterministes basés sur l’optique géométrique (GO)

et la théorie uniforme de la diffraction (UTD) exigent des informations géométrique et

morphologique détaillée sur l’environnement de propagation. Dans les scénarios urbains,

la propagation des rayons est affectée par de multiples interactions avec les diffuseurs.

Chaque fois qu’un rayon est modélisée avec une réflexion ou diffraction, il y a une erreur

associée à la prédiction du modèle en raison de la représentation inexacte de propriétés

du matériau ou les dimensions des objets dans l’environnement. Pour les rayons qui

sont modélisés par de multiples réflexions, ces erreurs ont tendance à s’accumuler, ce qui

rend les prédictions du modèle encore moins précis. En outre, l’effet de l’antenne réelle

et le modèle du récepteur sur le signal reçu, le plus souvent, sont indisponibles pour être

inclus dans le modèle 3D. Tout cela introduit des erreurs dans la prédiction de la PR

par un modèle 3D.

Pour toutes les raisons ci-dessus, dans le travail de [8], les auteurs ont étudié la validité

de l’aide d’un modèle de simulation 3D GNSS, en particulier la capacité de SE-NAV de

prédire les biais des mesures de PR. De la comparaison entre les biais de la PR mesurée

à l’aide de la position de référence et les biais prédites en utilisant le modèle SE-NAV

3D, l’étude a conclut que les erreurs de PR simulées sont tout à fait compatibles avec

les veritables erreurs avec une correspondance qui peut atteindre 80% pour certains

recépteurs.

En dehors de prédire l’état de réception, le modèle 3D est également utilisé pour prédire

le biais statistique NLOS, qui peut être utilisé pour la correction de la PR. Dans ce cas,

la différence entre la valeur du biais simulé et du biais NLOS mesuré affectera la qualité

de la position finale calculée. Le biais NLOS mesuré est calculé à partir de la différence

entre la PR mesurée et la PR réfrencée lorsque l’état de réception est dèterminé en NLOS

par SE-NAV. Le biais NLOS prédit est obtenu à partir du retard de trajet du signal

calculé par SE-NAV en utilisant les estimations de position calculées par le récepteur

lorsque l’état de réception est déterminé en NLOS par SE-NAV.

Chaque fois qu’il y a de nombreuses composantes réfléchies d’un signal, SE-NAV fournit

les retards des trajets multiples. Dans le cas d’un signal LOS, la valeur du retard de la

composante directe du signal est fourni en 0. Dans le cas d’une réception NLOS, toutes

les composantes du signal devraient arriver en retard puisqu’il n’y a aucune composante
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Figure 1: Distributions d’erreur de PR en milieu urbain (le Capitole, Toulouse)
obtenues à partir d’un même satellite dans diverses périodes de 40 secondes

directe du signal. Dans ce travail, quand il y a plus d’un trajet réfléchi dans le cas NLOS,

une hypothèse optimiste est choisie au moment de décider de la valeur du biais prévu à

la réception NLOS. Il est supposé que le récepteur va acquérir la composante non-direct

avec le plus court délais, car il est fort probable que la composante qui correspond au

plus court délai aura la plus grande puissance, à savoir la moins atténuée quand elle

arrive sur le récepteur et donc celle qui affecte plus le traitement de récepteur.

L’approche proposée pour le positionnement avec des signaux NLOS

Au cours d’une fenêtre d’observation relativement longue, l’erreur de mesure NLOS

peut être modèlisée par une distribution non gaussienne et peut être approximée par un

mélange de distributions gaussiennes [9]. Cependant, pour une courte fenêtre d’observation,

l’approche la plus courante consiste à modéliser l’erreur de pseudodistances par une dis-

tribution gaussienne avec une moyenne non-nulle et une variance adaptive [10], comme

illustré dans la figure 4.5. Ici, les distributions d’erreur du même satellite sont présentées

sur différentes 40 secondes fenêtres où on peut observer les variations de la moyenne et

de la variance. Dans le cas NLOS, la présence de signaux réfléchis introduit seulement

un saut sur la valeur moyenne en raison de la distance supplémentaire. Dans le cas d’un
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trajet LOS dégradé, une variation supplémentaire est présentée comme une augmenta-

tion de l’incertitude sur le trajet direct. En conséquence, ces effets du bruit du signal

LOS dégradé et le biais NLOS sur l’erreur des mesures de PR sont modélisés séparément.

Pour le cas de la réception en LOS avec un multitrajet dégradé, la mise en œuvre

du modèle de la variance basée sur le rapport signal-sur-bruit, dit SIGMA-ε, per-

mettrait d’améliorer la précision de positionnement dans l’environnement urbain [11,

12]. La matrice de covariance de l’observation peut être réalisé sous la forme R =

diag(σ2
1, σ

2
2, . . . , σ

2
k) où

σ2
k = a+ b.10

−C/No
10 (5)

et σ2
k est la variance de la keme observation. Les constantes a et b sont déterminés en

fonction de l’environnement et de l’équipement de l’utilisateur, qui peut être calculées

à priori hors ligne à l’aide des erreurs de mesures des PR et leur C/No sur une certaine

époque.

Pour chaque satellite, la pseudodistance ρk peut être exprimée par,

ρk = dk + c.dtsatk + c.dtrcvk + atmok +mk + εk (6)

avec c.dt représente décalage d’horloge (par satellite ou récepteur), atmo représente

à la fois les retards ionosphériques et troposphériques. Le terme mk est le retard de

propagation par multitrajets tandis que εk représente le bruit du récepteur. En milieu

urbain, mk est la principale contributrice de l’erreur et pourrait représenter des condi-

tions LOS/NLOS mixtes. Une fois les troposphériques, ionosphériques et horloge erreurs

sont compensées, le modèle est réduit à l’expression suivante,

ρk = dk +mk + εk (7)

Pour illustrer plus en détail les conditions LOS/NLOS dans la propagation par multi-

trajets, nous pouvons réécrire l’équation comme [13]:

ρk = dk +mk + bkwk (8)

où

mk =

 0, en condition LOS

mNLOS , en condition NLOS
(9)
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bk =

 σ, en condition LOS√
σ2 + σ2

NLOS , en condition NLOS
(10)

et wk est la moyenne nulle du bruit blanc gaussien N (0, 1). En d’autres termes, le terme

NLOS est caractérisé par sa moyenne, mNLOS , et sa variance, σ2
NLOS . Ainsi, dans le cas

du NLOS, pour corriger la pseudo-distance du biais de NLOS, la mesure affectée devient

ρ′k = ρk −mNLOS = dk + bkwk (11)

et

bk =
√
σ2 + σ2

NLOS (12)

Le biais estimé en utilisant le modèle 3D est soustrait des PR qui sont utilisées dans

l’estimation de la PVT par un filtre de Kalman étendu. L’équation d’état peut être

fournie par:

Xk+1 = FXk + vk (13)

où X est le vecteur d’état, F est la matrice de transition d’état et v est le bruit de

processus de distribution gaussienne de moyenne nul.

En supposant un modèle de vitesse presque constante, le vecteur d’état cosidéré est:

Xk = [pk, ṗk, ctk, ċtk]
T (14)

où pk est le xk, yk, zk coordonnées de position, ṗk sont les vitesses, ctk est le biais

d’horloge et ċtk est la dérive d’horloge.

La matrice de transition d’état est donné par:

F =


I TsI 0 0

0 I 0 0

0 0 1 Ts

0 0 0 1

 (15)

où I est la matrice d’identité 3×3 et Ts est la période d’échantillonnage.
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Le bruit de processus en temps discret est donné par:

vk ∼ N (0, diag(Q1,Q2)) (16)

où

Q1 =

 T 3
s
3 σ

2
aI

T 2
s
2 σ

2
aI

T 2
s
2 σ

2
aI TsI

 (17)

et

Q2 =

 σ2
bTs + T 3

s
3 σ

2
d

T 2
s
2 σ

2
d

T 2
s
2 σ

2
d Tsσ

2
d

 (18)

La variance du biais d’horloge σ2
b et la variance de la dérive d’horloge σ2

d dépendent de la

qualité du récepteur, tandis que la variance de l’accélération σ2
a dépend du mouvement

du récepteur.

Si la PR mesurée est prévue en tant que signal LOS, sa covariance est adaptée selon

l’équation 4.1. Si la mesure est prédit la réception NLOS, le biais NLOS mNLOS est

prédit à partir de SE-NAV où il fournit la distance retardée du ’ray tracing’ NLOS

par rapport à la distance en ligne droite entre le satellite et le récepteur. Ensuite, le

biais est soustrait de la mesure de la PR et la variance du NLOS σ2
NLOS est incluse

dans la covariance comme décrit par les équations 4.4 et 4.7. Par conséquent, l’équation

d’observation peut être formulée sous la forme,

zk = h(Xk) + mk + bkwk (19)

où h décrit la dépendance non-linéaire des observations en fonction de l’état. La covari-

ance d’observation est,

bkwk ∼ N (0,R) (20)

où R dépend de la condition LOS/NLOS de l’état de réception de la mesure PR.

Résultats et analyse

Afin de mettre en œuvre le modèle SIGMA-ε de la variance comme dans l’équation

4.1, les valeurs des paramètres a et b devront être déterminés en ajustant l’écart-type

σk =

√
a+ b.10

C/No
10 d’erreurs absolues des pseudodistances en fonction des valeurs du

C/No. Figure 4.7 montre un exemple de la courbe obtenue et le tableau 4.1 liste tous
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Figure 2: Erreurs de Pseudodistances en fonction de C/No

les a et b valeurs déterminées par satellite visible lors de la collecte de données. Il a été

observé que pour plusieurs satellites, il y a des valeurs négatives de la constante b, ce

qui indique une dégradation de sigma pour C/No. Cette situation confirme la question

de la difficulté d’utiliser uniquement C/No tant qu’indicateur de la qualité de la mesure

dans les environnements urbains en particulier avec ce court données. La réception de

signaux GNSS dans les environnements urbains sont dégradés par multitrajets et NLOS,

donc il est possible pour un signal réfléchi d’avoir une valeur C/No élevée.

La prédiction LOS/NLOS par SE-NAV est comparée à la valeur C/No des mesures

PRs. Les C/No de valeurs de seuil de 40, 38 et 30 dB-Hz sont utilisées pour cette

comparaison. On peut voir dans le tableau 4.2 que le seuil < 40 dB-Hz a le plus

d’accord entre la prédiction SE-NAV et le critère du C/No. Ces valeurs C/No peuvent

également être comparés avec l’angle d’élévation des satellites (figure 4.8) puisque les

signaux des satellites de basse altitude sont plus susceptibles d’être reçu comme NLOS

en milieu urbain par rapport à ceux avec une altitude plus élevée. Dans le tableau 4.2,

pour les satellites dotés de moins de 26o élévation, la prédiction LOS/NLOS par SE-

NAV est parfaitement en accord avec la métrique du C/No. Autrement dit, la prédiction

de la réception LOS/NLOS par le modèle 3D est plus semblable à la prédiction basée

sur C/No lorsque l’élévation des satellites est basse par opposition quand l’élévation du

satellite est plus élevé.

La figure 4.12 compare les erreurs de position 2D entre l’estimation de position avec
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Table 1: Liste des paramètres du modèle de la variance (C/No) obtenu par ajustement
de la courbe des erreurs de PR absolues

Table 2: La conformité entre la prédiction SE-NAV LOS/NLOS et le critère basé sur
le C/No
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Figure 3: L’angle d’élévation par satellite

Figure 4: Erreur d’estimations de position dans le plan X-Y

correction du biais NLOS et estimation de position en utilisant le C/No modèle de

variance (sans tenir compte LOS/NLOS réception). On peut voir que l’estimation avec

correction du biais NLOS était généralement meilleur que l’estimation de position en

utilisant seulement le C/No,via le modèle de la variance. L’estimation avec correction

du biais a été en mesure de réduire les grandes erreurs qui existent dans l’estimation,

plus que dans le cas avec le modèle de la variance (autour de la 37ème, 66ème et 87ème

échantillons) basée sur le C/No.

La figure 4.13 montre la comparaison du biais mesurée contre le biais prédit pour les
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Figure 5: Comparaison des biais NLOS mesurés contre les biais prédits
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Figure 6: Les erreurs de position - biais NLOS mesurés contre le biais NLOS prédit
par SE-NAV

satellites 5, 8 et 28. La comparaison montre que bien qu’il y ait une certaine similitude

dans les profils, les valeurs des biais sont très différents entre eux. Autres recherches

pourraient être poursuivie afin d’améliorer le prédiction de biais NLOS par le modèle 3D.

Malgré la différence entre leurs valeurs de biais, leurs performances de positionnement

dans le plan X-Y (figure 4.14) sont assez semblables en général. Cet effet est dû à la

projection des biais de distance dans le domaine de position qui est également influencée

par la géométrie de la constellation des satellites. La différence des biais de mesure

et prédits peut également être impacté par d’autres objets réels dans les environs du

récepteur qui ne sont pas pris en compte dans le modèle 3D (voiture et personnes de

passage, arbre, etc).

La capacité du modèle 3D pour prédire LOS/NLOS est encourageant en comparaison

avec d’autres indicateurs tels que C/No et l’angle d’élévation par satellite. D’autre part,

la capacité du modèle 3D à prédire le biais NLOS a été jugé modeste et non concluante

pour les données traitées, relativement de courte durée. Plus de recherches et des anal-

yses sont nécessaires pour valider la qualité des prédictions par modèle 3D. De même,

quand les biais prédits ont été utilisés pour les corrections de PR dans l’estimation de

position, les résultats ont montré que les erreurs de positionnement sont généralement

presque similaires à celles calculées en utilisant le biais mesuré calculé à partir de la tra-

jectoire de référence. Même si la prédiction n’est pas parfaite, les incertitudes associées

sont absorbées par le filtre de Kalman et donc le modèle 3D donne des informations utiles.
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Par conséquent, en terme de la prédiction de biais, d’autres techniques d’exploiter mieux

les informations 3D doivent être développées.

Fiabilité de la mesure par prédiction de pseudodistances en utilisant

une approche hybride

Dans la deuxième partie de la thèse, nous avons proposé une technique de surveillance de

la fiabilité dans le domaine des mesures GNSS pour l’environnement urbain en utilisant

un capteur de vitesse fiable. Dans cette approche, nous calculons une prédiction des

pseudodistances (PR) par hybridation avec d’autres capteurs. Un odomètre et gyroscope

sont utilisés pour obtenir une position de référence pour la vérification de la fiabilité de

la pseudodistance. En utilisant l’approche hybride, les résidus sont générés pour former

une statistique de test qui est testée contre un seuil. Quelques formes de résidus ont été

calculées sur la base de plusieurs observables, qui sont la PR, la variation de la distance

et de la vitesse.

GNSS/Odomèter/Gyroscope Intégration des mesures pour la prédiction des

PRs

Le filtre d’intégration de navigation à l’estime utilise un seul odomètre pour mesurer

le déplacement et un gyroscope pour mesurer la direction (i.e. le cap) du véhicule. La

figure 5.7 montre le filtre de navigation mis en œuvre dans cette recherche qui a une

configuration d’une fusion lâche du GPS, gyroscope et odomètre. Nous utilisons une

approche standard de navigation à l’estime pour prédire la position 2D du véhicule sur

la base des mesures obtenues à partir de l’odomètre et du gyroscope. En même temps,

l’EKF du GNSS fournit des corrections à la sortie du navigateur à l’estime et également

à l’entrée de lacet du gyroscope. Par conséquence, lorsque les signaux satellites sont

bons, ils vont corriger la sortie de navigateur à l’estime. Le positionnement hybride

dans ce travail est réalisé par la formulation suivante:

x̂user(k) = x̂user(k − 1) + Vodo. cos θ.dt+ ∆x (21)

ŷuser(k) = ŷuser(k − 1) + Vodo. sin θ.dt+ ∆y (22)

θ(k) = θ(k − 1) + gyro.dt− bgyro.dt (23)
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Figure 7: Le schéma de principe du filtre de navigation hybride

où:

• x̂user(k) est la position de l’utilisateur dans les coordonnées x

• ŷuser(k) est la position de l’utilisateur dans les coordonnées y

• Vodo est la vitesse linéaire mesurée par l’odomètre

• θ(k) est l’angle du cap

• gyro est la vitesse angulaire du cap fournie par la gyroscope

• bgyro est le biais estimé de la vitesse angulaire du cap de la gyroscope

• ∆x est la correction de la position estimée de coordonnée x

• ∆y est la correction de la position estimée de coordonnée y

Le vecteur d’état d’erreur mis en œuvre pour le filtre EKF dans ce travail est défini par:

x =



δx

δy

δθ

bgyro

bc

dc


(24)

où

• δx : erreur de position sur l’axe des x

• δy : erreur de position sue l’axe des y
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• δθ : erreur du cap

• bgyro : biais du gyroscope

• bc : biais d’horloge récepteur GNSS

• dc : dérive de l’horloge récepteur GNSS

La matrice de transition d’état, F, est donnée par:

F =



1 0 Vodo. cos(θ)dt 0 0 0

0 1 −Vodo. sin(θ)dt 0 0 0

0 0 1 −dt 0 0

0 0 0 1 0 0

0 0 0 0 1 dt

0 0 0 0 0 1


(25)

L’odomètre utilisé dans les expériences de ce travail est le capteur iMWS-V2 de iMAR,

qui est un capteur de roue montée sur le véhicule de l’ISAE sur une bande magnétique.

Pour obtenir l’angle du cap, la gyroscope iMAR de la centrale inertielle IMU-FSAS a

été utilisée. Les signaux GPS sont mesurés à l’aide d’un récepteur u-blox LEA-4T. Les

données de référence, le long de la trajectoire, sont fournies par un système NovAtel

SPAN.

Le résultat de la figure 5.11 montre que la vitesse mesurée par l’odomètre a une ressem-

blance très proche de la vitesse de référence avec un coefficient de corrélation de 0,987.

Cette très forte corrélation indique que l’odomètre peut être un bon capteur de référence.

Cependant, il existe certaines zones mortes pour la sortie de l’odomètre, soit lorsque la

vitesse du véhicule est faible, l’odomètre ne délivre pas une information de vitesse valide.

Métriques de fiabilité

Dans ce travail, trois types de résidus ont été étudiés, qui sont les résidus de PR, de

vitesse et de taux de la distance. Ici, nous analysons leur capacité de contrôler la fiabilité

des mesures qui sont utilisées pour calculer la solution PVT.
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Figure 8: Comparaison de la vitesse odomètre avec une vitesse de référence

a. Test de fiabilité par le résidu de pseudodistance. Dans cette approche, le

résidu de PR est calculé comme la différence absolue entre une pseudodistance mesurée

et la pseudodistance prédite. À chaque instant k et pour chaque satellite i, le résidu de

PR est:

ri(k) = PRimeasured(k)− PRipredict(k) (26)

Les PR prédites sont calculées à partir des positions des satellites, Xsat et les positions

estimées de l’utilisateur, X̂user

PRipredict(k) = |Xsat − X̂user| (27)

Pour calculer le PRipredict(k), les valeurs de X̂user sont calculées en utilisant des mesures

hybrides à partir d’un odomètre, un gyroscope, et toutes les PR qui sont disponibles à

l’instant k (sauf de la PRimeasured(k) que est on veut tester). Ainsi, le PRipredict(k)

est prédite sans l’influence de PRimeasured(k). Si aucun des signaux satellites sont

disponibles, la PR est estimée à par des capteurs de navigation à l’estime seulement.

La formulation globale du résidu de PR est donc donnée par,

ri(k) = |yi(k)−(

√
[(Xi

sat(k)− X̂user(k))2 + (Y i
sat(k)− Ŷuser(k))2 + (Zisat(k)− Ẑuser(k))2])|

(28)

où:

• yi(k) est la pseudodistance mesurée à partir de satellite i à l’instant k
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• X̂user(k), Ŷuser(k), Ẑuser(k) sont des positions d’utilisateur dans le cadre de ECEF

à chaque période de temps

Afin d’identifier les pseudodistances défectueuses, une statistique de test T , est com-

parée à une valeur de seuil pour rejeter ou accepter la PRimeasured(k). Pour calculer la

statistique de test pour chaque PR, une métrique de chi-deux pondérée est utilisée:

T = rt.Z−1.r (29)

où r est le résidu de la PR caracterisé par sa variance:

Z = cov(r) = var(PRimeasured) + var(PRipredict) (30)

La variance de PRimeasured peut être déterminée à partir du modèle de variance qui est

principalement liée à son C/No ou l’angle d’élévation [14]. Ici, le modèle SIGMA-ε [11]

est utilisé.

D’autre part, la variance de la PRipredict peut être obtenue à partir de la norme euclidi-

enne du vecteur de ligne de vue et de la loi de propagation de l’erreur [15]:

var(PRipredict(k)) = esat,user(k).Puser(k).etsat,user(k) (31)

où:

esat,user(k) =
xisat(k)− x̂user(k)

‖xisat(k)− x̂user(k)‖
(32)

Puser(k) =


σ2
x σxy σxz

σyx σ2
y σyz

σzx σzy σ2
z

 (33)

Pour la matrice de covariance de la position de l’utilisateur Puser(k), en supposant la

non-corrélation entre x, y et z, seulement les éléments de la diagonale sont considérées

ici. En outre, puisque le positionnement est en 2D, σ2
z peut être mis à zéro. La matrice

Puser(k) n’est pas accessible directement à partir du navigateur hybride utilisé dans ce

projet.

Cependant, les variances σ2
x et σ2

y peuvent être calculées en utilisant la règle de combi-

naison de la variance et de la loi de propagation de la variance. Une fois que σ2
x et σ2

y
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sont calculées, la cov(r) peut être déterminée par la mise en œuvre des équations 5.72,

5.73, 5.74 et 5.75. Le seuil est fixé par le niveau de confiance appliqué à la distribution

de chi-deux avec 1 degré de liberté, rt.Z−1.r ∼ χ2
1.

Figures 5.12 et 5.13 montrent les courbes qui comparent les résidus des PR calculées

(tracées en rouge) contre les erreurs réelles de distance des satellites (tracées en bleu). La

performance du résidu de PR varie pour différents satellites en fonction de la précision de

la position estimée par rapport à la position du récepteur réel. La figure 5.14 indique

le nombre de satellites visibles (bleu) contre le nombre de satellites ’non-défectueux’

(rouges) après la mise en œuvre du procédé de détection de défaut et d’identification.

Dans cette expérience, le seuil est fixé à 2,706 ( 99% de niveau de confiance). Le résultat

montre que dans une partie de la trajectoire, les satellites non-défectueux ont été réduits

à 4 ou même moins. Dans ce cas, l’algorithme RAIM traditionnelle ne peut être mise en

œuvre car il a besoin d’au moins 5 satellites visibles. Ensuite, la figure 5.15(a) montre

l’erreur de position 2D avant (vert) et après (rouge) l’exclusion des mesures défectueuses

en utilisant un filtre hybride GPS/odomètre/gyroscope tandis que la figure 5.15(b) est

le résultat de l’utilisation de seulement GPS pour le positionnement. Le résultat montre

que le filtre hybride GPS/odomètre/gyroscope améliore le positionnement. En outre, la

détection de défaut et l’exclusion (FDE) pour véhicule terrestre en milieu urbain peuvent

être effectuées mieux quand l’odomètre et gyroscope est hybridé avec le GPS par rapport

au cas du GPS seul. Figure 5.16(a) montre le résultat de la détection d’erreur de PR,

l’identification et l’adaptation (DIA) qui a été mis en œuvre sur le navigateur hybride

à l’aide du contrôle de l’intégrité de la mesure (la technique proposée dans cette thèse).

L’ adaptation a été réalisée en remplaçant les PR défectueuses identifiées avec leurs PR

prédites. En d’autres termes, les PR défectueuses ont été corrigées. D’autre part, la

figure 5.16(b) montre que cette approche de la correction d’erreur de PR ne pourrait être

atteint que lorsque le signal GPS a été utilisé dans le positionnement sans l’intégration

de l’odomètre et du gyroscope.

b. Test de fiabilité par le résidu de la vitesse. Lorsque la vitesse du satellite

est connue, la vitesse de l’utilisateur peut être déterminée à partir des mesures Doppler

selon l’équation suivante,

D = −L1

c
[esat,user.(Vuser − Vsat) + dt] + ε (34)
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Figure 9: Comparaison des résidus de PR contre l’erreurs de pseudo-distance par
satellite (predites en utilisant la référence)
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Figure 10: Comparaison des résidus de PR contre l’erreurs de pseudo-distance par
satellite (predites en utilisant la référence)
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Figure 11: Comparaison du nombre de satellites visibles par rapport au nombre de
satellites non-défectueux

où:

• D est la mesure de l’effet Doppler en Hz

• L1 est la fréquence de la porteuse

• c est la vitesse de la lumière

• esat,user est la vecteur unité de la ligne de vue entre le satellite et le récepteur

• Vuser est le vecteur de vitesse de l’utilisateur

• Vsat est le vecteur de vitesse du satellite

• dt est la dérive d’horloge du récepteur

• ε est le bruit de mesure

On peut envisager de tester la position estimée en générant un résidu, rV en utilisant la

différence entre la vitesse de l’utilisateur et la vitesse prédite.

rV = |Vuser − Vpredict| (35)
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Figure 12: Comparaison d’erreur de position après l’exclusion de défaut (a)filtre
hybride avec exclusion (b)GPS seulement

Dans cette thèse, nous proposons de calculer la vitesse prédite à partir de Vodo. La

vitesse de l’utilisateur, Vuser est déterminée à partir des données GPS. Par conséquent,

ici, Vodo est totalement un capteur de référence externe et ne contribue pas à la solution

de positionnement. Par conséquent, le résidu de vitesse est défini par,

rV = |VGPS − Vodo| (36)

La figure 5.17 montre la performance du test du résidu de vitesse. Comme on peut le

voir dans la courbe, il est difficile d’établir un lien direct entre le résidu de vitesse (bleu)

et l’erreur de position (rouge). Autres recherches et analyses sont nécessaires afin de

l’utiliser pour le contrôle d’intégrité.

c. Test de fiabilité en utilisant le taux de la distance.
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Figure 13: Comparaison d’erreur de position après correction de défaut (a)filtre hy-
bride avec correction (b)GPS seulement

Figure 14: Comparaison du résidu de vitesse (bleu) contre l’erreur de position 2D
(rouge)
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L’équation du taux de la distance est donnée par

ρ̇ = − c

L1
D = esat,user.(Vuser − Vsat) + dt + ε (37)

= ṙ + dt + ε

où:

• ρ̇ est le taux de variation de la pseudodistance

• ṙ est le taux de la distance géométrique entre le récepteur et le satellite

Le résidu p, est calculé en utilisant les valeurs prédites et mesurées de ρ̇,

p = |ρ̇measured − ρ̇predict| (38)

où:

ρ̇measured =
PR(k)− PR(k − 1)

dt
(39)

et

ρ̇predict = esat,user.Vuser(k)− esat,user.Vsat(k) + dt (40)

où la Vsat(k) est calculée à partir des données d’éphémérides et Vuser(k) est obtenue à

partir du filtre de Kalman en fonction du Vodo et de l’angle du cap θ. La statistique de

test, T = pt.Z−1.p est utilisée pour ce résidu. Ici, la covariance, Z, est déterminée a

priori à partir des données observées.

La figure 5.18 montre le résultat de la mise en œuvre l’un FDE fondée sur des résidus du

taux de distance. Comme le résidu de la PR , l’erreur de positionnement peut également

être améliorée en utilisant la FDE basée sur les résidus du taux de distance.

Les résultats de ces différents modes pour la réalisation de test des résidus suggèrent que

le résidu de PR a l’avantage d’effectuer le contrôle d’intégrité dans le domaine de distance

même si quand il y a moins de 5 satellites disponibles. Cependant, pour les applications

de l’utilisateur qui nécessitent la surveillance de la vitesse, le résidu de vitesse semble être

plus approprié. Bien sûr, il y a une possibilité de les combiner comme multi-indicateurs

pour surveiller la fiabilité du récepteur. Toutefois, d’autres études sont nécessaires pour

déterminer la performance de chaque test des résidus dans les environnements environ-

nants et les comportements dynamiques de l’utilisateur. Cette connaissance est cruciale
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Figure 15: Erreur de position après correction de défaut en utilisant le résidu de taux
de la distance

pour le développement d’un algorithme approprié pour le récepteur de décider à partir

de plusieurs indicateurs, en particulier chaque fois qu’il y a une contradiction entre eux.

La confiance du positionnement GNSS dans des environnements urbains

en utilisant la majoration de la CDF des HPE

Enfin, nous avons développé une nouvelle approche expérimentale de surveillance de

l’intgrité pour le positionnement en milieu urbain. En travaillant directement dans le

domaine de la position, des erreurs de position horizontale (HPE) sont caractérisées en

utilisant la distribution de Pareto généralisée. Puis, une statistique de test est dérivée

basée sur les résidus de position (plutôt que des résidus de pseudodistance) où sa CDF

est estimée et adaptée à la CDF qui borne la distribution d’erreur de position. En

surveillant de la statistique de test contre un seuil spécifique, l’intégrité et la continuité

de positionnement sont évoluées à un certain niveau de confiance. En outre, le calcul du

niveau de protection horizontale (HPL) en utilisant une approche composite a également

été proposée.

La caractérisation de l’erreur de position

Dans ce travail, la caractérisation de l’erreur de position du récepteur en utilisant la

distribution d’HPE est obtenue à partir de l’erreur de position sur les composantes nord

et est. Les erreurs sont calculées sur la base de la différence entre les positions mesurées
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Figure 16: PDF et CDF d’HPE dans la zone degagée

et les positions référencées. Puisque l’erreur horizontale 2D a deux composantes nord et

est, la HPE peut être représentée comme une erreur radiale, définie par:

HPE =
√
E2
east + E2

north (41)

Dans les environnements degagés, en général, les erreurs de pseudodistance mesurées

ont tendance à être distribués selon une loi normale. Dans l’estimation de la posi-

tion du récepteur en utilisant les PR mesurées, ces erreurs gaussiennes de PR sont

combinées et propagées au domaine de la position par l’intermédiaire qui est la matrice

d’estimation linéaire pour former des erreurs avec une distribution gaussienne ègalement.

Autrement dit l’Eest et l’Enord ont tendance à avoir une distribution gaussienne aussi.

Théoriquement, en supposant des conditions idéales où les distributions de Eest et Enord

sont également indépendantes et ont moyennes nulles, la distribution de leur norme,

qui est l’HPE, aurait une distribution de Rayleigh. Selon cette hypothèse, la PDF et

la CDF de l’HPE sont calculées en utilisant les données empiriques et tracées dans la

figure 6.1. Les résultats de ces expériences indiquent que la distribution d’HPE dans des

environnements degagés peut être représentée par une distribution de Rayleigh.

Dans le cas de milieux urbains, il a été montré que les distributions des erreurs de PR

peuvent être non gaussienne en raison des biais multi-trajets et signal NLOS. Pour cette

raison, l’ajustement de courbe pour l’HPE en milieu urbain est réalisé en utilisant la

distribution de Pareto. En général, cette distribution est adaptée pour les distributions

à queue lourde, comme c’est le cas de l’erreur de positionnement en milieu urbain où on
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Figure 17: Comparaison des PDF en milieu urbain

trouve des large valeurs d’erreurs avec une faible probabilité. La CDF de la distribution

de Pareto généralisée est égale à:

F (x) =

 1− (1 + ξ(x−µ)
σ )

−1
ξ pour ξ 6= 0

1− exp(−x−µ
σ ) pour ξ = 0

(42)

La figure 6.3 montre la PDF de l’HPE d’un récepteur uBlox-4T dans un environnement

urbain. En comparant la PDF de l’HPE contre la courbe de distribution de Rayleigh (les

2 premiers figures), on peut voir que la distribution d’HPE est significativement différent

de celui des tracés de Rayleigh avec σ = 3 (figure en haut à gauche) et σ = 4 (figure en

haut à droite). D’autre part, la comparaison avec le traçage Pareto génralisée (figure du

bas) montre un meilleur ajustement de la queue lourde de l’HPE PDF. Dans la figure
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Figure 18: CDF en milieu urbain

6.4, le tracé de CDF montre également que la GPD correspond mieux que la Rayleigh

à la CDF d’HPE. Dans ce travail, les résultats analysées à partir des données des trois

récepteurs différents (uBlox-4T, Novatel, et uBlox-6T) indiquent que la distribution de

Pareto généralisée est mieux adaptée pour modéliser les distributions d’HPE en milieu

urbain.

La majoration de CDF d’HPE par Pareto généralisée dans le domaine de la

position

La CDF d’une GPD a la forme suivante:

CDFGPD = 1− [1 + ξ(
x− µ
σ

)]
−1
ξ for x > µ (43)

où le paramètre d’échelle σ agit sur la taille et la pente de la distribution, le paramètre

de forme ξ affecte la forme de la queue de la distribution et le paramètre de la tendance

centrale µ est associé à la valeur de x lorsque la CDF = 0.

Une fois que la CDF Pareto généralisée borne la CDF de l’HPE, le niveau de protection

horizontale (HPL) peut être calculé à partir de son inverse, de la manière suivante:

CDFGPD = 1− [1 + ξ(
x− µ
σ

)]
−1
ξ = Prob(erreur de position 6 x) (44)
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Figure 19: La majoration de l’HPE par GPD

Soit Rp la PL d’erreur sur la position. Nous mettons la CDF égale à la probabilité de

l’intgrité PB,

1− [1 + ξ(
Rp − µ
σ

)]
−1
ξ = (1− PHMI) = PB (45)

Pour obtenir l’HPL, nous résolvons Rp,

[1 + ξ(
Rp − µ
σ

)]
−1
ξ = 1− PB

−1

ξ
ln[1 + ξ(

Rp − µ
σ

)] = ln(1− PB)

ln[1 + ξ(
Rp − µ
σ

)] = −ξln(1− PB)

[1 + ξ(
Rp − µ
σ

)] = (1− PB)−ξ

ξ(
Rp − µ
σ

) = (1− PB)−ξ − 1

Ainsi,

HPL = Rp =
σ

ξ
[(1− PB)−ξ − 1] + µ (46)

La figure 6.13 montre la majoration de l’HPE par la CDF de Pareto généralisée dans

le cas du récepteur uBlox 4T. Dans ce cas, l’HPL de l’intégrité à 90 % est de 15 mètres

(HPE à 12 mètres) et l’intgrité à 95 % est de 20 mètres (HPE à 15 mètres).
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Contrôle d’intégrité du positionement en milieu urbain

La vraie valeur de l’erreur sur la position n’est pas connue en temps réel. Par conséquent,

pour le contrôle de l’intégrité de position, un test statistique est utilisé et ce test doit

être calculé en utilisant des mesures observables. Dans ce travail, l’intégrité des positions

estimées dans les milieux urbains est surveillée en fonction du résidu de la position

horizontale. Le résidu de la position horizontale observé est calculé en utilisant une

estimation des moindres carrés (LS), puis adapté à la borne d’HPE qui est caractérisée à

priori par la GPD CDF. De cette façon, la statistique du test est en mesure de représenter

la limite de l’HPE. L’appariement de l’espace de résidu de position avec l’espace de

délimitation d’erreur de position peut être décrite par le principe de transformation des

variables aléatoires.

a. Calcul du résidu de la position horizontale. Le vecteur des résidus de la

position, δx̂ est calculé en utilisant l’estimation des moindres carrés. Nous considérons

le modèle de pseudodistance linéaire suivant:

∆Y = H.∆X + E (47)

Pour l’estimation des moindres carrés,

∆X̂ = G.∆Y (48)

où

• G = (HTH)−1HT

• ∆X̂ est la position estimée

• ∆Y est le vecteur des PR mesurées

Le résidu de la PR est exprimé par:

δρ = ∆Y −H∆X̂ (49)

Par conséquent, le rèsidu de la position est donné par:

δx̂ = G.δρ (50)
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Ensuite, le résidu de position horizontale, HPEδx̂ est obtenu en caculant la norme de la

δx̂ dans les directions nord et est:

HPEδx̂ =
√
δx̂2

east + δx̂2
north (51)

b. Calcul des paramètres adaptés. En égalant la CDF d’HPEδx̂, qui est désigné

comme HPER, à la distribution de Pareto genéralisée, nous avons les équations,

HPER =
σ

ξ
[(1− PB)−ξ − 1] + µ (52)

HPER =
σ

ξ
[(PHMI)

−ξ − 1] + µ (53)

Les paramètres de HPER: σ, ξ et µ sont déterminés à partir de l’ajustement de courbe

des données expérimentales de la même trajectoire que l’HPE ont été calculés.

Afin de calculer les paramètres adaptés, les paramètres du résidu de CDF de la position

horizontale, HPER, sont liés aux paramètres de CDF prédéterminés qui délimitent

l’HPE qui ont été calculées hors ligne.

La GPD CDF qui borne l’erreur de position horizontale caractérisé qui est utilisé pour

le calcul de l’HPL est,

HPL =
σo
ξo

[(PHMI)
−ξo − 1] + µo (54)

Ensuite, ce que l’on souhaite: Matched HPER = HPL

Alors nous laissons,

Aσ = σo, Bξ = ξo, µ+ C = µo

En conséquence,

Matched HPER =
σ.A

ξ.B
[(PHMI)

−ξ.B − 1] + µ+ C (55)

et les paramètres adaptés sont:

A =
σo
σ
, B =

ξo
ξ
, C = µo − µ (56)
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c. Dérivation du test statistique. Pour le contrôle de l’intégrité de la position, le

test statistique est calculé en fonction de l’HPEδx̂:

Matched HPER =
σ.A

ξ.B
[PHMI)

−ξ.B − 1] + µ+ C (57)

En réorganisant et en substituant l’équation, on obtient:

Matched HPER − (µ+ C) =
σ.A

ξ.B
[(PHMI)

−ξ.B − 1]

Matched HPER − (µ+ C) =
σ

ξ
[(1− PB)−ξ − 1]

A

B
[
(PHMI)

−ξ.B − 1

(PHMI)−ξ − 1
]

Matched HPER − (µ+ C) = (HPER − µ)
A

B
[
(PHMI)

−ξ.B − 1

(PHMI)−ξ − 1
]

Matched HPER = (HPER − µ)
A

B
[
(PHMI)

−ξ.B − 1

(PHMI)−ξ − 1
] + µ+ C (58)

Par conséquent

Test Statistique = (HPEδx̂ − µ)
A

B
[
(PHMI)

−ξ.B − 1

(PHMI)−ξ − 1
] + µ+ C (59)

Test Statistique = Matched HPEδx̂

Une fois que les paramètres adaptés A, B et C sont déterminés, l’intégrité de position-

nement peut être surveillée en calculant le test statistique et en le comparant contre le

seuil. La figure 20 montre les étapes du procédé de surveillance de l’intégrité proposées

dans cette thèse. Dans cette approche, la distribution observée est adaptée à la borne

d’HPL. En conséquence, contrairement à la RAIM traditionnelle, la distribution des

statistiques du test est ajustée pour assurer que l’HPE a la même majoration comme

l’HPL.

Chaque figure 6.17, 6.18, 6.19 et 6.20 montre les courbes de la CDF d’HPE (rouge

solide), la CDF de sa délimitation (pointillé rouge), la CDF du résidu de la position

(bleu solide) et la CDF du résidu adapté de la position (en pointillés bleu) pour chaque

trajectoire 1, 2, 3 et 4. En général, on peut voir sur chaque figure que la CDF du résidu

adapté est en mesure de borner la CDF d’HPE. Cependant, en terme de correspondance

avec la délimitation de CDF du GPD, les trajectoires 1 et 2 ont performé mieux que les

trajectoires 3 et 4.

Le tableau 6.2 montre la PFA et la PMD calculées lorsque la statistique de test a été
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Figure 20: Les étapes du procédé de surveillance de l’intégrité

Figure 21: Résultat de la correspondance du résidu de la position à la CDF majorée
(Trajectoire 1)

utilisé pour surveiller l’intégrité de positionnement le long des quarte trajectoires. Aux

fins de la comparaison, les probabilités d’erreur ont été calculées également en utilisant

le résidu de la position (sans ajustement), HPEδx̂ comme la statistique de test. La

PHMI a été fixé à 0,05.

Ces résultats montrent que l’exigence d’intégrité est respectée et la statistique de test

proposée est en mesure d’équilibrer entre la PFA et la PMD et donc d’optimiser la

surveillance de l’intégrité et la continuité de positionnement en milieux urbains. La

technique proposée est capable de surveiller l’intégrité du positionnement. Cependant,
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Figure 22: Résultat de la correspondance du résidu de la position à la CDF majorée
(Trajectoire 2)

Figure 23: Résultat de la correspondance du résidu de la position à la CDF majorée
(Trajectoire 3)

Table 3: Performances de surveillance de l’intégrité de positionnement
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Figure 24: Résultat de la correspondance du résidu de la position à la CDF majorée
(Trajectoire 4)

puisque ce régime a adopté l’approche directe dans le domaine de la position, il ne

peut pas identifier les mesures erronées pour les isoler. D’autre part, cette approche est

capable de surveiller l’intégrité de tout type de récepteur sans la nécessité de connâıtre

les algorithmes d’estimation de positionnement tant que nous avons l’erreur de position

caractérisé du rècepteur.

L’approche composite pour la surveillance de l’intégrité

Dans l’approche composite, la PL peut être formulée comme une somme de composante

de bruit, PLn, plus une composante de biais, PLb [16–19]:

PL = PLn + PLb (60)

Dans le domaine d’aviation civile, les sources et les effets du biais spécifiques ont été

considérés et bien modélisés. Par contre, dans les milieux urbains, les biais sont prin-

cipalement à cause de NLOS et multi-trajets réceptions qui sont difficiles à modéliser,

donc il est très difficile d’arriver à une expression pour le PLb.

Afin de mettre en œuvre l’approche composite pour surveillance de l’intégrité de la po-

sition en milieu urbain, l’HPE a besoin d’être décomposé en deux composantes celle

du biais et une autre du bruit gaussien. Ensuite nous avons caractérisé ces deux com-

posantes séparément. À cet effet, dans ce travail, nous choisissons le modèle autorégressif
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(AR) pour estimer la série chronologique de l’HPE, car il est convenable et assez simple

pour décomposer les erreurs dans les composantes du bruit et du biais.

HPE = AR(p) + ε (61)

Le 1er ordre AR(1) peut être écrite comme:

xt = φxt−1 + εt (62)

où εt N(0, σ2)

Pour l’ordre p, le AR(p) est donné par:

xt = φ1xt−1 + φ2xt−2 + · · ·+ φpxt−p + εt (63)

En réarrangeant l’équation,

εt = xt − φ1xt−1 − φ2xt−2 − · · · − φpxt−p (64)

Par conséquent, on peut voir que ce modèle décompose l’erreur en une composante de

bruit gaussien εt et d’autres composantes régressives qui peuvent être le représentant

du biais. Dans ce travail, un modèle AR du 4ème ordre est utilisé et la méthode de

Burg est choisie parce qu’elle produit toujours des modèles causaux et elle fournit une

probabilité gaussienne plus souvent que la méthode de Yule-Walker [20].

Dans la prochaine étape, le bruit est séparé du biais de sorte qu’ils peuvent être car-

actérisés séparément. Cela peut être fait par filtration de la série chronologique. La

fonction de transfert du filtre dans la transformée en z est donnée par:

Y (z) = (1− φ1z
−1 − · · · − φpz−p)X(z) (65)

où Y (z) est la transformée en z de εt. Etant donné que εt est supposé être un bruit

gaussien de moyenne nulle, il peut être caractérisé par sa variance, σ2
ε .

Une fois que le εt est obtenu, le biast est calculé par:

biast = HPEt − εt (66)
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Figure 25: Le bruit et le biais décomposés de l’HPE du récepteur uBlox

Figure 26: Diagramme Q-Q de l’HPE de récepteur uBlox, le bruit et le biais
décomposés

Les résultats de la décomposition de l’HPE dans les composantes du bruit et du biais

sont tracés dans les figures 6.21 et 6.22 pour le récepteur uBlox, les figures 6.23 et 6.24

pour le récepteur Novatel et les figures 6.25 et 6.26 pour le récepteur Septentrio.

Comme indiqué dans les diagrammes Q-Q, le bruit extrait semble avoir une distribution

gaussienne au centre mais avec des queues lourdes. Le quantile dans laquelle la queue

commencent à devenir lourdes diffère entre les récepteurs. Ces situations indiquent que

l’approche de modèle AR utilisée dans ce travail pour extraire le bruit gaussien d’HPE

n’est pas très efficace pour supprimer totalement la queue lourde et extraire uniquement

un bruit blanc gaussien de l’HPE. Cependant, même si il y a certains éléments de queues

lourdes, l’utilité de cette technique dépend de l’AL, du seuil et de la PHMI qui sont requis

pour les applications visées.

Contrairement à les environnements degagés, un biais dans les environnements ur-

bains sont principalement dues à les réceptions multi-trajets et NLOS qui font leur

modélisation déterministe d’être très complexe. Ainsi, dans ce travail, la délimitation
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Figure 27: Le bruit et le biais décomposés de l’HPE du récepteur Novatel

Figure 28: Diagramme Q-Q de l’HPE de récepteur Novatel, le bruit et le biais
décomposés

Figure 29: Le bruit et le biais décomposés de l’HPE du récepteur Septentrio



Résumé des travaux en français 43

Figure 30: Diagramme Q-Q de l’HPE de récepteur Septentrio, le bruit et le biais
décomposés

de la biais a été fait en utilisant l’approche statistique où la distribution de biais est

délimitée par une distribution gaussienne. En tant que tel, la distribution de délimitation

de biais peut être caractérisée comme [19]:

HPEbias = µb + σb
√

2erf−1(2Pb − 1) (67)

où Pb est la probabilité d’intégrité. En une notation simplifiée,

HPEbias = µb + σbKH (68)

Les valeurs de µb et σb sont obtenus a priori en ajustant la courbe de la borne de CDF

empirique (ECDF) du biais d’HPE.

Comme cela a été établi, il est l’HPL qui est utilisé pour surveiller l’intégrité de posi-

tionnement. Pour l’approche composite, l’HPL doit être calculé pour les deux termes:

la composante du biais et la composante du bruit.

a. HPL pour la composante de bruit. Contrairement aux systèmes d’augmentation

tels que SBAS et GBAS, positionnement de véhicule terrestre en milieu urbain n’a pas de

références. Ainsi la variance du bruit qui est utilisée pour le calcul de l’HPL est obtenue

à partir du modèle de la variance de PR. Dans ce travail, le modèle de la variance du

CNo-élévation de PR [21] est adopté:

σ2
i = k × 10(−0.1×CNomeasured)

sin2(θi)
(69)

où k égale 1 pour le signal LOS et il change pour le signal NLOS.
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Dans la mise en œuvre, il existe certains éléments d’incertitude car l’estimation de la

distribution du bruit de l’HPE n’est pas parfait et σp est obtenu à partir d’un modèle

de variance de PR qui est différente de la σε du bruit d’HPE estimé. Par conséquent,

le sigma doit être gonflé pour compenser ces incertitudes et de veiller à ce que le bruit

d’HPL délimite le bruit d’HPE.

Dans ce travail, l’inflation du bruit HPL est mis en œuvre dans le domaine de position

avec un facteur d’inflation A tel que:

HPLnoiseinflated = A.KHσp (70)

Pour estimer l’A, nous égalons l’HPLnoiseinflated à la distribution de délimitation de

εt de sorte que:

A.KHσp = KHσε (71)

et donc

A =
σε
σp

(72)

où σε est l’écart-type du bruit de HPE et σp est l’écart-type de l’erreur de la position

prédite basé sur le modèle de la variance de PR.

b. HPL pour la composante du biais. L’HPL de biais est basé sur le résidu de

la position (qui est observable en temps réel) et ensuite gonflé/adapté statistiquement

afin de borner l’ECDF de biais d’HPE. L’adaptation de CDF est fait en utilisant des

paramètres de transformation de CDF similaire à l’approche de l’inflation sigma dans le

délimitation de CDF. La CDF du résidu de la position est:

HPEr = µr +KHσr (73)

En adaptant l’HPEr:

HPLbiasinflated = µr +B + C.KHσr (74)

En réorganisant et en substituant 6.44 en 6.45,

HPLbiasinflated = HPEr −KHσr +B + C.KHσr (75)

HPLbiasinflated = HPEr +B + (C − 1).KHσr (76)
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Figure 31: Délimitation gonflée de la CDF du bruit (Ublox)

Pour estimer les paramètres B et C, nous laissons

µr +B = µb

et

C.KHσr = σbKH

où µb et σb sont des paramètres de 6.37. De ce fait,

B = µb − µr (77)

ce qui signifie que, la moyenne de HPLbiasinflated est réglée pour correspondre à la

moyenne de HPEbias, et

C =
σb
σr

(78)

ce qui signifie que, le sigma de HPLbiasinflated est gonflé pour correspondre au sigma

de HPEbias.

Les figures 6.27, 6.28 et 6.29 tracent l’HPL gonflé délimitant les CDF des bruits pour

les récepteurs uBlox, Novatel et Septentrio, respectivement. Dans ces courbes, l’HPL

gonflé est représenté par une ligne pointillée bleue. La CDF initiale observée à partir

du modèle de la variance est représentée par la ligne bleue. La CDF de la distribution

de bruit est représentée en rouge solide alors que sa limite est tracée par une ligne rouge
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Figure 32: Délimitation gonflée de la CDF du bruit (Novatel)

Figure 33: Délimitation gonflée de la CDF du bruit (Septentrio)

pointillée. Dans tous les trois figures, on constate que l’HPL gonflé est en mesure de

borner la CDF de la distribution du bruit.

La délimitation des CDF des biais par l’HPL gonflé dans le cas des récepteurs uBlox,

Novatel et Septentrio sont présentées dans les figures 6.30, 6.31 et 6.32 respectivement.

Parce que l’HPE est défini comme une norme des erreurs 2D, les biais de l’HPE restent

en valeur positive. Par conséquent, la délimitation du biais ne concerne que le côté

positif de la CDF. Dans les figures 6.30, 6.31 et 6.32, après l’inflation, les distributions

du biais sont respectivement limitées par leur HPL gonflées. Il est intéressant de noter

que tandis que le récepteur multi-constellation Septentrio a une meilleure précision dans

des environnements urbains, sa performance d’intgrité en raison du biais n’est pas très
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Figure 34: Délimitation gonflée de la CDF du biais (Ublox)

Figure 35: Délimitation gonflée de la CDF du biais (Novatel)

Figure 36: Délimitation gonflée de la CDF du biais (Septentrio)
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différent que celui du récepteur uBlox. Pour 90% de confiance, l’HPL gonflée pour

Septentrio est d’environ 19 mètres alors que pour le uBlox est d’environ 13 mètres. Par

conséquent, il montre que l’effet du biais dépend de l’environnement plutôt que de la

précision du récepteur.

En obtenant la majoration de CDF d’HPE, l’approche directe du domaine de la position

est en mesure de contourner les difficultés et la complexité de la modélisation des erreurs

de PR dans les milieux urbains que la majoration dans le domaine de la distance doit

affronter. Cependant, la limitation de cette approche directe du domaine de la position

est que chaque canal de satellite n’est pas surveillé individuellement.

D’autre part, si les biais multiples de la PR mesurée combinés avec la géométrie dans

une telle manière que les résidus de la PR restent faibles, mais les erreurs de position

devient grande, l’approche du domaine de la position pourrait détecter l’erreur et pas

le contrôle dans le domaine des mesures. En tant que tel, une combinaison de ces deux

domaines des pseudo distance et de position peut être mise en œuvre en tant que concept

de surveillance d’intégrité multicouche.

Des systèmes parallèles peuvent aussi être mises en œuvre où plusieurs estimations de

position sont calculées en même temps avec chacun ayant une PR exclue. De cette

façon, il est également possible d’identifier la PR erronée causant un biais inacceptable

de positionnement.

Une des questions pertinentes de majoration d’erreur dans le secteur de l’aviation est la

rareté des données observantes de la queue de la distribution d’erreur. Par conséquence,

les techniques d’extrapolation tels que la théorie des valeurs extrêmes a été mis en œuvre

pour faire face à le problème. Toutefois, cette question pourrait être détendit un peu dans

les applications terrestres considérant que toutes les applications ne nécessiteraient une

telle petite valeur de PHMI . Par exemple, un PHMI de 10−2 peut déjà être acceptable

pour certaines des applications terrestres.

En outre, cet exercice de caractériser les erreurs de position des récepteurs différents

en milieu urbain peut également bénéficier de l’effort de catégoriser et de certifier les

récepteurs. En ayant les caractéristiques de HPE des récepteurs, les récepteurs peuvent

être classés en différentes qualités de performance et cela doit permettre une sélection

correcte d’un récepteur approprié pour un certain type d’applications terrestres.
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Conclusions et Perspectives

Cette thèse porte sur les défis en matière de contrôle de la fiabilité de la navigation par

satellites GNSS pour les applications des véhicules terrestres dans les milieux urbains.

L’objectif principal de cette recherche est de développer des méthodes de positionnement

avec confiance en utilisant des mesures GNSS et d’autre mesures exterieurs pour les

utilisateurs dans des environnements urbains contraintes. Essentiellement, la confiance

de positionnement est identifiée avec la capacité de faire confiance à la position estimée.

Dans la première partie de nos travaux de recherche, les erreurs NLOS dans les milieux

urbains sont caractérisés à l’aide d’un modèle 3D de l’entourage urbain. Dans un envi-

ronnement avec un nombre limité de satellites visibles, l’exclusion des signaux dégradés

pourrait aboutir à ne pas avoir assez de mesures acceptables pour obtenir une solution

de position ou de nuire à la géométrie des satellites. Par conséquent, si le signal dégradé

peut être identifié, et si son biais peut être estimé, le signal peut être corrigé et effi-

cacement utilisé pour le positionnement. A cet effet, un simulateur de GNSS est utilisé

conjointement avec le modèle 3D afin d’identifier les signaux NLOS et de prédire leurs

biais. De cette prédiction, les signaux NLOS sont corrigés et utilisés pour améliorer la

précision et l’intégrité des positions estimées. La capacité du modèle 3D à prédire l’état

de réception du signal soit dans LOS ou NLOS a été jugée acceptable et encourageante.

Néanmoins, en raison des limites du modèle 3D en termes de la grande variabilité des

facteurs géométriques, sa capacité de prédire le biais NLOS instantané a été jugé mod-

este et pas concluante pour les données traitées. De même, quand les biais prédits

ont été utilisées pour les corrections de PR dans le filtre de Kalman d’estimation de la

position, les résultats ont montré que les erreurs de positionnement sont généralement

presque similaires à celles calculées en utilisant le biais calculé à partir de la trajectoire

de référence. Cela signifie que cette information est très utile.

Dans cette thèse, nous avons proposé dans la deuxième partie du travail une technique

de surveillance de la fiabilité du GNSS en environnement urbain à l’aide d’un capteur

de vitesse de confiance. L’approche prend une prédiction de pseudodistance déduite en

utilisant l’hybridation avec d’autres capteurs pour maintenir la continuité du position-

nement, même dans la situation de la réduction du nombre des satellites visibles. Un

odomètre et un gyroscope sont utilisés comme des capteurs de DR qui sont couplés avec

le récepteur GNSS pour obtenir une position de référence pour le contrôle de la fiabilité
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de la pseudodistance GNSS. En utilisant l’approche hybride, des résidus sont générés

pour formuler un test statistique testé contre un seuil. Quelques formes de résidus ont

été obtenues sur la base de plusieurs observables, à savoir les PR, le taux de la distance

et de la vitesse. Pour le résidu de vitesse, l’odomètre a été capteur de référence. Le

résultat considéré comme un de la représentation du résidu de la PR sur les erreurs

varie d’un satellite à un autre. Le résidu a une bonne représentation pour les satellites

avec erreurs de grandes valeurs. Puisque dans un tel cas, les résidus de PR ont été en

mesure de détecter les erreurs de mesure avant qu’ils ne soient acceptés comme mesures

valides pour le positionnement. En ce sens, le résidu de PR peut être utilisé comme

la première couche dans les couches multiples comme métrique de surveillance de la

fiabilité. Un potentiel similaire a également été mise en évidence par la technique FDE

qui est basé sur le résidu du taux de la pseudo-distance. Cependant, son inconvénient

dans ce travail par rapport à l’approche basée sur le résidu des PR est qu’il ne peut

pas être mis en œuvre pour corriger ou remplacer la mesure défectueuse. D’autre part,

nous avons constaté qu’il est très difficile de lier le résidu de vitesse à l’erreur de po-

sitionnement. Au contraire, il serait utile pour la détection d’erreur de vitesse. Nous

avons examiné le modèle 3D et d’autres capteurs parce que nous sommes convaincus que

dans des environnements difficiles, la surveillance de l’intgrité a besoin d’informations

supplémentaires autres que du GNSS.

La recherche dans cette thèse a également conduit au développement d’une nouvelle

méthodologie expérimentale de surveillance d’intégrité pour le positionnement dans les

environnements urbains. Travailler directement dans le domaine de position, les distri-

butions d’erreurs de position horizontale (HPE) sont caractérisées par la distribution

de Pareto généralisée. Puis, une statistique de test est dérivée basée sur les résidus de

position (plutôt que des résidus de pseudodistance) qui CDF sont adaptés ou gonflés

pour correspondre à la majoration de la CDF d’erreur de position caractérisée. En

surveillant la statistique de test contre un seuil spécifique, l’intgrité et la continuité de

positionnement sont remplies à un certain niveau de confiance. Les résultats à l’aide de

données recueillies dans les zones du centre-ville de Toulouse montrent que la technique

est assez prometteuse.

La méthode est ensuite étendue à calculer de manière autonome le niveau de protection

horizontale (HPL) en milieu urbain à l’aide d’une approche composite. La décomposition

des distributions HPE dans ses composantes de bruit et de biais a été mis en œuvre
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avec un filtre AR. En ciblant la simplicité et la mise en œuvre directe, la distribution

gaussienne est utilisée comme une distribution limite via sa CDF tant pour le bruit

que pour et les distributions des biais. Alors que la question des queues lourdes a été

confrontée dans cette approche, son application est potentiellement plus élevée pour les

récepteurs multi-constellation, comme indiqué dans les résultats.

Plusieurs perspectives sont notables résultant des travaux de cette thèse, en particulier,

les points suivants présentent un intérêt particulier:

– Utilisation des échantillons de mesure obtenus dans de diverses villes pour l’analyse

des performances. Avec ces données, une évaluation plus approfondie sur la ro-

bustesse de la distribution de surdélimitation de Pareto généralisée comme l’approche

de l’intégrité de positionnement de surveillance en milieu urbain peut être effectuée.

Autres types de distributions qui peuvent prendre en compte la queue lourde des

erreurs peuvent être étudiées pour caractériser les biais GNSS.

– Chercher une technique plus efficace pour extraire le bruit gaussien aléatoire de la

distribution HPE. Cela contribuera à une délimitation plus efficace du bruit dans

l’approche composite de calcul du HPL pour les environnements urbains.

– Identifier et développer des techniques qui peuvent combiner de manière optimale

les méthodes heuristiques, des approches du domaine des mesures et du domaine

de la position dans une procédure de surveillance de l’intégrité. Ils pourraient être

en couches multiples, à exécuter de manière séquentielle ou en parallèle, ou de

manière sélective en fonction des situations particulières.

– Pour étudier plus en avant l’efficacité de la technique résiduelle de vitesse pour

le suivi d’applications liées à la vitesse. Il pourrait être également intéressant de

rechercher des méthodes permettant de relier la vitesse résiduelle à la position de

sorte qu’elle peut être utilisée pour le contrôle du positionnement.

– Étudier l’utilisation des approches statistiques non-paramétriques pour modéliser

les erreurs soit dans le domaine de pseudo-distance ou dans le domaine de la

position.





Chapter 1

Introduction

Free accessibility and suitable accuracy of the Global Navigation Satellite System (GNSS)

signals for location and timing, along with the availability of affordable receiver chipsets,

had promoted the GNSS as the preferred solution for a very wide and growing range

of applications. Nowadays, the GNSS encompass operational systems such as GPS,

GLONASS and the under development systems mainly like the Chinese BEIDOU and

the European GALILEO. Satellite navigation and timing are used all over the world in

a plethora of fields such as transportation, agriculture, fisheries, law enforcement, search

and rescue, and many others. Expectations of their evolution in the coming years, espe-

cially with the development of the European Galileo system and other regional systems,

forecast on a large increase of these products and of new services. According to the

European GNSS Agency, location-based-service (LBS) and road applications such as in

Intelligent Transport System (ITS) will be the market sectors with the highest revenue

generation for the GNSS related industry [22].

In view of such progress, there have been many initiatives to further develop GNSS based

applications. For example, in the case of road applications, the GSA had commissioned

a research initiative known as GIROADS (GNSS Introduction in Road Sector) which

aimed at aggregating the road community’s proposals to facilitate the technical and com-

mercial introduction of Europe’s satellite navigation programme to the road transport

sector [23]. As an illustration, road user charging (RUC) is one of the road applications

(where GPS is used as the primary technology) that has been successfully implemented

53
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in Germany [24] and Slovakia [25]. In October 2014, Singapore had announced the de-

cision to replace its existing congestion pricing system (called ERP - Electronic Road

Pricing) by 2020, with a GNSS-based system that will allow more dynamic and variable

pricing by individual road and time of day [26]. In France, a project called EcoTax has

been developed but its implementation is facing social and political objection. Indeed,

many sectors are using more and more GNSS based applications such as in the agri-

culture, robotics, machine-based services and so forth. Nevertheless, these exciting and

promising potentials for the progress of GNSS applications in land navigation are not

without major hurdles in their course of development. It is acknowledged that reliable

performance is difficult to achieve in restraint environments such as in urban settings

or roads under heavy foliage canopy. Performance reliability of satellite navigation is

especially critical for applications which potentially have impacts on financial, legal or

even safety-of-life aspects.

In open sky environments, the performance of the GNSS positioning have been improved

over the time. The accuracy of a single point positioning already lies in meter level. Fur-

ther performance improvements have been achieved by using carrier-phase measurements

and by implementing differential technique. However, there is no concluding study exist

in improving the performance of GNSS positioning in urban environments.

This introduction begins with the research motivation and followed by a short overview

of the existing and future planned GNSS systems and some brief descriptions of the basic

working principle of satellite navigation and the concept of integrity developed originally

in augmentation systems for civil aviation. Then, different concepts and performance

measures for reliability in positioning are briefly described. After that, the thesis objec-

tives and contributions are highlighted before delineating the thesis structure.

1.1 Motivation

The GNSS positioning services for land applications have grown in popularity and use-

fulness that they are poised to be receiving more demands from users. These existing

terrestrial applications together with many more potential services cover a broad range

of applications such as location based charging, pay-as-you-drive (PAYD) road charging,

specific car tracking (racing, insurance, criminals, etc.) and geo-localization reporting
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[27]. In addition, the applications for Advance Driver Assistance System (ADAS) such

as lane keeping, collision avoidance and so forth also make use of the GNSS positioning

system [28]. Since many of the services involve financial, legal and potentially safety-of-

life repercussions, these applications would need compliance with safety and reliability

requirements. In order to foster innovation and further expedite the development for

the land navigation applications, a lot of effort is needed to achieve the technical and

regulation requirements.

More often than not, in these land-based applications, the GNSS receiver is a sub-system

for providing positioning, velocity and time (PVT) information that would be used as

subsequent inputs by the next module in the application system as a whole. In fact,

the GNSS is not the only technology involved in the positioning module when hybrid

solution is implemented. In such case, the GNSS technology is complemented by other

sensors, for instance inertial or odometric, in order to improve the performance of the

PVT solution. Because of these arrangements, there is a need to choose a suitable

receiver type and to know its minimum performances so that the final applications

requirement at the user level will be met [29, 30]. For this purpose, the characterization

of positioning error is needed to provide the final user with the level of confidence needed

by his application which uses the technical requirements of the GNSS solution.

Many factors affect the final performance of a GNSS receiver. Some of them are re-

lated to the inherent quality of the receiver and its antenna (sensitivity, quality of signal

processing, resilience to interference and jamming, etc.), while some are related to the

atmospheric layers which the signals pass through and finally some are related to the

receiver environment of reception. The interference sources in local reception environ-

ment (masks, multipath, diffraction, etc.) including the dynamics of mobile objects has

crucial effects on the performance. Indeed, along with the appearance and innovation

of new land applications, many of the demands and challenges on their performances

come from urban environments where the processing needs of the received signals are

extensively more complex than in open sky environments.

Reliable GNSS positioning is difficult to be achieved in dense urban areas because in

these environments the satellites signals are often obscured or reflected by buildings

and receiver-surrounding objects, which distort measurements and bias the calculated

position. Diffracted and reflected signals received together with the direct signal can
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result in ten-meter-order positioning errors, and hundreds of meters of positioning error

can be present in non-line-of-sight (NLOS) signals situations. As these issues hinder or

slow down the adoption of GNSS in applications which require high service availability or

a good level of confidence in PVT information for usage in urban environments, effective

and timely solutions are very much sought after. For all these reasons, we choose to work

on monitoring the reliability of GNSS aided positioning for land vehicle applications in

urban environments.

1.2 GNSS Systems Overview

A GNSS system is usually separated into 3 main segments namely, the Space Segment,

the Ground Control Segment and the User Segment. The Space Segment consists of

satellite constellation where the satellites orbit around the earth while transmitting radio

signals to users. The Ground Control Segment has a network of monitoring stations on

earth. In general, this segment controls, monitors and maintains the operations of the

satellites such as generating the NAV message. Finally, the User Segment is simply the

GNSS receivers, which function is to receive and process the GNSS signals to obtain the

PVT solution.

As of today, there are several GNSS systems in existence and under development. Among

the established systems are the United States’ NAVSTAR-GPS (commonly referred to

as GPS - Global Positioning System) and the Russian’s GLONASS. Europe has already

put in space four satellites and two are planned to be launched this month to form its

own GNSS constellation known as Galileo and the Chinese BeiDou is already global

now. Apart from these, there are also regional systems which are the Japanese Quasi-

Zenith Satellite System (QZSS), and the Indian Regional Navigational Satellite System

(IRNSS). Some brief descriptions of these GNSS systems are as follows:

a. Global Positioning System (GPS) GPS is the oldest and the most widely used

GNSS system today. It was developed in 1973 by the United States Department of

Defence (U. S. DoD) and became fully operational in 1995. As for the current number,

the constellation consists of 30 Medium Earth Orbit (MEO) satellites operating on six

orbital planes with 55 degrees inclination at an altitude of 20,200 km. This configuration

allows a good coverage of the globe except for the polar regions.
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Originally, GPS satellites transmit two BPSK signals with carrier frequency L1 (1575.42

MHz) and L2 (1227.60 MHz). Two pseudo-random (PRN) codes are applied to the L1

signal via modulation by phase quadrature: the C/A code (Coarse Acquisition) and the

P-code (Precise) which can be encrypted and called P(Y) code which is reserved for

military applications. The L2 signal is modulated by the P code only. The two signals

are also modulated by the navigation message which has a bit rate of 50 bits/sec and

carries the satellite ephemeris data.

However, technological advancements that coupled with new demands on the existing

GPS have led to the system modernization effort since the year 2000. Two new civil

signals are being transmitted by GPS satellites in each the L2 and L5 bands. The

third new signal shall be implemented in the next generation of GPS satellites. Further

information on GPS may be obtained, for instance, in [3, 31–33]

b. GLObal NAvigation Satellite System (GLONASS) The Russian GNSS sys-

tem, GLONASS was developed by the ex-Soviet Union around the same time as the GPS

development. GLONASS constellation of 24 satellites reached its initial full operation

capability in 1995. Soon after, due to the lack of funding by the Russian government, the

system fell into a state of decay where at its lowest, only six satellites were operational

in 2001.

However, later on the government made the restoration of the system as one of its

top priority with substantial increase of funding. By October 2011, the operation of

24 satellites was finally restored. The GLONASS satellites are placed in three orbital

planes at an altitude of about 19.100 km (MEO) in such a way that they cover the whole

Russia. As a result, GLONASS constellation also covers the polar regions which are not

the case for GPS.

In its original design, GLONASS uses Frequency Division Multiple Access (FDMA) ap-

proach to distinguish its various satellites unlike GPS which use Code Division Multiple

Access (CDMA) technique. However, during the restoration effort, the GLONASS satel-

lites have been upgraded where the new satellites will transmit in the L3/L5 band apart

from the original broadcast in the L1 (standard and high accuracy signals) and L2 (high

accuracy signal) bands by the legacy satellites . In the planning, both Frequency Divi-

sion Multiple Access (FDMA) and Code Division Multiple Access (CDMA) will be used
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for the signals to be transmitted in those bands. Additional information on GLONASS

may be obtained in [31, 34, 35].

c. Galileo Realizing the impact of GNSS applications in the present and future Eu-

ropean economy, the European Union (EU) has embarked to develop Galileo with the

objective to have an alternative GNSS independently from the US GPS and Russian

GLONASS systems. The system is designed to have a constellation of 30 satellites (27

operational and 3 active spares), which occupy three orbital planes at 56o inclination at

altitude of 23,222 km (MEO).

Fully administered and controlled by civilian body, Galileo will provide four main ser-

vices.The Galileo Open Service (OS) is provided without charge and accessible by every-

one. It can be used either in single or dual frequency mode at L1/E1 and E5 (1191.795

MHz) bands.

The Public Regulate Service (PRS) is specially allocated to government-authorized users

and is guaranteed of continuous availability even if other services are disabled in time of

crisis. The bands allotted for this service are the E1 and E6 (1278.75 MHz).

With a charged fee, the Commercial Service (CS) offers higher performance than the

OS and provides added services such as guaranty of service, integrity and continuity of

signal. CS broadcast on the same bands as OS but complemented by two signals at the

E6 band (1278.75 MHz)

Galileo’s Support to Search and Rescue Service (SAR) represents Europes’s contribution

to the international cooperative effort on search and rescue activities under COSPAS-

SARSAT organisation. Apart from improvement in terms of the satellite visibility to

detect distress signal, SAR/Galileo also introduces a return link from the SAR operator

to the distress emitting beacon.

d. BeiDou Navigation Satellite System (BDS) Started as a demonstration system

when two navigation experiment satellites were launched in 2000, BDS is now already in

the third step of its development which is designed and aimed to provide global coverage

around the year 2020. The system will have two types of service modes; an open service

and an authorized service. In order to achieve this capability, China planned to have a

constellation of 5 GEO satellites, 27 MEO satellites and 3 IGSO satellites.
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Apart from the mixed composition of satellite orbits, BDS is also different from the

other global GNSS systems in that it uses its GEO satellites to transmit augmentation

signals for error correction.The B1I and B2I are the two civil signals described in the

documents published by the China Satellite Navigation Office which respectively use the

E2 and the E5B frequency bands.

Since December 2012, BDS has been declared fully operational over China and the

surrounding areas with 14 operational satellites in orbit, including 5 GEO satellites, 5

IGSO satellites, and 4 MEO satellites [36–38].

e. Indian Regional Navigational Satellite System (IRNSS) The IRNSS is an

independent regional navigation satellite system that is being developed by Indian Space

Research Operation (ISRO). The complete system will have seven satellites in the con-

stellation (three satellites in geostationary orbit (GEO), and four satellites in inclined

geosynchronous orbit (IGSO)). For the time being, two geosynchronous and one geosta-

tionary satellite had been launched making three of the IRNSS satellites are already in

the orbit. Full constellation is expected to be accomplished by 2015.

The IRNSS will provide two types of service which are the Standard Positioning Service

for common civilian users and the encrypted Restricted Service for special authorized

users. Two signals in the L5 and S bands will be used in this system[39, 40].

f. Quasi-Zenith Satellite System (QZSS) The QZSS is being developed by Japan

with the target of having four satellites in orbit (three satellites with an IGSO and one

with GEO) by the year 2018. Further on, it is intended for the system to have a total

of seven satellites in its constellation.

The main concept for QZSS is to have a compatible system with the GPS so that

it complements the availability of GPS satellites, hence increase the total number of

available satellites over Japan and the Asia-Pacific region. With this intention, the

QZSS is designed to provide signals similar to GPSs L1 C/A, L1C, L2C, and L5. In

addition, QZSS will also transmit augmentation signals for error corrections which are

the Sub-meter Level Augmentation (SLAS) in the L1S band and the Centimeter Level

Augmentation Signal (CLAS) in the L6 band [41, 42].
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Figure 1.1: GNSS positioning and trilateration concept

1.3 GNSS General Working Principle

1.3.1 Pseudorange measurement and positioning

Positioning by GNSS can be explained by a trilateration process, which is a method of

determining point locations based on measurement of distances in a defined geometric

space. By having distance measurements from three or more known points of location

in the same space, such as the known locations of GNSS satellites, circles can be formed

around those points (satellite positions) and where they overlap identifies the user posi-

tion (Figure: 1.1). However, GNSS receiver does not actually measure the distance but

rather a pseudo-distance or a pseudorange (PR) thus, not applying the strict concept of

trilateration.

A GNSS receiver computes its pseudo-distance from a satellite based on the estimation

of the propagation time of the satellite signal multiplied by the speed of light. The

travel time of the signal can be estimated given the synchronization of the receiver with

the pseudorandom code of the signal and when the starting time of transmission by the

satellite is known [43].

d = c(trcv − txmit) (1.1)

where d is the distance between receiver and satellite, trcv is the time at which a specific,

identifiable part of the signal is received, txmit is the time at which that same part of

the signal is transmitted, and c is the speed of light.
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However, in practice, GNSS receivers are not synchronized to GNSS time. Therefore, the

effect of this receiver clock error can be included in the range estimation. This estimate

is called pseudorange (PR) measurement. It is based on the transition duration of the

signal and the time difference between the clock of the receiver and that of the satellite.

The actual PR measurements are also affected by various propagation and system specific

errors. Accounting for the noises and errors in the measurement, PR can be represented

by the equation[3],

ρi = di + c.dtr − c.dts + Ii + Ti + εi (1.2)

where

• di is the straight line distance between the receiver and the satellite

• c.dti is the satellite clock offset

• c.dtr is the receiver clock offset

• Ii is ionospheric delay

• Ti is tropospheric delay

• εi represents the receiver noise, multipath and NLOS

The size and statistical characteristic of these errors contribute to the quality of the

PVT solution. When the errors are smaller and more uncorrelated, the quality of the

solution tends to be better. Hence, PR measurements are commonly preprocessed to

reduce the effect of the errors. Among these error terms, the clock receiver bias, dtr, is

dependent on the receiver and has the same effect to all the PR measurements. As for

the rest of the errors, they can be different for each satellite at any given time. Although

can never be completely eliminated, the error terms can be minimized to some extent

using various techniques.

The clock receiver bias, dtr, is determined as one of the unknowns in the navigation

equation. The satellite clock bias, dts, can be compensated for based on the information

transmitted in the satellite signal. As the atomic satellite clocks are very stable, a second

order polynomial model is used to predict the satellite clock bias. The Tropospheric,

T , and Ionospheric, I , errors can be estimated using the transmitted data along with
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certain atmospheric models. Assuming that the satellite clock, ionosphere, and tropo-

sphere corrections are applied to the PR, ε will include residuals from these corrections

and all other errors, e.g. multipath, NLOS and the receiver thermal noise. A more

comprehensive overview of the PR measurement errors can be obtained in [3, 31, 32].

In the urban settings however, the error in εi is dominated by multipath and NLOS

which is known to be local environment dependent, non-Gaussian, non-stationary and

can be time correlated. Therefore, the multipath and NLOS biases are very difficult to

be estimated and indeed become one of the focused subjects in this thesis. Their further

elaborations will be provided in the following sections.

Once the PRs are measured, ones have a set of nonlinear equations with four unknowns,

called the navigation equation. In a Cartesian coordinate system,

ρ1 =
√

(x1 − x)2 + (y1 − y)2 + (z1 − z)2 + c.dtr

ρ2 =
√

(x2 − x)2 + (y2 − y)2 + (z2 − z)2 + c.dtr

...

ρi =
√

(xi − x)2 + (yi − y)2 + (zi − z)2 + c.dtr (1.3)

for simplification,

ρi = di + c.dtr (1.4)

where

di =
√

(xi − x)2 + (yi − y)2 + (zi − z)2 (1.5)

where x, y, z represent the position of the receiver; xi,yi,zi, represent the position of the

ith satellite at the time of the transmission of the signal, c is the speed of light and dtr

is the clock offset of receiver. From the equations above, it is deduced that at least four

pseudorange measurements are needed to estimate the 4 unknowns (x, y, z and dtr). The

satellite positions are computed by using the demodulated Kepler parameters obtained

from satellite navigation message. The position is calculated and then transformed to a

system of coordinates in longitude, latitude and ellipsoidal height. The most commonly

used coordinate system is WGS84 (World Geodetic System 1984)[4].

Using the PR measurements, several different algorithms can be used to calculate various

solutions for example; position, clock bias, velocity, time and acceleration. The most

commonly utilized navigation algorithms are the Weighted Least-Square and the Kalman
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filter. Apart from the PR measurements, navigation solution can also exploit other

GNSS measurements such as the Doppler (DP) measurement or Carrier-Phase (CP)

measurement to smooth the solution in measurements or position domain. Existing

smoothing methods use CP and DP to take advantage of the high precision characteristic

of CP and DP, in order to improve the accuracy of the PVT.

1.3.2 Doppler Measurement and its relation to range rate and carrier

phase

Due to the movement of satellites relative to the receiver, the received signal frequency

is offset from the carrier frequency, a condition known as the Doppler effects. GNSS

receivers can provide this offset observable, called Doppler measurement, which unit is

the Hertz (Hz)[31].

4fD = fRi − fT i = −fT i
(v − u̇)a

c
(1.6)

where

• 4fD is the Doppler offset

• fRi is the unbiased received frequency from i-th satellite

• fT i is the theoretical transmitted satellite frequency from i-th satellite

• v is the velocity of the i-th satellite

• u̇ is the velocity of the user

• a is the unit vector pointing along the line of sight from the user to the i-th satellite

• c is the speed of light

Doppler measurements are usually estimated in two different ways. One option is the

use of raw Doppler measurements from the direct output of the Phase Lock Loop (PLL)

filter. Another method uses time-differenced GNSS carrier phase measurements [44].

Unlike carrier-phase, Doppler measurement does not suffer from cycle slips and it is more

precise than the PR measurements. Therefore, Doppler measurements can be benefitted

when used for PR smoothing and velocity estimation. One way to smooth the navigation
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solution is by using both PRs and Doppler measurements as the inputs to a filter that

estimate position and velocity solutions.

For velocity estimation using Doppler measurement, first we can relate Doppler mea-

surement to a range rate, which is the time derivative of the PR.

v.elos = vlos → ρ̇ = −λD =
−cD
f

(1.7)

where λ is the wavelength of satellite signal carrier, c is the speed of light, D is the

Doppler frequency and f is satellite signal carrier frequency.

Since Pseudorange rate is the time derivative of the PR, the same approach for position

determination using equation 1.4 may be used to calculate velocity using the PR rate.

ρ̇ = ḋi + c.ddtr (1.8)

With at least 4 measurements, one can then estimate the velocity of the receiver in three

dimensions. For measurements on the L1 frequency, the set of equations are:

−D1.
c

L1
= (vx1 − vx)γx1 + (vy1 − vy)γy1 − (vz1 − vz)γz1 + c.ddtr

−D2.
c

L1
= (vx2 − vx)γx2 + (vy2 − vy)γy2 − (vz2 − vz)γz2 + c.ddtr

...

−Di.
c

L1
= (vxi − vx)γxi + (vyi − vy)γyi − (vzi − vz)γzi + c.ddtr (1.9)

where vx, vy, vz represent the velocity of the receiver,vxi, vyi, vzi are the velocity of

the ith satellite, ddtr is the clock drift of the receiver clock, and coefficients γ are the

receiver-to-satellite line-of-sight unit vectors which equal to:

γxi =
xi − x
‖xi − x‖

γyi =
yi − y
‖yi − y‖

γzi =
zi − z
‖zi − z‖
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1.3.3 Dilution of Precision (DOP) - Impact of Satellite-User Geometry

on positioning

Apart from measurement accuracy, the satellite-user geometry also has a significant

effect on the accuracy of the PVT estimates obtained from GNSS [45]. The metric that

is commonly used for comparing this effect is known as dilution of precision (DOP). The

geometry can be said to dilute the range domain accuracy by the DOP factor.

DOP expresses how ranging accuracy is scaled by a geometry effect to yield position

accuracy. The more favorable is the geometry, the lower the DOP value. For example,

the optimal geometry (i.e. the lowest DOP value) for four satellites is achieved when

three satellites are equally spaced on the horizon, at minimum elevation angle, and one

satellite is directly overhead [1].

The DOP is identified when expressing the variance of the position error. From the PR

equation:

ρi = di + c.dtr (1.10)

To linearize Equation 1.10, the method of Taylor series expansion is applied and trun-

cated after the first-order partial derivatives in order to eliminate nonlinear terms (detail

description can be found in [31, 43] . The resulting linearized equation is,

4ρi = axi4xr + ayi4yr + azi4zr − c4tr (1.11)

or in matrix form,

∆ρ = H∆x (1.12)

where H is known as geometry matrix. Then, the DOP matrix, G is computed from H

as follows:

G = (HTH)−1 =


G11 − − −

− G22 − −

− − G33 −

− − − G44

 (1.13)

The most general DOP parameter is Geometric Dilution of Precision (GDOP) which is

defined as:

GDOP =
√
G11 +G22 +G33 +G44 (1.14)
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Other types of DOPs are:

PDOP =
√
G11 +G22 +G33

HDOP =
√
G11 +G22

V DOP =
√
G33

TDOP =
√
G44

1.4 Navigation solution reliability performance in civil avi-

ation

In civil aviation, the reliability of the navigation solutions are quantified by the following

parameters [1, 46]:

• Accuracy: The accuracy of a navigation system is a measurement of the degree

of conformance between estimated and true positions, i.e. the position error. Ac-

curacy requirements are given as the maximum allowable 95% percentile of the

position error. If the position error is modelled with a zero-mean normal dis-

tribution, the accuracy is approximately twice the maximum allowable standard

deviation.

• Availability: The availability of a navigation system is the ability of the system

to provide usable service within the specified coverage area, i.e. the ability to

provide the required function and performance at the initiation of the intended

operation. Signal availability is the percentage of time that navigational signals

transmitted from external sources are available for use. Availability is a function of

both the physical characteristics of the environment and the technical capabilities

of the transmitter facilities.

• Continuity: The continuity of a system is the ability of the total system (compris-

ing all elements necessary to maintain aircraft position within the defined airspace)

to perform its function without interruption during the intended operation. More

specifically, continuity is the probability that the specified system performance will

be maintained for the duration of a phase of operation, presuming that the system
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was available at the beginning of that phase of operation and was predicted to

operate (to exist) throughout the operation.

• Integrity: The integrity is a measure of the trust that can be placed in the

correctness of the information supplied by the total system. Integrity includes the

ability of a system to provide timely and valid warnings to the user (alerts). The

following terms are related to integrity requirements:

– Integrity Risk : The integrity risk is the probability of providing a position

that is out of tolerance without warning the user within the time-to-alert.

– Protection Level (PL): There are Horizontal Protection Level (HPL) and

Vertical Protection Level (VPL). The HPL, is the radius of a circle in the

horizontal plane . . . with its centre being at the true position, . . . for which

the missed alert and false alert requirements are met for the chosen set of

satellites when autonomous fault detection is used. It is a function of the

satellite and user geometry and the expected error characteristics: it is not

affected by actual measurement. Therefore, this value is predictable.

The VPL, is half the length of a segment in the vertical axis . . . with its

centre being at the true position, . . . for which the missed alert and false alert

requirements are met for the chosen set of satellites when autonomous fault

detection is used. It is a function of the satellite and user geometry and

the expected error characteristics: it is not affected by actual measurement.

Therefore, this value is predictable.

– Alert Limit (AL): There are Horizontal Alert Limit (HAL) and Vertical

Alert Limit (VAL). The HAL is the radius of a circle in the horizontal plane

(the local plane tangent to the WGS-84 ellipsoid), with its center being at

the true position, that describes the region that is required to contain the

indicated horizontal position with the required probability for a particular

navigation mode . . . .

The VAL is half the length of a segment on the vertical axis (perpendicular

to the horizontal plane of WGS-84 ellipsoid), with its center being at the true

position, that describes the region that is required to contain the indicated

vertical position with a probability of per approach, for a particular navigation

mode . . . .
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– Time to Alert (TTA): The TTA is the maximum allowable elapsed time

from the onset of a positioning failure until the equipment annunciates the

alert.

1.5 GNSS Augmentation System

Originally, in order to use the GPS in civil aviation operations, different augmentation

systems have been implemented to enhance the GPS performance so that to meet the

stringent ICAO standards. These augmentation systems can be categorized as [45, 47]:

• Ground Based Augmentation System (GBAS). As officially defined in [1],

GBAS consists of ground and aircraft elements. A GBAS ground subsystem typi-

cally includes a single active VHF data broadcast (VDB) transmitter and broadcast

antenna, referred to as a broadcast station, and multiple reference receivers. A

GBAS ground subsystem may include multiple VDB transmitters and antennas

that share a single common GBAS identification (GBAS ID)and frequency as well

as broadcast identical data. The GBAS ground subsystem can support all the

aircraft subsystems within its coverage providing the aircraft with approach data,

corrections and integrity information for GNSS satellites in view. All interna-

tional aircraft supporting APV should maintain approach data within a database

on board the aircraft. The Type 4 message must be broadcast when the ground

subsystem supports Category I precision approaches. The Type 4 message must

also be broadcast when the ground subsystem supports APV approaches if the ap-

proach data is not required by the State to be maintained in the on-board database.

GBAS ground subsystems provide two services: the approach service and the

GBAS positioning service. The approach service provides deviation guidance for

FASs in Category I precision approach, APV, and NPA within the operational cov-

erage area. The GBAS positioning service provides horizontal position information

to support RNAV operations within the service area. The two services are also

distinguished by different performance requirements associated with the particular

operations supported including different integrity requirements. A primary distin-

guishing feature for GBAS ground subsystem configurations is whether additional

ephemeris error position bound parameters are broadcast. This feature is required
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for the positioning service, but is optional for approach services. If the additional

ephemeris error position bound parameters are not broadcast, the ground sub-

system is responsible for assuring the integrity of ranging source ephemeris data

without reliance on the aircraft calculating and applying the ephemeris bound.

• Satellite Based Augmentation System (SBAS). Also officially defined in

[1], an SBAS is made up of three distinct elements: the ground infrastructure,

the SBAS satellites, and the SBAS airborne receiver. The ground infrastructure

includes the monitoring and processing stations that receive the data from the

navigation satellites and compute integrity, corrections and ranging data which

form the SBAS signal-in-space. The SBAS satellites relay the data relayed from

the ground infrastructure to the SBAS airborne receivers that determine position

and time information using core satellite constellation(s) and SBAS satellites. The

SBAS airborne receivers acquire the ranging and correction data and apply these

data to determine the integrity and improve the accuracy of the derived position.

The SBAS ground network measures the pseudo-range between the ranging source

and an SBAS receiver at the known locations and provides separate corrections

for ranging source ephemeris errors, clock errors and ionospheric errors. The user

applies a tropospheric delay model. The ranging source ephemeris error and slow

moving clock error are the primary bases for the long-term correction. The ranging

source clock error is adjusted for the long-term correction and tropospheric error

and is the primary basis for the fast correction. The ionospheric errors among

many ranging sources are combined into vertical ionospheric errors at predeter-

mined ionospheric grid points. These errors are the primary bases for ionospheric

corrections.

• Aircraft Based Augmentation System (ABAS). ABAS augment and/or in-

tegrate GNSS information with information available on-board the aircraft to

enhance the performance of the core satellite constellations. The most com-

mon ABAS technique is called receiver autonomous integrity monitoring (RAIM).

RAIM requires redundant satellite range measurements to detect faulty signals

and alert the pilot. The requirement for redundant signals means that navigation

guidance with integrity provided by RAIM may not be available 100 per cent of

the time. RAIM availability depends on the type of operation; it is lower for non-

precision approach than for terminal, and lower for terminal than for en-route. It is
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for this reason that GPS/RAIM approvals usually have operational restrictions[47].

Another ABAS technique, aircraft autonomous integrity monitoring (AAIM), uses

information from additional on-board sensors (e.g. barometric altimeter, clock and

inertial navigation system (INS))[1].

The following terms are relevant to the RAIM and FDE process as defined in [46]:

• A positioning failure occurs whenever the difference between the true position

and the estimated position exceeds the applicable alert limit. If the equipment

is not aware of the alert limit, a positioning failure is defined to occur whenever

the difference between the true position and the estimated position exceeds the

applicable protection level (HPL, VPL).

• A false detection is defined as the detection of a positioning failure when a

positioning failure has not occurred.

• A missed detection occurs whenever a positioning failure is not detected.

• A failed exclusion occurs whenever a true position failure is detected and the

detection condition is not eliminated within the time-to-alert (from the onset of

the positioning failure). A failed exclusion would cause a navigation alert.

• A wrong exclusion is defined to occur when a detection occurs, and a positioning

failure exists but is undetected after exclusion.

• A missed alert is a positioning failure that is not annunciated as an alert within

the time-to-alert are defined to. Both missed detection and wrong exclusion can

cause missed alerts after the time-to-alert expires.

• A false alert is defined as the indication of a positioning failure when a positioning

failure has not occurred (a result of false detection). A false alert would cause a

navigation alert.

1.6 Integrity of GNSS Positioning

Positioning confidence is essentially identified with the ability to trust the estimated

position. With respect to the confidence of GNSS-based positioning, there are generally
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two fields of profession that had invested tremendous efforts in this issue. They are the

geodesy/surveying community and air transport navigation community.

The concept of outlier detection in parameter estimation of positioning variables was in-

troduced in the surveying community where reliability is defined as a statistical measure

of the confidence that in performing a positioning survey no blunders were made and

no undetected outliers are present [48, 49]. There are two types of reliability as applied

to the geodetic field; internal and external reliability. Internal reliability refers to the

ability to detect outliers and quantified by the minimum detectable bias (MDB), i.e. the

smallest measurement error that can be detected using the appropriate test statistics.

As described in [50], the test statistic T has a Chi-squared distribution, which is central

under H0 and non-central under Ha. The non-centrality parameter λ0 is a measure of

the distance between H0 and Ha. This non-centrality parameter can be computed once

reference values are chosen for the level of significance (the probability of rejecting H0

when it is true) and the detection power (the probability of rejecting H0 when Ha is

true). Once the parameter is known, the corresponding size of the bias that can just be

detected (i.e. the MDB) can be calculated. On the other hand, the external reliability

describes the impact of the MDB on the position estimate. In order to avoid surveying

error, outlier is detected based on the procedure known as Detection, Identification and

Adaptation (DIA) [49, 51].

For some applications, such as horizontal navigation, and against some specific threats,

e.g. Major Service Failure, the air transport community employed comparatively the

same techniques for detecting faulty GPS measurements, which rely on having redundant

measurements in order to employ a consistency check [52, 53]. However, the adopted ter-

minologies are different. In the aviation sector, the quality or the reliability of position

estimates can be demonstrated by their accuracy, integrity, continuity and availability.

While initially developed for air transport navigation, these metrics have been considered

as a methodology of inspiration and are being investigated for land vehicle navigation

such as the work in [54]. The aviation industry’s approaches to integrity measurement

mainly rely on Fault Detection and Exclusion (FDE) algorithms to reject outliers from

measured data and the computation of Protection Level (PL) associated to an integrity

risk [55]. Also known as Receiver Autonomous Integrity Monitoring (RAIM), the tech-

niques are accomplished either in the position domain or in the range domain.
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Existing RAIM techniques are suited to aerospace applications where high redundancy

of data exists, mature standards provides the needed performance to be achieved for

each phase of navigation and only a single fault is expected. Many efforts were made to

adapt these techniques for land vehicle applications [56], and to deal with multiple faults

[57–60]. However, the problem is still quite challenging especially since the requirements

are not clear yet for each land application or service, and the metrics of performance is

not defined and highly variable. However, it is worth noting that several working groups

around the world are making serious efforts to propose standard for other than civil

aviation applications. Such an example is the initiative in the frame of the European

Telecommunications Standards Institute (ETSI) led by the group Satellite Communi-

cation and Navigation (SCN) of the Technical Committee Satellite Earth Station and

Systems (TC SES) [27].

Algorithms for positioning integrity and reliability monitoring are usually based on sta-

tistical inference and hypothesis testing. Since actual position error cannot be known

or measured in real time, RAIM calculates a measurable scalar parameter that provides

information about pseudorange measurement errors (which can be linked to the position

error). This measurable parameter is called test statistic. It is a random variable with

known distribution. For example, in Least Square RAIM, the test statistic is calcu-

lated from PR residuals, which are the difference between the measured PR and the PR

derived from the estimated navigation solution.

In RAIM, failure detection is achieved by comparing a test statistic, T , against a detec-

tion threshold, Th:

P (|δPosition| > ε) = T 6 Th⇔ no failure detection

T > Th⇔ failure detection

For implementation in urban settings, T has to be formulated to detect errors in the

measurements like outliers coming from NLOS and MP effects. The challenge is to

be able to characterize T in this kind of non-Gaussian environments. The decision

threshold, Th is also computed using the standard distribution of T .

RAIM is developed to detect a positioning failure with required missed detection proba-

bility PMD and false alarm probability PFA (non-faulty positioning that are considered



Chapter 1. Introduction 73

Table 1.1: GNSS SIS Performance Requirements from ICAO-ISRP, 2006 [1]

as faulty)[61]. The detection threshold value is stipulated for achieving the specified PFA

as a constant false detection rate in fault free conditions. In civil aviation, a constant

false alarm rate is chosen to meet the specific performance requirements depending the

phase of flight (see Table 1.1). However, in modern applications the position is not

always the final used information; sometimes travelled distance or passing a checkpoint,

etc. Thus, the integrity problem could be formulated differently.

1.7 Thesis objectives

This thesis addresses the challenges in reliability monitoring of GNSS aided navigation

for land vehicle applications in harsh environments. Considering that GNSS integrity

requirements and monitoring techniques have been originally defined and well established

in the civil aviation framework, their research and developments provide the bedrock

for in-depth understanding and serve as a launch pad for aspiration, adaptation and

further development to satisfy the particular needs of the land applications. Due to the

unique circumstances posed by the urban settings, the developed approaches for open

sky environments are not effective in ensuring reliability in restricted environments.

The main challenge in these harsh urban environments is the difficulty to have a reliable

model of the received measurements, from which most of performance and integrity

metrics are usually formulated as in the case of civil aviation applications.
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The main objective of this research is to develop methods of trusted positioning using

GNSS measurements and confidence measures for the user in constrained urban envi-

ronments. In pursuance of the objective, the following goals are set in this research:

• Testing on the performance of a 3D model of an urban setting to predict NLOS

signals and the resulting biases in order to reduce or negate the NLOS effect on

positioning.

• Experimenting on GNSS observables augmented by trusted sensor (odometer and

gyro) for predicting PR error in order to improve positioning accuracy hence reli-

ability in urban environment.

• Characterizing the horizontal position error (HPE) in the position domain using

generalized Pareto distribution to account for the heavy tail characteristic of the

HPE in urban scenario. This approach permits us to consider the GNSS receiver

as a black box mixing all errors together and modeling the global positioning error

without caring about the modeling of error in range domain.

• Develop new statistical tests to check the integrity of the position estimate in

urban environments.

It is worth mentioning here that until now, there is no standardized performance require-

ments yet for land applications, therefore the work in this thesis cannot be based on any

specific integrity requirements. In addition, the main focus for the source of GNSS

measurements in these works is on the PR rather than the carrier phase or Doppler

measurements.

1.8 Thesis contributions

The contributions of this thesis are:

NLOS characterization using 3D model. In this part of the research, 3D model

of the receiver’s environment is used jointly with a GNSS simulator to identify NLOS

signals and predict their biases. The NLOS signals can still be used rather than discarded

in order to improve the positioning accuracy and integrity in environments with reduced
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satellites visibility. SE-NAV environment simulator software from OKTAL-SE is used

to generate the 3D model.

Reliability checking based on trusted velocity sensor. Here, the work proposes

a reliability monitoring technique in the range domain for urban environment using a

trusted velocity sensor. In this work, a single mechanical odometer is used and comple-

mented by a gyroscope as reference sensor for integrity checking of the measured PRs

through a hybridized navigation filter.

Characterization of Horizontal Position Error in Urban Environment. This

part of the research directly characterizes the horizontal position error (HPE) in urban

environments (rather than the PR error) using generalized Pareto distribution (GPD) to

bypass the complexity of PR error modelling. Usually, the position error is assumed to

be Gaussian distributed, which is not true in urban environments due to the correlated

errors from NLOS and multipath.

Novel scheme for position integrity monitoring in urban environments. Based

on the characterized horizontal position error (HPE), the inflated version of the fitted

Pareto model is used to overbound the CDF of the HPE, i.e., for bounding the radial

position errors. By matching the distribution of position residuals to this overbounding

CDF, a novel test statistic is derived to monitor the integrity of the position estimation

for each specific type of receiver.

1.9 Thesis Structure

This PhD thesis is organized into seven chapters as follows:

Chapter 1 presents the motivation and objective of the thesis, as well as the contribu-

tions and the structure of the thesis report.

Chapter 2 introduces the principles of GNSS navigation and its implementations for

land navigation applications. The challenges faced for GNSS navigation in urban envi-

ronments are also highlighted along with the state of the art approaches to meet these

challenges.

Chapter 3 focuses on describing the current techniques for reliability and integrity

monitoring in GNSS positioning. It draws attention to some of the advantages and
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constraints of the existing approaches, which are largely developed based on the civil

aviation experiences and requirements.

Chapter 4 describes the characterization of NLOS errors in urban settings by means

of a 3D model of the urban surrounding. In an environment with limited number of

visible satellites, excluding degraded signals could result in not having enough number

of acceptable measurements for a position fix or adversely affect the satellites geometry.

Using a GNSS simulator together with the 3D model, NLOS signals are identified and

their biases are predicted. From this prediction, NLOS signals are corrected and used to

improve the accuracy and integrity of the estimated positions. The results are analyzed

and presented.

Chapter 5 elaborates the work on pseudorange (PR) prediction using hybridization

with other sensors. Single odometer and gyro are used to obtain a reference position for

reliability checking in the range domain. By using the hybrid approach, residuals are

generated and test statistic are calculated, and tested against a threshold. Few forms of

residuals were derived based on several observables, namely the PR, the range rate and

the velocity. Their performances in reducing positioning errors are then analyzed and

discussed.

Chapter 6 presents a novel experimental scheme in integrity monitoring for positioning

in urban environment. Working directly in the position domain, position errors are

characterized using generalized Pareto Distribution. Then, a test statistic is derived

based on position residuals (rather than pseudorange residuals) and mapped or inflated

to match the characterized overbounding position error CDF. By monitoring the test

statistic against a specific threshold, the positioning integrity and continuity are met at

a certain level of confidence. In addition, a composite approach for HPL computation

is also investigated for autonomous implementation in urban environments.

Chapter 7 summarizes the main results and concludes this thesis by offering some

perspectives on the directions for further continuation of the present work.
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Chapter 2

GNSS-based Navigation in Urban

Environments: state-of-the-art

Positioning may be achieved in a relative or absolute sense. Dead-reckoning is based on

sensors that provide an estimate of the incremental movement of an object between two

points of time. If the initial position and heading of the object are known, it is possible

to estimate the new position based on its movement. Such measures can have a good

accuracy for short distances, but the accumulation of errors in the estimation of each

movement causes significant drift over long distances. Whereas in absolute positioning,

the position is estimated and referenced to a certain coordinate. Hence, the advantage

of absolute positioning in navigation as opposed to dead-reckoning is that it does not

suffer from drift or accumulation of error.

Currently, the GNSSs are the best systems for absolute positioning in a global navigation

cue, like the surface of the earth. However, the structure of the GNSS system introduced

some limitations to its smooth operation. First of all, there must be no obstacle to

obstruct the receiver from receiving the transmitted signal from the satellites. In reality,

this signal can be blocked for example, by buildings, hills or dense foliage. Hence, for

the receiver to have the best of reception, it requires maximum visibility of the sky, i.e.

to have as many direct line-of-sights visibility to the satellites as possible. In addition,

the quality of the measured signals can become degraded such that the accuracy of

the calculated position can be affected. For instance, the propagated signal can be

contaminated by noise or other perturbations that exists external to the GNSS system
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or even by the replicas of the reflected satellite signals from the surfaces surrounding the

receiver. These problems of satellite signal obstruction and degradation are much more

prominent in urban settings as oppose to open sky environments.

In this chapter, the problems of achieving reliable positioning in urban environments

will be described in detail. For this purpose, the chapter starts with the elaboration of

the positioning and navigation challenges in urban environments. Then, it highlights

the use of GNSS and applications for land vehicle navigations which require positioning

reliability and continues afterwards by the state of the arts approaches to meet those

challenges.

2.1 Positioning challenges in urban environments

The presence of several error sources such as multipath, NLOS, signal masking, poor

constellation geometry, and etc. are significantly more prominent in urban scenarios as

compared to the open-sky environments. Because of these errors, the usual approaches

and techniques used for navigation in open-sky environments are not effective or reliable

for positioning in urban environments. In addition, due to their strong environmental

dependency, urban navigation errors cannot be easily modeled as it is the case for errors

in the open sky scenarios. Figure 2.1 shows the effect of urban environment on satellite

signals reception.

2.1.1 Obstruction of satellite visibility

One of the main problems encountered in urban areas is the masking of the satellite

signals. Buildings, foliage and other structures tend to obstruct the GNSS signals prop-

agation from satellites to receiver hence effect the signal reception. For example, tall

buildings block the visibility of the low or even medium elevation satellites while tunnels

disrupt the GNSS navigation completely.

Due to these circumstances, the continuity of position estimation by the GNSS cannot be

guaranteed if only less than 4 signals are received. In fact, multiple GNSS constellations

are needed in order to achieve high positioning-solution availability for many urban

locations [62]. Even if when the position fix is possible, the visible constellation geometry
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Figure 2.1: Effects on GNSS signals propagation in urban environment

may affect the DOP unfavorably that could reduce the positioning quality. Since many

buildings are located along the streets, they block most of the signals from across the

street but leave the along-street signals available to the receiver. Consequently, the DOP

along the street is better than the DOP across the street when positioning is possible [62].

The satellite signal could also be only partially blocked which will attenuate the signals

strength, hence reduce the signal-to-noise ratio (SNR) at the receiver which degrade the

quality of the navigation performance.

2.1.2 Multipath

Another major issue for GNSS measurements in urban environments is the multipath

phenomena. In urban environments, it is very common that the transmitted satellite

signals are reflected or diffracted, causing the creation of the signal replicas which follow

different paths than the original direct or line-of-sight (LOS) signal before arriving to the

receiver. Therefore, the eventual received signal is the sum of different and attenuated

delayed replicas. Although multipath signals are always delayed, because they take

extra distances than the direct LOS satellite signals, the resulting measured range can

be larger or smaller in comparison to the true range, depending on the phase of the

reflected signal.



Chapter 2. GNSS based navigation in urban environments: state-of-the-art 82

Theoretically, the magnitudes of multipath error can reach about 0.5 of a code chip

depending on the receiver correlation technology [32]. However, it is very complex and

difficult to analyze the multipath bias since it depends on the power, phase and delay

of each reflected signals. Furthermore, notably for non-static applications, the changing

magnitudes of the multipath errors make it difficult to anticipate and challenging to

model mathematically [10].

2.1.3 NLOS signal

Non line-of-sight reception is the situation when the receiver receives the reflected repli-

cas of the signal but not its LOS component at all. This condition can occur in urban

canyons when the LOS signals are completely blocked or they are too weak vis-a-vis the

strength of their multipath components. The receiver tracks the reflected signal only

and therefore highly biased measurement can be obtained. In this case, the induced

error will no longer be limited to half a chip code, since only the multipath signal is

being tracked. NLOS signal is always positive and potentially unlimited in range. The

use of high-sensitivity receivers can significantly increase the received number of NLOS

signals since the receiver can acquire much weaker signal [63].

2.2 Reliability needs of GNSS navigation for land applica-

tions

With the growing usage and benefits of GNSS as the system for land navigation, many

more applications are conceived and envisaged in the near future. Nevertheless, some

of these promising applications require a certain level of acceptance and trust on their

performance since the service could have some repercussion on the financial, legal or

safety aspects. Therefore, positioning accuracy is no longer sufficient as a performance

criterion. More and more, there is a pressing need for measurable confidence or reliability

especially on the safety and liability critical applications.

Safety-critical and liability-critical GNSS applications are those applications in the cat-

egory where large and undetected positioning errors may have negative safety, legal or

economic implications. For this reason, the location must provide sufficient guarantees
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Figure 2.2: Broad classification of land vehicle application

of an acceptable level of risk for its utilization. The first required information is a quan-

tification of the maximum error of position made by the system. The second piece of

information needed is a quantification of the risk of exceeding the error bounds. An in-

tegrity mechanism must be put in place to ensure that the position meets these criteria

and therefore to assure the system reliability and credibility [64–66].

Figure 2.2 shows the identified land applications based on a broad classification according

to the signal integrity requirements by the European Union Road Federation (ERF)[23].

Here, it can be seen that quite a number of applications have been categorized as safety

critical and liability critical.

The National Aeronautics and Space Administration(NASA) defines safety critical ap-

plications as those that possess the potential of directly or indirectly causing harm to

humans, destruction of the system, damage to property external to the system, or dam-

age to the environment[67]. On the other hand, the liability critical applications are

those in which the computed PVT solutions are used as the basis for legal decisions or

economic transactions. As such, an error in those magnitudes above certain threshold

can provoke a wrong legal decision or the computation of a wrong charge. Note that

economic liabilities are also associated to the legal aspects due to the repercussion of

potential claims [64].
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The liability critical applications have a major added value in the road sector. As an

example, traffic law enforcement related to speed control have obvious legal implications

and, therefore, if a GNSS unit is to be used as the basis for speed monitoring, it is

essential that the probability of incorrectly fining some driver for speeding is extremely

low and this have direct impact not only in the errors associated to velocity estimation

but also in the position (for instance when a highway is running in parallel to a normal

road which have very different speed limit). Pay as you drive insurance is another good

example of liability critical application. However the most relevant example today in

terms of potential number of users is GNSS based Electronic Toll Collection [64, 68].

Facing with the issues of generated pollution, traffic congestion and high number of

accidents, the automotive industry is also keen to find solutions that would solve or at

least reduce these constraints for further development in land transportation. These

potential solutions include driving aids systems (Advanced Driving Assistance Systems,

ADAS), and inter- vehicles communication systems with their infrastructure (Intelligent

Transportation Systems, ITS). Other relevant applications are automatic toll, fleet man-

agement and collision avoidance. Efforts in the ADAS and ITS are notably driven by the

European Union, in which three major projects with a total budget of one hundred mil-

lion euros were launched in 2006: CVIS (Cooperative Vehicle Infrastructure Systems),

SAFESPOT (Cooperative Systems for Road Safety) and COOPERS (Co-operative sys-

tems for intelligent Road Safety) [69]. Their implementations require vehicle localization

function and whenever safety critical applications are considered, there is a need for a

reliable localization [70]. Among other projects initiated by GSA in relation to GNSS

usage for road applications are:

• GNSS For Innovative Road Applications (GINA) - the project proposes to

address the existing obstacles that prevent a large-scale take-off of road pricing

and other value-added services based on the use of EGNOS/Galileo [71].

• Simple GNSS Assisted And Trusted Receiver (SIGNATURE) - demon-

strates that a robust positioning solution offering high availability and integrity,

even in demanding urban environments, can be based upon low-cost GNSS com-

ponents by using EGNOS Data Access Service (EDAS)[72].

• Galileo/EGNOS Enhanced Driver Assistance (GENEVA) - the general

objective of the GENEVA project is to develop an innovative application within
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Figure 2.3: Generic structure for land application system

the context of advanced driver assistance for high precision, reliable and certifiable

use. GENEVA focuses on high-precision road telematics applications. The project

concentrates on applications with a social and public dimension, and with a high

level of innovation i.e. highly Advanced Driver Assistance Systems (ADAS)[73].

• Trusted Multi Application Receiver for Trucks (TACOT) - will develop

an innovative function which will deliver trusted GNSS-based position, velocity

and time data to ITS applications [74].

2.2.1 Impact of positioning integrity on the reliability of land applica-

tion

In the design of land based applications (such as RUC, ITS, ADAS) , most of the

time, the GNSS receiver is used as the positioning sub-system which provides the PVT

solution as required by the next module or next processing step in order to process the

output for the application system as a whole. Figure 2.3 shows a generic structure of

the concept. It is also possible that the GNSS is not the only technology utilized in

the positioning module. When hybrid approach is adopted, the GNSS technology is

complemented by other information or external sensors, such as inertial or odometric,

with the intention to obtain the required PVT solution. Due to this configuration, the

positioning module has a crucial role in achieving reliable required performance of the

final output of the application. In other words, only the positioning with confidence and

integrity can produce the application outputs with confidence and integrity.
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2.3 Performance measures for land applications

The concept of positioning integrity is particularly mature and well developed in the

aviation sector, where it has well defined specifications. In the field of land vehicles

applications, this problem is still in its infancy. Several studies have been initiated since

the late 90s, but no methodological principle dominates to this day [66]. Among the

more recent efforts are the researches conducted in [64, 66, 75–82].

Unlike the aviation applications which has specific Required Navigation Performance

(RNP)[1], until today, there is really no international standard of user performance

requirements for the land vehicle applications. There are some localized or non-global

efforts in pursuant of this matter. An example of the effort on specific type of land

application is the production of GMAR Performance Assessment Framework (GPAF) by

the GNSS Metering Association for Road user charging (GMAR) [83]. Since there is no

standard performance requirement, it means that there are also no standard performance

measures for the land-based GNSS applications.

Nevertheless, several projects on land based navigation have adopted the performance

measures based on the experience from the civil aviation, where the quality of position-

ing are generally indicated in terms of accuracy, availability, continuity and integrity

[1, 46]. These performance parameters are related to one another and some trade-off

are involved among them. In urban environments, the quality of received signals varies

rapidly especially for the case of moving receiver. Buildings and other objects could

partially or totally hinder satellite signals propagation, resulting in poor geometric con-

stellation of visible satellites hence degrading the position estimates accuracy. In worse

conditions, position fixes could not even be calculated if available satellites are less than

four which in this situation interrupt the continuity of the navigation. Therefore, due

to poor and changing signal availability, quality, and geometry in urban environments,

the application is often unable to cater continuous navigation accuracy and integrity

throughout the operation. Solutions could be developed using redundant navigation

sources of information (multi-GNSS, multi-sensors) jointly with smart mathematical

modeling and filtering.
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2.4 Previous works on improving GNSS positioning Qual-

ity in Urban Environments

Many researches had been conducted to develop methods and technics to overcome the

challenges and improve the quality of positioning in urban environments. The works

can be largely grouped into those focusing on mitigating the unwanted effects of urban

environments on the GNSS signals and those that hybridize other sensors or information

sources with the GNSS received signals.

2.4.1 GNSS Errors Mitigation

In order to improve or achieve required accuracy in GNSS navigation, the main prac-

ticed approaches are to characterize and mitigate the measurement errors. For open sky

operation as in the civil aviation applications, the sources of errors in the GNSS measure-

ments have been identified mainly as satellite clock error, ephemeris error, relativistic

effects, atmospheric effects (ionospheric effect and tropospheric delay), receiver noise

and hardware bias and multipath. These errors are usually assumed to be independent,

zero mean and Gaussian distributed. Table 2.1 shows the typical standard deviation

of the errors [2]. These errors are extracted from the the User Equivalent Range Error

(UERE) budget in the GPS Standard Positioning Service (SPS) Performance Standard.

The progress in GNSS augmentations and modernization result in the reduction of many

of the sources of errors. A more comprehensive overview can be found for example in

[31, 84]. However, in urban environments, the challenge to mitigate multipath and es-

pecially NLOS still prevail. For a receiver with narrow correlators, the multipath is

typically less than 2 meter. For NLOS case, error of tens of meters may occur [81].

2.4.1.1 In receiver methods

a. In-receiver MP mitigation methods. One of the approaches for MP mitigation

is by the in-receiver signal processing methods. For examples, the techniques include the

narrow correlator [85], strobe correlator [86], the Multipath Estimating Delay Lock Loop
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Table 2.1: Std Dev of Errors in the Range Measurements [2]

(MEDLL) [87], Multipath Elimination Technology (MET) [88], the Multipath Mitiga-

tion Technology (MMT) [89], the Vision Correlator [90] and Fast Iterative Maximum-

Likelihood Algorithm (FIMLA) [91]. A comprehensive review on these techniques may

be obtained in [92].

The performance of the more advanced methods such as the Vision Correlator, are

approaching the theoretical performance limits. However, their implementations are

complex and expensive due to the use of multiple correlators and complex algorithms.

Furthermore, these in-receiver techniques do not bring the best improvement in the case

of NLOS situations due to the absent of LOS signal.

b. High sensitivity (HS) receiver. The idea with high sensitivity receiver is to

be able to acquire and track as many satellite signal possible even when the received

signal is very weak [93]. With higher redundancy, better position estimation can be

obtained. Usually high sensitivity receivers make longer integration time [94], or use

more correlators [93] in order to extract the correlation peak. On the other hand, HS
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receiver will receive low powered signals that increase the chance to accumulate more

degraded signals (MP and NLOS) as well.

c. Assisted GNSS (A-GNSS). A-GNSS uses separate communication channel, such

as a mobile phone network, to provide information to a GNSS receiver that would oth-

erwise be received by the receiver directly from the satellite themselves [93, 95, 96].

This approach allows the receiver to achieve position fix quicker in degraded satellite

signals situations. Consequently, it helps to increase the receiver’s sensitivity. However,

this approach has several drawbacks to include the cost of the additional communica-

tion channel and the A-GNSS capable device and also the assistance source cannot be

expected to be always available [97].

2.4.1.2 Hardware-based approaches

In mitigating the effects of multipaths by means of hardware/antenna, the concept is

to eliminate the MP signals or attenuate them before the signals being processed in the

signal processing stage. This is achieved in several ways:

a. Antenna design. One of the antenna-based multipath mitigation techniques is to

improve the antenna gain pattern to overcome multipath [98]. Among the most common

practices is to use a choke ring antenna and to select the antenna site with less reflections

as possible [88]. The original choke ring design is intended to attenuate the reception

the reflected signals from the Earth surface [99]. However, these solutions are not always

practical, especially in mobile situations [100]. As such, choke ring design is typically

implemented for high accuracy static applications.

Direct LOS satellite signals have right-handed circular polarization (RHCP) and the

reflected signals mostly have left-handed circular polarization (LHCP). Therefore, the

LHCP signals can be attenuated since almost all GNSS antennas are tuned for RHCP

[101]. The work in [102] makes use of dual-polarization antenna to reject the LHCP as

a technique to reject NLOS signals. However, the method was proven to detect most

but not all of the NLOS. Polarization-based techniques are difficult in practice because

without specific antenna like in reflectometry, it is difficult to predict the polarization

of the received signal ray.
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b. Multiple antenna. Using the concept of interferometric attitude determination,

antenna array can be used to measure the angle of arrival (AOA) of GNSS signals

[103]. With known orientation of the antenna, NLOS may be identified from direct-LOS

signals by comparing azimuth of the received signal (measured) to the lines of sight to

the satellite position using ephemeris data (predicted). However, if the orientation of

the antenna is not known, the work proposes to compare the AOA measurements across

satellites with the predictions. Both signals may be assumed to be LOS only if they

match. Else, either signal or both could be NLOS.

c. Sky-pointing camera. An image of the field of view above the receivers masking

angle can be captured by a panaromic lens camera or an array of cameras pointing

towards the sky. By superimposing the satellite positions on the image, the blocked and

unblocked line of sights can be known. Comparing these with the received signals, the

NLOS can be identified when the signal is still received even when the satellite has a

blocked line of sight [104, 105]. Apart from requiring additional physical equipment,

this approach also needs additional processing for the image. Another limitation is the

visibility requirement for the camera itself.

With the hardware/antenna based techniques discussed above, their main limitations

are usually related to cost, size, weights and power consumption. In addition, the

dual-polarization and antenna-array methods also require additional front ends and cor-

relation channels in the GNSS user equipment [63].

2.4.1.3 MP and NLOS modelling

Classical positioning algorithms in GNSS assume that the observation noise is white-

Gaussian distributed. This assumption is not correct when the signals include MP

and NLOS. This wrong noise modelling leads to a decrease of positioning accuracy

and continuity. Position estimates are mainly based on the PR measurements and

the satellites geometry. Wrongly modelled noise or error can caused erroneous PR

measurements which can lessen the accuracy of the position estimates. It follows that

the less accurate position estimates are more prone to exceed the set threshold or the

Alert Limit value. Hence, the continuity of the service would be interrupted whenever

the positioning estimates are rejected. Therefore, in optimizing the use of all received
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satellite signals, a few works propose a new PR error modeling in association with an

adapted filtering process for estimating PVT solution.

Mixing the bias with the additive noise, the resulting term is considered as random error

and may be modeled by a Gaussian mixture [9] since the NLOS measurements noise has

been observed to be non-Gaussian, or by adapting the measurements variance [11]. In

addition, authors in [10] shows that the measurement errors distributions depend on the

observation window size. Over a short observation period, PR errors can be modeled by

a Gaussian distribution, with time-varying mean and variance.

In order to adopt such measurements error-model based processing, a reliable decision

on the reception state of the received signal (i.e. LOS or NLOS status) is needed. In

[9], authors use the Jump Markov System as probabilistic model with received signal-

to-noise-ratio (SNR) as indicator of the LOS/NLOS reception state. However, although

it has the potential to be used independently of any heavy environment assumptions,

SNR estimation is a critical issue in harsh environments, thus the decision based on

contaminated information will affect the result. Furthermore, SNR values which are

obtained from PRs collected in one area will not be representative any more for another

area since the transition between LOS and NLOS depends greatly on the geometrical

structure of the location.

Viandier [106] further proposed the use of Dirichlet Process Mixture (DPM) to track the

observation noise density on-line. This density modelling is used together with the Rao-

Blackwellised Particle Filter. While using DPM provide better result than the Gaussian

mixture model, the computation using particle filter is more complex.

From the perspective of a non-static GNSS receiver, in dense urban setting, the quality

of the received signal varies in time and can be generally categorized either as blocked,

multipath-LOS or NLOS signals. In order to characterize the measurement errors, the

reception states need to be identified for a particular epoch and then suitable error model

need to be used depending on the reception states. The adoption of a measurement

model is also related to processing technique. Some model can only be used with a

certain type of solution estimation filter. For example, position estimation using Kalman

filter is suitable for measurements with white Gaussian noise but will give non-optimal

solution if the noise is non-Gaussian [10, 79, 82].
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2.4.1.4 NLOS detection

a. RAIM/consistency checking. In post-receiver techniques (i.e., prior to the posi-

tion calculation), one way to solve the NLOS situation problem is to identify and exclude

the associated measurements in the navigation algorithm by using techniques such as

consistency-checking. This is the concept used in RAIM, but RAIM consistency checking

was designed to detect and exclude faulty satellite signals. However, this approach is not

well adapted to positioning in harsh environments, when only degraded measurements

may be available [56].

Consistency checking functions on the basis that NLOS measurements and multipath

measurements produce a less consistent navigation solution than the direct-LOS mea-

surements. Researchers in University College London (UCL) [56] has implemented a ba-

sic recursive-elimination consistency-checking algorithm to investigate its performance

in urban environment. The applied method calculates a conventional single-epoch least

squares position solution and then a chi-square test statistic based on the residuals [107].

The results show that position errors are reduced under moderate multipath conditions,

but the performance is unreliable in dense urban environments with large numbers of

reflected signals. However, performance was significantly improved by using consistency

checking on the weighted least-squares position solutions, where the weighing is accord-

ing to the signal C/No [56].

The UCL group has also explored the consistency checking performance in a bottom

up or position-domain approach [108]. In this work, multiple position solutions are es-

timated using different combinations of measurements and then scored based on their

consistency with the remaining measurements. This technique is inspired from RAN-

dom SAmple Consensus (RANSAC) and the scoring scheme does not have to assume a

Gaussian error distribution. While accuracy was generally improved by the scheme com-

pared to the conventional technique, occasional degradation of performance can occur

when there is an insufficient number of clean signals received or the algorithm simply

converges to the wrong subset of signals [108].

b. Outlier detection from signal elevation angle. The higher is the elevation

angle, the less likely the signal is to be blocked or reflected by a building. Considering

this characteristic, the signal elevation can be used as an indicator of the quality of the
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received signals. Conceptually, MP and NLOS signals may be mitigated by choosing

the signals with high elevation.

However, the configuration of the surrounding buildings may cause drastic exceptions

to this notion. For example, if there is a tall building nearby, high elevation signals

may still be reflected or become NLOS signals. On the other hand, low elevation signals

could be LOS signals since not all directions are hindered by buildings in urban areas.

Another consequence of selecting only high elevation signals is the unfavorable effect

on the satellite geometry. The results of the work in [109] suggest that elevation-based

weighting on received signals has little impact on positioning performance.

c. C/No-based NLOS detection. Another possible indicator of NLOS reception is

the signal-to-noise ratio (SNR) or C/No. In general, reflected signals are attenuated.

Nevertheless, other phenomena also reduce the SNR. For example, due to propagation

through foliage, masking or a null in the antenna gain pattern. On the contrary, smooth

reflecting surfaces such as glass or wet surface could produce reflected signals that are

almost as strong as direct signals. Furthermore, constructive multipath increases C/No.

All these make it is very difficult to make decision of LOS or NLOS using only C/No.

In addition, there are other uncertainties related to C/No such as how it is computed,

which threshold or which PDF of the SNR to be used.

Therefore, due to those various effects, rejecting or down weighting low C/No measure-

ments may lessen but will not totally nullify the impact of the NLOS and MP receptions.

From the results in [109], weighting the measurement based on C/No give more accurate

position estimate than weighting based on satellite elevation angle.

d. 3D Model. Some works also make use of 3D model to detect NLOS signals. In

[110], the authors used 3D digital map in order to detect and mitigate multipath in

real-time where a ray tracing algorithm is used to check if satellite signals are reflected

or blocked. The suspicious PRs are simply excluded from the observation set. 3D model

along with camera image were used in [111] to filter out the PR measurements which are

considered to be NLOS based on the comparison of the actual satellite elevation angle

with the critical elevation angle calculated using the 3D model.

Since the estimated user position is generally erroneous in urban areas, the work in [63]

proposed elaborate approaches to resolve the position solution and at the same time
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differentiate between the NLOS and LOS signals by using the 3D city model. First, one

needs to calculate the GNSS signal shadowing by the buildings at multiple locations

in real time [62]. Then, the concept is to search for position and signal selections that

are mutually consistent. This is because, whether a signal is LOS or NLOS varies with

the reception positions and the variation can be predicted by means of the 3D model.

In [63], two approaches are outlined: searching by signal combination and searching by

position.

Using the urban trench model, the work in [81] demonstrated that it is able to identify the

LOS and NLOS signals with a vehicle moving along the narrow streets of European cities.

Once identified, the NLOS are either discarded or corrected for position estimation. The

trench model is a geometrical street model approximated by a trench with constant width

and height. However, this model is suitable for the narrow type roads with buildings

that are regular and symmetric enough along both sides of the streets. The authors

acknowledged that the model is not quite suitable for some urban areas such as squares,

crossroads or streets where the building heights are very different between the two sides

of the streets. The work also does not specify any required accuracy of the 3D model.

However, the dimensions of the trench model (width and height) have been implemented

with a meter level accuracy.

2.4.1.5 Constructive use of NLOS/MP

Under the poor conditions of satellites visibility, the positioning algorithms have to take

into account the fact that the received signal may reach the antenna from a non-direct

path with an additional distance. For this purpose, few works exist in the literature on

constructive use of NLOS signals.

The work of [112] demonstrated that, multipath delays may be modeled based on geo-

metric representations rather than based on its statistics. When the positioning accuracy

is sufficiently high, the model estimate a maximum of three unknown MP parameters

per path, assuming a series of specular reflections off planar surface. Whenever some

of the direct paths became undetectable afterwards, it is still possible to maintain the

positioning accuracy using the indirect path measurements under certain conditions.
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In [113], a method to identify MP is developed based on the difference in Doppler shift.

In identifying the MP reflections, the proposed method exploits an open-loop batch-

processing GPS receiver, together with laser scanner and inertial navigation system

(INS). Multipath frequencies are predicted based on laser scanner and inertial measure-

ments. Then, the predicted frequencies are compared to the frequencies of local energy

maxima in the receiver. A multipath reflection is identified if there is a match and once

identified the multipath reflections can be used constructively for navigation.

In this work [114], the authors predict the geometric paths of NLOS signals using a high

realistic 3D model of the environment. The predicted paths are then used constructively

in order to have enough information to compute users position. For this purpose, they

proposed a new version of the extended Kalman filter augmented by the information

provided by the 3D model for GNSS navigation in NLOS context.

In [115], the work proposed a technique termed a Signal Delay Matching (SDM) algo-

rithm. The authors use the NLOS signals constructively with the help of a 3D city model

to incorporate the information related to nearby reflectors. The positioning technique

is then based on matching the NLOS signal delays predicted using a 3D city model with

those observed from correlator outputs.

2.4.2 Hybridizations

In open sky situation, availability of GNSS signal for positioning is generally not a

major issue except in the case of satellite outages (scheduled or unscheduled) or faulty

signal which is very rare or in stringent operations such as precision landing. In urban

setting, signal availability is affected by blockage. When too many signals are blocked

or degraded to the extent of losing required accuracy, the service is no longer available

and its continuity is disrupted. Even when four or more satellites are available, strong

multipath effect might cause a positioning error of more than 100 m [116].

Therefore, in order to counter the degradation of the navigation solutions resulting

from the unfavorable conditions of satellite signal reception in urban environments,

vehicle navigation systems usually use complementary navigation methods known as

Dead Reckoning (DR) which relies on information from vehicle motion sensors such as
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accelerometers, gyroscopes, odometers and magnetometers. Apart from the motion sen-

sors, complementary information may also be obtained from other RF signals (such as

wireless communication systems), vision sensors or lidar, map or other feature match-

ing, or vehicle models and motions constraints [116–118]. By integrating these additional

information from different sources, their complimentary properties may be exploited.

In fusing these complementary data with GNSS system, commonly used filters are the

Extended Kalman Filter(EKF) [43, 119, 120], Unscented Kalman Filter(UKF) [121,

122] and Particle Filter(PF) [123]. The hybridization may be implemented at different

levels of information integration known as loosely coupled, tightly coupled, ultra-tightly

coupled, or deeply integrated. Detailed description of these various architectures are

found for instance in [31, 117, 124].

2.4.2.1 GNSS/DR Fusion

Essentially, DR is a relative navigation process which calculates one’s position, velocity

and potentially attitude based on the changes from the previous position, velocity and

potentially attitude over a time interval. Conceptually, DR makes use of two or more

sensors in order to measure the displacement and heading of the vehicle. Most of the

time, obtaining these parameter changes requires transforming the measurements pro-

vided by the onboard vehicle sensors. With most of the DR sensors, the measurement

transformations are integrative in nature. Therefore, the initial state of the vehicle is

needed and the measurement errors will accumulate with time or travelled distance; a

condition known as drift.

DR is commonly hybridized with GNSS system to overcome the drawbacks in degraded

signal conditions. Unlike the GNSS signal, these sensors are not affected by space prop-

agation phenomena or radio-frequency (RF) impairments such as blockage, multipath

and NLOS, and they are accurate in the short term [125]. The aim is to bridge the gap

when GNSS signal is unavailable or severely attenuated. This information may improve

both the availability and accuracy of the navigation system [126]. However, the DR will

drift during long GNSS outages.

Varied sensor configurations can be utilized in the DR system. Among the most popular

and common sensors used for this purpose are the inertial sensors (accelerometers and
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gyroscopes), odometers, wheels speed sensors, magnetic compass, etc. When using only

the inertial sensors, the term Inertial Navigation System (INS) is regularly used. Reviews

of these sensors are available in [31, 117, 127].

In GNSS/INS integration using a Kalman Filter, the errors dynamic model of the INS

is linearized and used to predict INS errors. With the GNSS measurements available,

the KF update step will estimate the INS errors and correct the INS output; hence

the GNSS calibrate the INS. When the GNSS is not available, the KF only rely on the

linearized dynamic model to predict the INS errors. Since the linearized model is not

accurate, positioning solution degrades tremendously even for a short period of GNSS

signals unavailability [128]. There are also two options exist for this kind of integration:

open loop hybridization or closed loop hybridization. Performances of GNSS/INS in

various environments and different type of integrations are studied in [129].

Reduced Inertial Sensor System (RISS) has been introduced in order to reduce the

cost of INS [130]. To achieve low cost applications for vehicle, reduced Micro Electro-

Mechanical Systems (MEMS) inertial measurement unit (IMU) with two accelerometers

and one gyroscope, or three accelerometers and one gyroscope have been utilized. An

example of a reduced IMU algorithm and ultra-tight GNSS/DR system are described

by Li et al. [126]. However, low-cost MEMS-based INS with high levels of nonlinearity

can further deteriorate the navigation performance that can result in significant position

drifts even during short durations of GPS outages. One way to tackle this issue is to

integrate more sensors such as wheel speed, steering encoder and etc. as described in

[131, 132] or engage in higher level of fusion among the sensors such as by ultra-tight

integration [126].

Integration of GNSS with DR may also be achieved without the INS. For example, the

work in [133] compares the navigation performance of GPS/wheelspeed sensors hybrid

system and GPS/wheelspeed sensor/gyroscope hybrid system. When compared between

differential wheelspeed based dead reckoning system to a gyro based system for land

navigation, results show that both heading schemes perform equally well when model-

ing assumptions hold, such as when traversing smooth road surfaces. However, when

navigating speed bumps and uneven road surfaces, the position errors of the wheelspeed-

heading estimator grow about twice as fast as those of the gyro based system [134].
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2.4.2.2 Map matching

The purpose of a map-matching (MM) algorithm is to merge positioning data with

a spatial road network data. For this purpose, it identifies the correct road segment

on which a vehicle is travelling and determines the vehicle position on that segment

[135, 136]. Other than merely from GNSS, the positioning data may also be obtained

from a hybridized system (e.g., GNSS/DR). In map-matching, it is commonly assumed

that the vehicle is constrained to a finite road network. While, such assumption is

generally valid, there are some exceptions. For example, in situations that involves

off-road driving, such an assumption could cause problem to the MM process.

Various MM techniques have been developed. In general, the approach for MM algo-

rithms can be grouped into a few categories, namely: geometric, topological, proba-

bilistic, and advanced. Detailed descriptions of these approaches may be obtained for

example in [135] and [137]. Ochieng et al. [138] highlights that MM can also improve

positioning accuracy provided that good spatial road network data are available.

Since MM is related to positioning, it becomes necessary to consider the errors pertaining

to a spatial map and a MM process when monitoring the positioning integrity of vehicle

in land-based applications. MM techniques have their own constraints and limitations in

the performance. Sometimes, MM fails to identify the correct road segment, in particular

at roundabouts, level-crossings, and Y junctions. Problems also persist in dense urban

network and on parallel roads [135, 139].

Few works on land-based navigation incorporate MM in the integrity monitoring. For

example, the work in [77] provides positioning integrity at the lane level for combined

positioning and map-matching. The approach uses particle filter to process measure-

ments from GNSS receiver, a gyroscope, the odometry of the vehicle and the road data

stored in an Emap. This way, the road information is also processed as the filter obser-

vation. However, to achieve high integrity, GNSS outliers and multipath effects need to

be removed effectively.

The work in [140] considers integrity of raw positioning data obtained from GPS together

with the integrity of the MM process and digital map errors. Then it proposes a sequen-

tial map-aided integrity-monitoring method for land vehicle navigation. The process

sequentially checks faults in the raw positioning fixes by using a WLS RAIM method,



Chapter 2. GNSS based navigation in urban environments: state-of-the-art 99

then it ascertains the operational environment, and finally examines the integrity of the

MM process. To determine the overall integrity, an integrity scale is derived using fuzzy

inference system (FIS). The integrity scale is compared to a threshold to decide on the

integrity level of the whole navigation system. In this work, the threshold value is based

on an empirical analysis rather than on any specific distribution.

2.4.2.3 GNSS/2D or 3D GIS Fusion

In [141], the authors uses 2D map to aid a hybrid GNSS systems. GNSS, DR and road

cache data are fused by an Extended Kalman Filter to estimate navigation solutions.

Conceptually, after the DR measurements update, the map heading is determined from

a road selection process of the MM. Then, the estimated state is corrected by the map

heading. This form of a map-aiding odometry compensates vehicle heading error due to

the DR drift and also even during satellites outage. Nevertheless, the altitude estimation

is poor under challenging situations.

Cappelle et al.[80] propose the integration of 3D model with GNSS measurements,

odometers, a gyrometer and a video camera for vehicle positioning. Using the Unscented

Kalman Filter (UKF), the satellite measurements are hybridized with odometers and

gyrometer measurements. In order to compensate the drift of odometers and gyrome-

ter during long GNSS unavailability, another observation is used. This observation is

obtained by matching between the current image from the onboard camera and the 3D

model. A major advantage of using 3D model is that there is no addition of external

systems. Only the data base is needed. However, camera is required and the model tend

to represent the environment as structured and regular and the data base need to be

updated often and its quality need to be addressed.

In the researches, several models have been developed and utilized. For example, in the

method proposed in [141], a map of the road networks provided by NavTeQ or TeleAtlas

is used to obtain information of the carriageways’ center-lines in a 2D representation.

In the work of Bourdeau [114], a 3D model developed by Oktal-SE called SE-NAV,

is used to provide the synthetic environment for the calculation of GNSS line of sight

signals and multipath signals. BATI 3D model is used inside an embedded Geographical

Information System (GIS) developed by BeNomad is used in the frame of the French

CityVIP project [142]. BATI 3D has been built by the French National Geographical
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Institute (IGN) from high resolution aerial pictures (10 cm). Another virtual 3D model

is produced by Tecnomade company which has been used in [80]. For all these models

and maps, it is quite difficult to quantify their quality. Information on their accuracy

or other specifications are difficult to obtain. In term of road networks, the common

practice is to display only at the road width representation rather than down to the

lane-level.

2.5 Conclusion

By having constellation of satellites orbiting around the earth, GNSS systems are en-

visaged to perform positioning everywhere around the globe. While it is being used

regularly by millions of users today, there are still situations in which the GNSS re-

ceivers find it difficult to provide PVT solutions that are reliable enough. This is why

researches to improve the performance of satellite positioning in constrained environ-

ment are still actively ongoing. Particularly, the increasing reliance on these systems

by the general public provide strong motivation to industries and researchers alike in

solving the navigation problems pertaining to urban environments.

The chapter has presented the challenges of achieving reliable positioning in urban set-

tings. Blocking of satellite signals by buildings and other objects, multipath signals

propagation and NLOS are the typical phenomena in urban environments which de-

grade the performance of navigation solutions. In the meantime, the users are expecting

more and more GNSS based applications that can be used in urban areas to include ap-

plications that potentially have safety or liability repercussions. For this reason, apart

from mitigating the impacts of contaminated GNSS signals on positioning, the aspect

of confidence in the navigation solutions has also become crucial.

In the development of performance measures for the land applications, the experience

and knowledge from the civil aviation proved to be invaluable especially in the concept of

integrity monitoring. Even though direct adaptations of the methods and performance

metrics are not possible due to the specific challenges posed by the urban environments

as opposed to the open sky environment, those methods provide strong foundations from

which further research may be pursued for the land application case. This chapter has
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reviewed extensively many of the previous techniques and approaches to improve posi-

tioning reliability in urban environments. These approaches mainly focus on mitigating

the errors in the GNSS measurements and also fusing the GNSS with other sensors or

information, i.e. using the hybridization approach to take advantage of the other sensors

while reducing the disadvantage of the GNSS.

In reducing the GNSS error, the in-receiver signal processing methods are effective

against multipath errors. However, their implementations are complex and they do

not produce the best improvement against NLOS. With high sensitivity receivers, more

signals can be received thus increase redundancy. Unfortunately, it also increases the

chance of receiving degraded signals. Some error mitigation techniques make use of

additional hardware such as ring, polarized and multiple antennas and antenna arrays

in order to reject degraded signals. Sky-pointing camera had also been proposed for

identifying NLOS. Nevertheless, the issues with extra hardware are their additional

cost, weight, size and power consumption that are usually not convenient for mobile

applications.

Some efforts were targeted on better modelling the MP and NLOS to replace the com-

monly assumed Gaussian distribution so that they can be used effectively in the PVT

algorithms. While a few models had been proposed, their usage or implementation is

related to the more complex and heavy computation of PVT estimation algorithms, such

as particle filter. Many researches had also been done to detect the NLOS so that it

can be excluded from the good signals. One of the approaches adopted the concept of

RAIM by checking the consistency among the received signals. But RAIM was originally

designed for single fault detection. Its direct adoption for detecting multiple biases due

to NLOS and MPs did not give the same good result. Detection of NLOS based on the

measurements C/No and satellite elevation angles had been studied as well. However,

it is difficult to decide on LOS/NLOS just based on the C/No and satellite elevation as

indicators because there are many aspects of the received signals other then the LOS/N-

LOS conditions that affect the C/No or satellite elevation angles. As 3D models are

becoming more and more advance, attempts to use them for identifying LOS/NLOS

reception has been proposed. However, the 3D models’ representation of the receiver

surrounding environments is merely an approximation. Hence, there is a need to ensure

the quality of the 3D model to be suitable with the purpose of it’s usage. Some early
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works have also been propose to use the NLOS/MPs constructively for positioning since

LOS signals may be too scarce in urban environments.

To counteract the disadvantages of GNSS signals in urban canyons, hybridized concept

have been proposed to complement the GNSS. Among the common approaches is to

fuse the GNSS with dead reckoning sensors, map matching or GIS. However, with more

sensors, the algorithms tend to be moderately more complex and errors related to the

other sensors need to be considered as well.

Unlike in the civil aviation, the approach for ensuring reliable positioning for land appli-

cations in urban environments is highly dependent on the type of the application itself.

Hence, an approach that is suitable for an application may not be suitable to another

application. Therefore, several levels or combination of approaches has to be taken into

consideration in monitoring the reliability of positioning in urban environments. For

example, monitoring need to be done both at the range domain and at the position

domain. Degraded measurement may be excluded or amended and used in the PVT

estimation, depending on the situation.



Chapter 3

Existing Works on Reliability and

Integrity Monitoring of GNSS

Positioning

As has been introduced in previous chapters, reliability in navigation has been defined

in several ways. For example, in geodetic measurement network, reliability means the

capability of the estimation to detect blunder in the measurement. Whereas in the case

of the civil aviation community, a set of performance metrics to represent the reliabil-

ity of the navigation solution has been developed, which are the accuracy, availability,

continuity and integrity. In this chapter, the focus is more on the aspect of positioning

confidence which is closely related to the integrity monitoring topic in the civil aviation.

Here, descriptions on existing techniques and approaches related to integrity monitoring

are presented. Starting with the classical RAIM techniques, further elaborations include

the benefits of multi-constellation and the issues of handling simultaneous multiple faults

(which is highly relevant and a crucial issue in urban environments). Then, the narration

on using positioning error overbound to provide conservative confidence measure is also

delineated. Deliberation on these works is intended to provide better insights in dealing

with the integrity issue for land navigation in urban settings.

103
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3.1 RAIM and Fault Detection

RAIM is an integrity monitoring method which has been categorized by ICAO as ABAS.

It is a technique that uses an over-determined solution (i.e., having more data than is

required to form a navigation solution) to perform a consistency check on the satellite

measurements [31, 45, 124]. As defined in [46], RAIM is the fault detection part of

the Fault Detection and Exclusion (FDE), which is a receiver processing scheme that

autonomously provides integrity monitoring for the position solution, using redundant

range measurements. The objective of RAIM is to detect the presence of an unexpectedly

large position error for a given mode of flight. Upon detection, fault exclusion follows and

excludes the source of the unacceptably large position error, thereby allowing navigation

to return to normal performance without interruption in service.

Conceptually, RAIM assures to detect a positioning failure with a probability of missed

detection PMD and probability of false alarm PFA, given that the HPL does not exceeds

the HAL. To achieve this, the detection threshold value is set in order to achieve the

required PFA as a constant false detection rate under fault free conditions. The PMD

requirement is ensured by checking the availability of RAIM, i.e., by comparing the HPL

to the HLA.

In general, there are four approaches or methods which can be considered as the tradi-

tional or basic RAIM. They are the range comparison method [53], the least-squares

residual (LSR) method [107], the parity method [143], and the solution-separation

method [52]. The first three methods, which operate in the range domain, were shown

to be similar in concept and their obtained results [61]. Unlike the other three methods,

the solution-separation method operates in the position domain. Here, only the LSR

RAIM and the concept of solution separation RAIM approaches are presented.

3.2 LSR RAIM

In LSR RAIM, integrity monitoring is applied to the position solution by using the Least

Square (LS) estimate on the linearized PR measurement equation:

∆y = H∆x + E (3.1)
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∆y1
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...
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...
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where

• ∆y is a n×1 measurement vector that consist of the difference between the actual

measured PR and the predicted ranges based on nominal user position (i.e the

linearization point).

• H is a n×m observation matrix which describe the linear connection between ∆y

and ∆x.

• ∆x is a m × 1 vector that consist incremental deviation from the nominal state

about which the linearization took place.

• E is the measurement error vector, which consist of the combination of all ranging

errors. The PR errors are usually separated into nominal errors (noise) and fault

(bias):

E = ε+ b (3.2)

where

– nominal errors are assumed to be independent and zero mean Gaussian dis-

tributed:

ε ∼ N (0,Σ) (3.3)

Σ =


σ2

1 0 · · · 0

0 σ2
2

...
...

. . . 0

0 · · · 0 σ2
n


where σi is the standard deviation of the nominal error for the ith measure-

ment.



Chapter 3. Existing Works on Reliability and Integrity Monitoring of GNSS
Positioning 106

– In classical RAIM, it is assumed that only one bias is possible in each epoch:

b = [0, · · · , 0, bi, 0, · · · , 0]T (3.4)

The LS estimate of Equation 3.1 is given by:

∆x̂ = (HTH)−1HT∆y (3.5)

From the LS solution of Equation 3.5, a predicted measurement vector, ∆ŷ, can be

calculated by:

∆ŷ = H∆x̂ (3.6)

For Weighted Least-Square (WLS) method, the estimate is given by:

∆x̂ = (HTWH)−1HTW∆y (3.7)

where W is the inverse of the covariance matrix, Cov(E).

3.2.1 Test Statistic

The LSR RAIM calculates PR residual as a measurable scalar parameter to infer about

PR measurement errors which are not directly measurable. From this residual, a test

statistic is computed in order to detect, within a certain level of confidence, whether the

position error exceeds an acceptable threshold.

A n×1 residual vector w can be obtained by taking the difference between the measured

and the predicted PR vectors [31],

w = ∆y −∆ŷ = ∆y −H(HTH)−1HT∆y = [I−H(HTH)−1HT ]∆y

= [I−H(HTH)−1HT ](H∆x + E)

= [I−H(HTH)−1HT ](H∆x) + [I−H(HTH)−1HT ](E)

= (H∆x−H∆x) + [I−H(HTH)−1HT ](E)

= [I−H(HTH)−1HT ](E) (3.8)
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To simplify the notations, let S = [I−H(HTH)−1HT ],

Therefore

w = S∆y = SE (3.9)

where the observable residuals w are related to non-observable errors E. Essentially,

this derivation is a linear transformation that also relates range measurement vector ∆y

with the residual vector w.

In this LSR RAIM method, the sum of the squares of the residuals is the basic observable

for forming the test statistic. It is called the sum of the squared error (SSE ) and defined

as:

SSE = wTw (3.10)

Assuming that each nominal PR errors is independent, normally distributed and has

a unit variance, SSE has a chi-square distribution with (n − 4) degrees of freedom in

the fault free case. Whenever the element of E is biased, the SSE has a non-central

chi-square distribution with (n− 4) degrees of freedom,

SSE = wTw = ‖w‖2 ∼

 χ2
k if E ∼ N(0, I)

χ2
k,λ if E ∼ N(b, I)

(3.11)

where k is the degrees of freedom and λ is the non-centrality parameter of the chi-

squared distribution. Further description of λ and its relation to PMD is explained in

section 3.2.3.

For the case of RAIM, the number of degrees of freedom of the chi-squared distribution

is the number of redundant PR measurement. To satisfy the characteristics of a chi

squared distribution, the PR nominal error of the SSE must have equal variance. This

is achieved when the residual is normalized. As defined in [107], the LSR RAIM test

statistic is,

T =

√
SSE

n− 4
(3.12)
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Figure 3.1: Derivation of Detection Threshold

3.2.2 Detection Threshold

In RAIM, failure detection is achieved by comparing a test statistic T , against a detection

threshold, Th.

T 6 Th⇔ no failure detection

T > Th⇔ failure detection (3.13)

RAIM is set to provide a constant false alert rate equal to the required PFA, and a non-

fixed probability that the undetected positioning failures equal to or lower than PMD

[61]. To relate the detection threshold to the required PFA, the test statistic distribution

is considered in the fault free case. Specifically, the detection threshold is determined

by integrating the pdf from the detection threshold to infinity so that the area under

the curve is equal to the PFA.

PFA = P{detection|faultfree} = P{T > Th|T ∼ χ2
k} = 1− CDFχ2

k
{Th}, (3.14)

where CDF is the empirical Cumulative Distribution Function.



Chapter 3. Existing Works on Reliability and Integrity Monitoring of GNSS
Positioning 109

Figure 3.2: Fault free and faulty LSR statistical test distrbution

Figure 3.1 demonstrates the normalized detection threshold is set to achieve a detection

rate equal to PFA under fault free conditions. It follows that the detection threshold,

Th =

√
TPFAσ

2

n− 4
(3.15)

Where TPFA is the normalized decision threshold while σ2 is the variance used for the

normalization.

3.2.3 Relation between test statistic and position error

In order to describe the relationship between the test statistic to the position error,

several other relations have to be addressed first. The HPL is derived from the smallest

bias that the LSR RAIM is able to detect while satisfying the PFA and the PMD re-

quirements. In the faulty case, the measurement error E, contain noise and a bias, b and

the SSE takes the non-central chi-square distribution. The PMD is related to HPL from

this χ2 PDF, by integrating from 0 to the detection threshold, to determine λ, which is

the non-centrality parameter that satisfy the PMD (Figure 3.2). This obtained λ is the

smallest one that can be detected by the test and it does not depend on any PR.
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Next, the relationship between position error vector, e and measurement error, E is

shown as follows:

e = ∆x̂−∆x = (HTH)−1HT∆y −∆x

= (HTH)−1HT (H∆x + E)−∆x

= (HTH)−1HTE = Aε+ Ab (3.16)

Therefore, the effect of a bias bi in the ith satellite to the position error can be written

as,

eH = A



0
...

bi
...

0


= Abiei ; ‖ei‖ = 1 (3.17)

|eH | = |bi|.‖A‖ = |bi|
√
A2
N +A2

E (3.18)

where A = (HTH)−1HT .

Since the PR errors, E has a statistic component (i.e. the nominal error) and a de-

terministic component (i.e. the bias of faulty measurement, b), the test statistic and

the horizontal position error, |eH | also have a deterministic and stochastic or random

components considering that they are essentially derived from the PR errors. Therefore,

the impact of the bias b in the position domain is the projection of b on to the horizontal

position error |eH |. Designating this deterministic horizontal position error as |bH |, we

have:

|bH | =
√
b2N + b2E =

√
A2
N +A2

E .|bi| (3.19)

The simplified relation of the smallest detectable PR bias and the test statistic is given

by [84, 144]:

σ2λ = bTSiib = Siib
2 (3.20)

λ =
Sii
σ2
i

b2i (3.21)

Hence, the smallest detectable measurement bias bi is related to the non-centrality pa-

rameter λ by:

bi = σi

√
λ

Sii
(3.22)
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Finally, it follows that, the deterministic component of the horizontal position error is

related to the test statistic by,

|bH | =
√
A2
N +A2

E .bi =
√
A2
N +A2

Eσ

√
λ

Sii
(3.23)

For the random noise component however, it has been proven by [145] that there is no

correlation between the test statistic and the positioning error due to the orthogonality

principle [84].

a. HPL Calculation

Aside from the FDE function, a typical RAIM system usually provides the HPL. An

integrity algorithm aims to provide a position estimate within HPL. If the position

integrity cannot be assured to be within the HPL with the required probabilities, an

alarm must be raised to the user. In other words, the purposes of HPL are to bound the

horizontal position error and to screen out bad satellite from the constellation geometry.

The HPL is calculated as [31]:

HPL = Slopemax × pbias (3.24)

where

slopei =

√
A2
N,i +A2

E,i
√
Sii

(3.25)

Slopemax = max
i

(slopei) (3.26)

pbias = σi ×
√
λ (3.27)

Accordingly, the estimated position sensitivity to measurement errors depend on the

particular geometry of the satellites. Therefore, some satellites affect the position error

more than others. Similarly, different satellite measurement errors contribute differently

to the fault detection statistic. Hence, the slope represents the relationship between

the test statistic and the horizontal position error due to bias on a particular measure-

ment (assuming all other measurements are perfectly without error). Depending on the

satellite geometry, the bias of the satellite with the highest slope (Slopemax) is the most

difficult to detect.
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Figure 3.3: Characteristic slopes for five visible satellites

3.2.4 Weighted LSR RAIM

LSR RAIM was developed assuming the PR nominal errors are independent Gaussian

distributed with equal variance. This assumption was acceptable when the selective

availability (SA) was the dominant error in the PRs. Once the SA was switched off, the

error variance of each of the PR is significantly different from each other and usually

depends on the satellite elevation angle. In adapting to this situation, the Weighted Least

Squares Residual (WLSR) RAIM was proposed [55]. For WSLR RAIM, the following

adjustment to the relevent formulas are adopted:

A = (HTΣ−1H)−1HTΣ−1

S = [I−H(HTΣ−1H)−1HTΣ−1]

Σ =


σ2

1 0 · · · 0

0 σ2
2

...
...

. . . 0

0 · · · 0 σ2
n


HPL = Slopemax ×

√
λ (3.28)
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Figure 3.4: Protection level computation in classic RAIM

where

slopei = σi.

√
A2
N,i +A2

E,i
√
Sii

(3.29)

Slopemax = max
i

(slopei) (3.30)

3.2.5 Slope based HPL

Previously, the HPL calculation only considers the effect of bias and satellite geometry

that produce the Slopemax. In this subsection, the HPL derivation will also take into

account the nominal error statistic [55, 146]. If we only consider a deterministic bias,

the HPL would be set at PR0 (Figure 3.4) since it corresponds with the position error

related by the maximum slope to the test statistic at the threshold. However, if we also

consider the nominal error which construes the statistic component of the measurement

errors, even when the test statistic is below the threshold, there can be positions errors

that exceed the protection limit, PR0. In classic RAIM, the distribution of the nominal

error is assumed to be zero mean Gaussian (represented by the ellipse in the Figure 3.4).
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Figure 3.5: Fault Detection Concept of Maximum Solution Separation RAIM

The left half of the ellipse represents the FDE misdetection probability (PMD FDE).

This PMD usually need to be further reduced to meet operational requirement. To do

so, the ellipse is moved along the maximum slope line until reaching a point B where

the probability mass on the left of Th meet the PMD FDE requirement (represented by

the upper ellipse in the Figure 3.4). The corresponding shift in the horizontal axis that

is needed to reach point B is called Pbias.

At point B, if PRB is used as the protection level, the upper half of the new ellipse still

represent the position errors that exceed the protection level. Therefore, the protection

level can be adjusted upward to a value PL, depending on the variance of the nominal

error distribution and in accordance with a targeted integrity risk (IR) to meet the

integrity requirement for a specific operation.

3.3 Maximum Solution of Separation (MSS) RAIM

Maximum solution of separation (MSS) RAIM was introduced by Brown et al. [52]. In

this method, the difference between position solution obtained using all n satellites in

view and the solution using (n − 1) satellite is used as the test statistic (Figure 3.5).

When compared against a threshold, the test statistics that exceed the threshold indicate

a fault in the PR that was omitted in the calculation of the test statistic.

In this approach, the observable test statistic is derived directly in the position domain

rather than in the range domain such as the approach used in LSR RAIM. In the LSR
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based methods, the PR residuals are used to characterize the integrity in the position

domain. Therefore, the relationship model of the residuals to the position errors has

to be precise in order to qualify as a test statistic. On the other hand, the protection

level computation in the MSS RAIM is more complicated than the LSR based methods

where statistical bounds have to be used in order to check requirements compliance as

described in [144].

3.3.1 Test Statistic

The test statistic used in MSS RAIM to compare against the threshold is the discrimi-

nators, d:

di = ∆x̂0 −∆x̂i = (A0 −Ai)E (3.31)

where

• ∆x̂0 is estimated position using all visible satellite.

• ∆x̂i is estimated position using all but the ith visible satellite.

• A is the matrix that relates estimated position error to the measurement errors.

The subscript 0 indicates the matrix is obtained using all visible satellites, while

the subscript i indicates the matrix is obtained without the ith visible satellite.

• E is the measurement errors vector.

The covariance matrix of the discriminator is given by:

dPi = (Ai −A0)Σ(Ai −A0)T (3.32)

3.3.2 Detection Threshold

The detection test for horizontal positioning is based on:

|di,H | 6 Di ⇔ no failure detection

|di,H | > Di ⇔ failure detection (3.33)

where Di is the threshold.
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The detection threshold need to satisfy the false alert rate. As given in [147], the

detection threshold is,

Di =
√
λiQ

−1(
PFA
2n

) (3.34)

where

Q(x) = 1√
2π

∫∞
x e

−t2
2 dt

λi is the largest eigenvalue of the covariance matrix dPi,H

3.3.3 HPL computation

Even in the position domain, the actual position error remains unknown for the user.

Therefore, statistical bounds have to be used in checking requirements compliance. One

of the methods to calculate HPL for MSS RAIM is by finding a bound of the horizontal

position error that is consistent with the required probability of missed detection and

the required probability of false alarm as described below.

Given position error as ∆x−∆x̂0,

P (‖∆x−∆x̂0‖H 6 HPL /∃ a non detected bias on PR) = PMD (3.35)

The position error can be decomposed as:

∆x−∆x̂0 = ∆x−∆x̂i + ∆x̂i −∆x̂0 (3.36)

Therefore, to bound the horizontal position error,

‖∆x−∆x̂0‖H 6 ‖∆x−∆x̂i‖H + ‖∆x̂i −∆x̂0‖H (3.37)

‖∆x−∆x̂0‖H 6 δi +Di (3.38)

where

Di is from equation 3.34

δi =
√
µ1,i

√
−2ln(PMD)

µ1,i is the largest eigenvalue of the covariance matrix Ci,H ; where (∆x − ∆x̂i)H ∼

N

 0

0

 , Ci,H
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A more detailed elaboration for the HPL of MSS RAIM is available for example in [144].

It is worthwhile to note that the HPE for land applications in urban environments are

affected by NLOS and MPs which can be considered as multiple biases. Therefore, to

adopt the largest eigenvalue of the covariance matrix as being done in the formulation

above with a single bias assumption would not be valid calculating the bound for HPE

in urban environments.

3.4 Benefits and Opportunity from Multi-constellation and

multi-frequencies

Following the GPS modernization with multiple frequencies and with the addition of

other GNSS constellations such as Galileo, it is foreseen that the accuracy of GNSS po-

sition solution will improve significantly. This is because, the use of multiple frequencies

allow better reduction of errors and the availability of greater number of satellites at

a given location due to the increased number of satellite constellation provides better

satellites geometry for position estimation. Integrity is also potentially improved by

better satellite availability because increased redundancy will also improve RAIM per-

formance and better accuracy will also allow tighter protection limits. Continuity will

also improve since it is directly related to satellite availability.

For example, the research results in [148] show evidence of improvements from the

GPS/GLONASS configurations with respect to stand-alone GPS in terms of solution

availability and accuracy in urban scenarios. Least squares and Kalman Filter estimators

are used to process GNSS data in single point positioning and GLONASS inclusion yields

evident benefits in both methods of estimation. However, despite all these potential

improvements, the challenges of positioning in urban environment will not be negated

just by multi-constellation as demonstrated in [62].

3.5 Multiple Faults

In its inception, RAIM was intended for monitoring the integrity of aircraft positioning

where under the open sky environment, the received signals are generally in the LOS

condition. Also, there are well defined integrity requirements depending on the flight
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modes. The purpose of the monitoring has been to detect and exclude unacceptably

large measurements errors such as satellite clock or ephemeris errors. Since this type

of satellite errors are very rare (no more than 3 major service failure per year) [149],

it was assumed in the conventional RAIM that only one fault or blunder need to be

detected in a measurement epoch. And once a fault is detected, a few approaches may

be adopted to identify the faulty measurement. As an example, with the LSR based

RAIM, the residual larger than the threshold is associated to the faulty measurement.

In the case of MSS RAIM, the greatest separation is obtained with the solution that

omits the faulty measurement.

However, with the increased number of the GNSS constellations, despite the potential

benefits that come with it, the probability of having multiple faults simultaneously in

one epoch of measurement will also increase [150]. Also, the RAIM concept needs to

include multiple failures consideration due to multipaths if it is to be adapted for the

urban scenarios.

Using traditional RAIM against multiple faults is ineffective for several reasons. For

example (except in MSS RAIM) if the test statistic exceeds the threshold, it is not

possible to identify if the failure is due to a single or multiple failures. It is also possible

to have a masking effect or unobservable multiple fault condition [64]. This is a situation

where due to the satellite geometry and interactions among the multiple biases, the

resulting test statistic remains lower than the threshold while if tested individually or

in different geometry, there exist a bias or more that would exceed the threshold.

In some cases, especially with many outliers (for example three large biases), the solution

can shift that when residuals are calculated, the good measurements can appear as

outliers (i.e. exceed the threshold). In this situation, even after the good measurements

are removed, the solution appears to remain statistically sound. Hence the solution

is accepted while it is actually in error [151]. This effect is significantly reduced with

greater redundancy and geometric strength of the measurements.

In [152], variation of RAIM availability with the number of faults is studied for the case

of combined GALILEO/GPS case. The results indicate that, when the faults number

increases to four, RAIM ability would be greatly reduced. The effect of multiple failures

on the LSR RAIM test statistic is also discussed in [59]. It is analytically shown that

an error vector always affects the detection criterion when N-4, or less, pseudorange
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measurements are erroneous (N being the number of visible satellite). On the contrary,

it always exists errors that do not affect the detection criterion when more than N-4

pseudorange measurements are affected by errors.

3.5.1 Iterative approach of multi-faults detection

While the interest on multiple faults in the aviation community is invigorated by the

expectation of the increasing number of satellite constellations, the surveying/geodesy

community has considered the issue of multiple blunders using what is known as data

snooping approach [48]. It is necessary to identify outliers in surveying of large networks

to avoid surveying errors during the post processing phase. The general concept is to

detect multiple blunders by iterative detection and exclusion of the largest residual one

at a time until no more outliers is identified. The method is developed further and

structured under a procedure called Detection, Identification and Adaptation (DIA)[51,

153]. Usually, the model adaptation is performed by rejecting measurements or by

inflating their variance.

In order to identify m potential outliers, a redundancy of at least m + 1 is required.

However, as has been described earlier on the issue of using traditional single fault

consistency checking approach on simultaneous multiple faults, erroneous rejection of a

good measurement is probable particularly when involving larger and multiple biases.

Moreover, in degraded signal-environments, the redundancy is usually poor hence it is

desirable to retain as many measurements as possible for achieving an efficient estimate.

Due to this reason, when more than one observation is being excluded, the iterated

fault detection and exclusion process should include a reconsideration of observations

rejected earlier. This concept is implemented in the work of Kuusniemi [12] where three

techniques were proposed in order to cope with such situation. The techniques are Ob-

servation Subset Testing, Forward-Backward FDE, and Iterative Reweighted Estimation

–The Danish Method. In these FDE approaches, two types of basic test are employed;

the Global Test (GT) and Local Test (LT). GT is similar to the test statistic of the LS

RAIM and its purpose is to detect a blunder in a positioning solution. Once a blun-

der is detected, LT is conducted to identify the faulty measurement by analyzing each

standardized residual. The variations of the techniques are as follows:
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a. Subset testing. This technique uses only GT. Whenever a complete measurements

set is above the threshold, all the possible combinations of measurements are checked,

to find a subset from which the supposed blunders are excluded. Only the subset that

passes the GT and is declared consistent is used to compute the navigation solution;

if more subsets pass the GT, priority of choice is given to the set with the minimum

statistic variable and the largest number of measurements.

b. Forward-Backward. This technique uses of both GT and LT and consists of

two different steps; Forward and Backward. In the first step (Forward), the GT is

performed and if the GT declares the set inconsistent, the LT is performed to identify

and exclude the faulty measurement. Forward process is performed recursively until no

more faulty measurements are detected. Due to the mutual influence of the observations,

it is possible to reject a good observation. After the Forward process, if the solution

is declared reliable and m measurements are excluded (with m > 1), the Backward

scheme is then performed to reintroduce observations that were wrongly excluded. The

rejected measurements are iteratively implemented backward and the GT is conducted;

the observation set which passes the GT this time is used selected for position estimation.

c. Danish Method. The Danish method is an iteratively re-weighted least squares

algorithm. By modifying the a priori weights of the measurements, this technique aims to

achieve consistency among them. In the implementation, the GT is performed to verify

the consistency of the measurements, and the LT, to identify and de-weight (rather than

reject) the outliers.

3.5.2 Other approaches to deal with multiple faults

Apart from the geodesy community, the navigation community also uses the RAIM

method. However, since it is notably developed for civil aviation services, the algorithms

are required to be implemented onboard of aircrafts and to detect real time failures.

In addition, the integrity algorithm is also expected to provide information about the

protection level.

One proposed method to handle multiple faults is called group separation (GS) method

[58]. Rather than assuming failures are independent, this approach is based on the

concept that most of multiple failures are caused by a common fault that affects a group
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of satellites. With this consideration, failure detection and exclusion are carried out by

adapting the solution separation approach in which a group of measurements (rather

than a single one) is excluded in turn. Potentially, this technique would decrease the

number of sub filters to be checked for failure. However, it also may cause the depletion

of measurement redundancy and unfavorable satellite geometry if used in restricted

environments.

In [154], the authors presented an approach to detect multiple failure situations by

employing an error reconstruction strategy from the LS residual based test statistic.

However, the technique is limited to special cases of high magnitude failures (e.g 5 km)

and the results are provided only for static receiver case.

Using the error characterization approach (ECA), the work by Vassileva [155] proposes a

user-based computation of PL. As oppose to the measurement rejection approach (MRA)

which operates on the principle of rejecting faulty measurements, ECA characterize

measurements errors and compute a protection level without identifying and removing

degraded measurements [156]. Vassilevas proposed technique works directly in position

domain and uses high accuracy velocity measurements. Adopting the premise that

position error is a combination of noise and bias [16, 17], the bound of the position error

can also be achieved by adding the bound of the noise and the bound of the bias:

HPL = HPLnoise +HPLbias (3.39)

While only the HPL is described here, the work is also applicable to VPL.

First, the zero mean position error (i.e. the noise component) is extracted by filtering

the measured user position and velocity in each east and north component using an

ARMA filter. This estimation is used to form the HPE due to noise. For this error

estimation purpose, the input velocity must be highly accurate (std dev less than 0.01

m/sec). Once the HPE is obtained, then the HPLnoise is calculated by a modified Cell

Averaging Constant False Alarm Rate (CA CFAR) algorithm. This radar processing CA

CFAR assumes zero mean Gaussian distributed noise of unknown power level [157]. As

for the calculation of HPLbias, the formulation follows the basis of the given maximum

possible range bias, number of used satellites, and DOP value [17].



Chapter 3. Existing Works on Reliability and Integrity Monitoring of GNSS
Positioning 122

Several approaches on integrity monitoring for land applications have been proposed in

the literature. Some of them is an adaption from the works in aviation sector but some

are new. Adapting the concept of PL, the work in [158] developed the Horizontal Trust

Level (HTL) as a novel integrity process for land vehicle navigation application. This

technique was further enhanced and called Horizontal Integrity Threshold (HIT) [159].

However, this approach had a disadvantage that since the HIT value depends on the

sensor variances and the covariance of the state, if corrupted data are included in the

filter calculation, the integrity parameter may provide aberrant information.

The concept of Isotropy Based Protection Level (IBPL) was introduced in [64] where the

vector of least squares estimation residuals are used as a characterization of the position

error. It does not implement measurement rejection techniques. Instead, it computes a

protection level based on the all-in-view least squares solution. In this approach, there

is no requirement for the errors to be represented in any specific distribution.

To adapt RAIM for land vehicle navigation, [160] proposed a localization integrity ap-

proach that combines both vehicle sensors and GNSS data, by storing them within a

short term memory (called data horizon). This is to avoid the impact of the past mea-

surement bias in the filter so that the RAIM approach FDE algorithm and PL can be

calculated. The main drawback of this formulation is that it is not possible to separate

input sensor failures from evolution model failures.

In [66], the authors implemented a Robust Set Inversion via Interval Analysis method in

a bounded error framework for positioning confidence. The technique is used to compute

three-dimensional location zones in real time, at a given confidence level. This confi-

dence measurement approach is significantly different from the Gaussian error model

concept. Here, the satellite positions and the PR measurements are represented by in-

tervals comprising the actual value with a certain level of confidence, i.e. bounds are

set on the measurements with error and risk taken into account. These bounded-error

measurements translate into constraints in the location domain. Then, the constraint

satisfaction problem can be solved using interval analysis. If data redundancy is suffi-

cient, inconsistent measurements can be detected and rejected.

In [161], the authors modified the WLS RAIM in order to adapt the integrity monitoring

specifically to the Electronic Toll Collection (ETC) application. The aim of the modifi-

cation is to improve the availability rate in the reduced satellite visibility environment
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without increasing the missed detection rate. Conceptualy, unlike in the civil aviation,

ETC system does not require continuity; therefore its RAIM algorithm does not need

to assure maximum allowed PFA. Hence, by fixing the PMD and slopemax, the HPL can

be reduced by increasing PFA.

The work in [162, 163] initiate a new methodologies to provide Position, Navigation and

Time (PNT) trust level for land applications. The proposed position confident level is

made of a 5-state high level indicator which characterizes the signal processing events,

and a protection level computed differently from the traditional approach. In accordance

with the types of error faced by land application navigation, the 5-state feedbacks are:

• No detected fault

• Multipath detected on SV used in PVT

• Interference detected

• Doppler or Delay incoherence detected on SV used in PVT

• Anomaly detected in PVT

In order to monitor these states, several Key Performance Indicators (KPI) are employed.

Specifically, they are Interference indicator, Multipath indicator, Doppler coherency in-

dicator, delay coherency indicator and SV fault detection/exclusion. These indicators

are implemented by means of several methods and techniques. For example, the Interfer-

ence is monitored by setting 5 dB above the mean spectrum as a threshold. Multipath

detection relies on code minus carrier and multicorrelator. Doppler coherency, delay

coherency and SV fault are detected using LS RAIM. All these indicators help to reject

or weight the measurements in optimal fashion so that the most accurate PVT solution

is obtained with the lowest Protection Level and not to introduce any missed integrities.

The computation for the protection level is:

HPL = KH × dmajor +
√
|K1,:|2 + |K2,:|2 × β (3.40)

Where:

• HPL is the horizontal protection level
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• KH is the protection coefficient dependent on the missed detection probability

• dmajor is the square root of the maximum eigenvalue of the horizontal components

of the position covariance matrix

• K is the projection matrix from the measurements domain to the position domain

• β is a vector of measurement bias

The work proposed in [164] is dedicated to the development of the integrity concept

for land applications based on simulation approach. Under the European Space Agency

(ESA) activity Signal Processing Techniques for the Integrity of Navigation for Land

Users (INLU), a simulation tool is being developed in order to establish the integrity

concept for land applications. For this purpose, the simulator is designed to be versatile

and comprehensive with the following components:

• Scenario generator

• Software-Defined Receiver

• GNSS/IMU Sensor Integration

• Fault Detection at Signal Processing Level

• Fault Detection at PVT Level

• Protection Level Calculation

• Integrity Analysis Tool

Having such simulator is highly beneficial for integrity concept development because

analysis based on experimental collected data alone is a monumental task.

3.5.3 Slope-based HPL in multi-faults case

In addition to the objective of multiple failures detection, identification and adaptation

(DIA) by the geodesy community, in RAIM, protection level calculations are also needed

by the users in Aviation.
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As has been alluded in subsection 3.2.5, slope-based HPL is generally calculated as

[55, 146]:

HPL = biasH + kHσnoise (3.41)

where the first term is intended to bound the effect of biases in the range measurements

and the second term is intended to bound the effect of noise in the range measurements.

In the single fault case, the HPL can be computed using the Slopemax consept.

In the context of multiple failures, the slope max concept is extended to calculate the

HPL for multiple faults RAIM. Generally, instead of using a single maximum slope, the

approach is to search for suitable techniques for combining the faulty satellites to yield a

combined maximum slope. Some of the proposed techniques are discussed in [165–168].

However, the works tend to assume only 2 simultaneous faults since considering open

sky environments. For land applications in urban environments, larger number of biases

are common due to NLOS and MPs. To calculate the ’combined’ maximum slope in this

case is very complex.

3.5.4 NIORAIM: HPL Optimisation

The HPL computation based on the slope-max concept has a limitation that even if the

faulty satellite is not the one with the maximum slope, the maximum slope is still used for

the protection level calculations. This caused the HPL to be higher than necessary and

can result in reduced availability (Walsh et al. 2005). The Novel Integrity-Optimized

RAIM (NIORAIM) which is initially presented by [169] is able to increase the integrity

availability of the conventional single fault RAIM algorithm. In [170], the authors present

an analysis under a dual satellite fault hypothesis where multi-constellation satellites of

GPS+GLONASS are used. The results show a dramatic improvement of the integrity

availability offered by the NIORAIM algorithm if compared to that achieved by such

algorithm when applied to a single GPS constellation under the assumption of one

satellite fault at a time.

In NIORAIM, the approach is to use a non-uniform weighted least square and adjust

them until the integrity limits (or slopes) of the satellites become nearly equal. However,

by adjusting the weights of the LS solution, the position accuracy decreases. Another
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effect of the weight adjustment is that the covariance of position error and parity vec-

tor (test statistic) no longer remains zero. This affects the independent distribution

assumption for chi-squared distribution of the position errors.

3.5.5 Multiple Hypothesis Solution Separation (MHSS) RAIM

Ene’s work [171] on MHSS seeks to eliminate the possibilities of fault misidentification

by guaranteeing integrity for the computed error bound in all possible cases of fault.

As such it includes multiple faults case. Then, the calculated VPL determines whether

continuity and availability requirements are also met.

The MHSS RAIM provides the basis for the Advance RAIM (ARAIM) implementation.

The MHSS RAIM algorithm requires to calculate the PHMI by including the contribution

of each possible fault mode weighted by its prior probability.

P (HMI) =

m∑
i=0

P (HMI|Hi)Pprior(Hi) (3.42)

where the overall P (HMI) is the probability that the true user position lies outside

the error bound determined by the integrity algorithm. The hypothesis set is denoted

as H = {H0, H1, H2, . . . ,Hi, . . .}, where H0 always denotes the fault-free state of the

system. The index i represent the number of the current fault mode, ranging from 0

and the maximum possible number of faults (m = 2n).

With each hypothesis there will be an associated prior probability for that particular

fault mode to occur, denoted as Pprior(Hi) and under each hypothesis there will exist

a separate probability for an integrity fault to occur, denoted as P (HMI|Hi). While

obtaining these prior probabilities is possible in the aviation application, it is not prac-

tically probable for multipath or NLOS occurrences in urban environment.

3.6 Error Overbounding

In integrity monitoring, the aim is to detect horizontal positioning failure, i.e, when

|eH | > HAL. However, actual position errors are not observable without knowing the

actual position. Hence, some types of observable measurements are used to represent the
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position errors. In the LSR RAIM, it has been shown that the HPL is used to represent

the horizontal position error. For this reason, whenever HPL exceeds HAL, RAIM is

declared unavailable (i.e. integrity cannot be guaranteed). As has been described in

the calculation of the slope based HPL in RAIM (section 3.2.5), the HPL has to bound

the horizontal position error with a certain acceptable integrity risk (IR). In fact, the

observables used in the LSR RAIM are the range residuals that are transformed into a

test statistic that further related to the position errors. By setting a threshold on the

test statistic based on the PFA and PMD, any violation of the threshold is interpreted

as the position error exceeding the HPL within the required PFA and PMD.

All of these relations are derived based on the assumption that the residual and the

actual measurement errors are independent, zero mean Gaussian distributed. Most of

the time however, the actual distributions of the errors are biased, correlated and non-

Gaussian [45]. Considering these non-ideal navigation error distributions, a concept of

overbounding is used in GNSS navigation. Ideally, error modelling and characterization

must include all possible sources of error in order to obtain the true distribution. How-

ever, in practice, it is not possible to absolutely validate the error models because it is

realistically impossible to collect data that consists of all possible errors. Additionally,

some of the physical processes behind the error sources (such as multipath) are too com-

plex to be described or modelled and the error sources are also rarely stationary. These

factors, contribute to the uncertainty of the modelled error distribution [172]. There-

fore, the navigation community has explored the provision of integrity by the method

of overbounding. This way, positioning integrity is quantitatively appraised using the

position bounds that assure an acceptable level of integrity risk.

In short, overbounding refers to the process of replacing the actual error distribution by

a simplified conservative model, generally a gaussian distribution to make use of all the

interesting mathematical properties from the gaussian distribution, with the objective of

having enough margins to take into account the risk of non-modelled errors [173]. What

is interesting with overbound is that it can substitute the actual error distribution in

obtaining a confidence interval such as the PL. However, the contention issue is the

overbounding optimization, i.e. to overbound by how much. An overbound that inflate

the PL too much will reduce the system availability but a ‘too tight’ overbound may

risk not having enough margin.



Chapter 3. Existing Works on Reliability and Integrity Monitoring of GNSS
Positioning 128

In the civil aviation, works on using overbounding for establishing conservative confi-

dence level in GNSS positioning integrity are mainly applied to the SBAS and GBAS

systems. In the slope RAIM approach, the proof of safety is based on certain approxi-

mation without the prove of being conservative [174].

3.6.1 Range Domain Overbound

In [16], DeCleene had demonstrated a method based on the CDF for bounding indi-

vidual ranging source errors in order to construct a conservative bound for the vertical

positioning. He observed that a conservative PL could be computed from a set of range-

domain overbounds when the integrated probability in the tails of each overbounding

model was greater than the one in the tails of the corresponding actual distribution.

According to the theorem, a position domain bound can be established from the con-

volution of the range domain bounds. However, DeCleenes overbounding formulation

is only applicable to actual distributions which are independent, symmetric, and uni-

modal. A series of works in [175–177] further introduced other overbounding methods

to address the limitations of the original concept, which include techniques for bounding

arbitrary-shaped, independent distributions while a work in [178] described bounding

for symmetric, correlated distributions.

In the concept of CDF overbounding, the overbounding CDF must cover larger errors

than the actual data for a given level of probability or conversely, the overbounding CDF

has lower probability than the actual CDF for the same error value [179].

Go(x) > Ga(x), ∀x 6 0 (3.43)

Go(x) 6 Ga(x), ∀x > 0

where Go(x) is the overbounding CDF and Ga(x) is the actual CDF. Figure 3.6 shows

the CDF overbounding concept.

In the range domain approach, the range error measurement data are used to compute

overbounding (conservative) error models that are then mapped into the position domain

to produce the PLs. To illustrate this approach, the calculation for the case of zero mean

Gaussian PL is as follows:

PLo = Aoσp (3.44)
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Figure 3.6: CDF Overbound concept

with σp =
√∑N

i=1 S
2
i σ

N
i and Ao =

√
2erfc−1(PHMI)

σp is the root of the sum squares of the weighted range-domain sigmas for each of the

total N observed satellites, and Ao describes the inverse cumulative distribution that

associate the sigma with the integrity probability [175, 180].

In presence of bias, the PL can be formulated as a sum of nominal component plus a

bias component:

PL = PLo + PLb (3.45)

PL = Aoσp + PLb (3.46)

Let µi be the bias of each PR, PLb is the total bias expressed as:

PLb =

N∑
i=1

Siµi (3.47)

In civil aviation, specific sources and effects of the bias have been considered and mod-

elled [19]. However, in urban environments, the biases are mainly due to NLOS and
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multipath receptions which are difficult to model, hence it is very difficult to come up

with an expression of PLb.

3.6.2 Position Domain Overbound

In the range domain approach, overbound is applied to each pseudorange measurement

error distribution individually. Alternatively, bounding can also be implemented directly

in the position domain. The concept of the position domain overbound has been elab-

orated in the works of [19, 181–183]. Osechas [183] highlighted the main difference of

direct position domain overbounding as compared to the conventional indirect position

domain overbounding approach is that in the direct approach, the overbounds are calcu-

lated by inspecting error data directly, without transforming the errors from the range

domain to the position domain.

The position domain method is able to produce tighter PL and therefore increase avail-

ability because the conservatism assumptions were applied only to the position-domain

error distribution model and not to each individual range-domain error distribution

model [182]. The method also reduces the conservatism intended to protect against the

pseudorange error distribution mismodeling [184].

The transformation process of the measurement errors to position error is commonly

assumed to be linear while in reality, the processing is non-linear [185, 186]. Over-

bounding nonlinear processing is rather problematic in that they introduce excessive

margin, which leads to poor system availability. Hence, the position domain overbound

may be perceived as a method that bypasses the nonlinear transformation issue.

3.6.3 Parameter Inflation

The common method for generating the PL assumes an independent, zero-mean Gaus-

sian error model. However, the actual error distribution is not necessarily zero-mean

Gaussian. In order to ensure that the Gaussian model overbounds the true error, its

variance is usually inflated to cover other kind of errors (bias from satellite, multipath,

etc.)
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For example, in the GBAS application, sigma inflation is performed to take into ac-

count the uncertainty of the true error distributions that are caused by the estimation

error of the mean and sigma during site installation, and non-stationarity error distri-

butions caused by environmental changes which affect multipath. The work of [182] had

studied a comprehensive sigma inflation factor that accounts for all of these uncertainty

sources, specifically due to finite sample size, process mixing, and the limitation of sigma

monitors.

3.6.4 Heavy Tail Overbounding

Gaussian distribution is attractive as an overbound for several reasons [187]. Among

them, it has a property that the convolution of two Gaussian functions is another Gaus-

sian function. In a bandwidth limited system, information about the distribution is

efficient since it only requires two parameters (mean and standard deviation). Also,

functions that compute probability and cumulative densities are easily available. Nev-

ertheless, most additional errors either from satellite, environment or the processing

algorithm have large amplitude with low probabilities which yield to a heavier tail of

the actual error distribution than the Gaussian one. In such situation, a simple Gaussian

sigma inflation will not likely be able to overbound the distribution [175]. When deal-

ing with the non-Gaussian tail or heavy tail error distribution, Shively [188] derived the

sigma inflation factors by using a model of Gaussian core and Laplacian tails. Rife et. al

[176] had proposed Gaussian core and Gaussian sidelobes to mitigate over-conservatism

when bounding heavy tails.

In dealing with the issue of limited number of samples to ensure overbounding at the

tail ends of the actual error distributions, works in [189, 190] have applied the extreme

value theory to extrapolate the samples at the far tails of the distributions.

3.7 Conclusion

From the presented approaches used in monitoring integrity, several limitations and

challenges are readily observed for their implementation in urban environments:
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• Generally, the monitoring techniques are not designed to handle many simultane-

ous faults. Even the proposed techniques to deal with multiple faults only envisage

a few simultaneous faults and some of them have not considered mobile user. Ap-

plying those techniques can result in non-effective performance due to the reasons

described above.

• The algorithms are based on consistency checking which require a certain level of

measurement redundancy. This redundancy are scarce in urban canyons, hence

lead to ineffective performance of the algorithms.

• The distribution of errors are assumed to be independent and zero mean Gaussian.

This assumption is invalid in the urban scenarios. Therefore, wrong modelling of

the error distribution will cause ineffective performance of the integrity monitoring

schemes.

Therefore, in developing a suitable techniques or approach for confidence measure of po-

sitioning in urban environments, those main issues have to be taken into considerations.

Many relevant previous works in tackling some of the issues in integrity monitoring are

presented in this chapter. With the development of multi-constellation GNSS, improve-

ment in positioning performance is expected. However, the challenges in urban envi-

ronment cannot be totally met only with the multi-constellation and additional source

of positioning information is needed. In view of such need, external information on the

geometric structure of an environment affecting GNSS signals propagation provided by

a city model shall be exploited in the work of the next chapter. Subsequently, additional

navigation sensors will be used in chapter 5.



Chapter 4

NLOS Characterization in Urban

Environments Using a 3D Model

4.1 Introduction

To achieve reliable GNSS positioning in harsh urban environment is a very challenging

task. The main source of error in the measurements is due to NLOS reception and

multipath phenomena. The effect of assuming a direct path in a NLOS propagation en-

vironment leads to serious degradation in accuracy. Hence, degraded PR measurements

are often excluded from the position solution calculation. However, in urban settings,

simply rejecting PR measurements may have negative impact on the satellite geometry

and may also reduce the available number of PR for trilateration process. Therefore,

instead of discarding all measurements which are found to be in NLOS conditions, this

work proposes to properly use these observations to improve the positioning accuracy

and integrity in harsh environments.

For that purpose, this work combines the sigma-ε variance model with a mean jump

(i.e. NLOS bias) to model the PR errors. First, a 3D model of the environment is

used to detect the NLOS state of reception and to predict the NLOS bias related to the

excess delay phenomenon. For reliable positioning, a C/No-based variance adjustment

for the LOS PRs is implemented. Also, the bias is subtracted from the NLOS PRs

during the trilateration step of position computation. The NLOS biases were obtained a

priori for each satellite by measuring the difference between the measured PRs and the

133
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referenced PRs when the state of reception is determined to be NLOS by the 3D model.

The performance of the proposed scheme is assessed using real data and compared to a

standard Kalman filter without the assisting information from the 3D simulator.

4.2 Predicting GNSS signal propagation conditions via 3D

model

As 3D city models becoming more accurate and widely available, there are growing

interests in their application to predict satellite reception availability. The works of

[62, 191] used 3D city model to predict GNSS availability considering LOS, diffracted

and re-radiated signals. In [110], the authors used 3D digital map in order to detect and

mitigate multipath in real-time where a ray tracing algorithm is used to check if satellite

signals are reflected or blocked. Then, the suspicious PRs are simply excluded from the

observation set. 3D model along with camera image were used in [192] to filter out the

PR measurements which are considered to be NLOS based on the comparison of the

actual satellite elevation angle with the critical elevation angle calculated using the 3D

model. Whereas in [80], the image captured by an on-board camera is matched with the

3D model as an additional observation to counteract against DR drift in the absent of

enough satellite signals for positioning in urban environments. The comparison between

the camera image and the 3D model is also applied for obstacle detection since it only

appears in the image but not in the 3D model. In [114], the authors use a 3D model to

predict the geometric paths of NLOS signals so that they may be used constructively

in order to obtain enough information to compute the users position in harsh urban

environment.

An interesting approach has been developed at UCL by the team of Professor Groves

consisting of 3D model. To tackle the problem of degraded positioning due to multipaths

and NLOS in urban environments, first, the team proposed to calculate the GNSS signal

shadowing by the buildings at multiple locations. This provides building boundaries with

different azimuth and elevation resolutions for a grid of candidate positions [62]. Then,

to select the most likely correct position out of the candidate positions, three possible

approaches had been described. First, the shadow matching technique [193] may be

used to reduce the number of candidate positions. In simple term, shadow matching
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affirms the receiver’s general position by considering the satellite signals that are not

visible to the receiver due to blockage. However, it has limited reliability because shadow

matching is susceptible to NLOS being mistaken as LOS. Hence, they proposed another

approach which is to combine the 3D model with consistency checking. The limitation of

this combined approach is that the performance of consistency checking, which is similar

to RAIM, is also not very effective in urban environments [109]. The third proposal is to

determine the correct position solution by searching among the candidate positions for

the one with signal conditions that are mutually consistent. The signal conditions are

predicted using the 3D model for the candidate positions [63]. Of course, this approach

requires that the 3D model provides reliable predictions. Another work that proposed

similar approach of candidate position searching is provided in [194]. However, the

algorithm for the search and the decision criteria for position selection is different from

the one proposed by the UCL group.

By means of a specific 3D model called the urban trench model, the work of [81] demon-

strates an approach to identify between LOS and NLOS signals. The urban trench model

is implemented for vehicles moving along narrow streets which are predominantly the

streets of European cities. Nevertheless, the urban trench model is mostly suitable for

narrow roads with building along both sides of the road. In some other types of urban

areas, the technique is not quite suitable.

In this work, SE-NAV software [7] is used to predict the signal reception of GNSS systems

such as GPS into 3D virtual scenes of known urban areas. The propagation of signals

is based on a ray-tracing algorithm that computes the shadowing and multipath effects.

SE-NAV uses geometric optics to calculate the reflected, diffracted and transmitted rays.

Based on these multiple rays that reach the receiver, the LOS or NLOS reception state

of a satellite is provided. In order to characterize the biases a priori, the position of the

satellites and the receiver must be known. The satellite positions are calculated based

on the ephemeris data whereas the positions along the trajectory are obtained from the

receiver.



Chapter 4. NLOS Characterization in Urban Environments Using a 3D Model 136

Figure 4.1: Left: Mask sphere showing the masking impact. Right: Example of
multipaths reception in an urban area - Red arrows point to the location of the receiver

4.2.1 SE-NAV deterministic simulator of GNSS reception in urban

environment

SE-NAV simulates the propagation of GNSS signals in urban environment. Examples

of the simulated environments are shown in Figure 4.1. This software, developed by

the company OKTAL Synthetic Environment, embeds a graphic processing unit (GPU)

raytracing kernel to compute the masks and the multipath (reflections, transmission and

diffractions) generated by the objects/buildings near the receiver. Next, the details of

SE-NAV simulator is presented.

a. Raytracing and BVH optimization. A Raytracing algorithm consists in finding

the intersections between a ray and a defined geometry as fast as possible. SE-NAV

uses geometries made of a large number of triangles. For high frequency asymptotic

electromagnetic (EM) simulation, a large number of such intersections has to be com-

puted. A very naive approach would require N*M ray-triangle intersections, N being

the number of triangles and M the number of rays. Except for very simple situations,

this cost is prohibitive, hence the need for acceleration methods. Among these meth-

ods, the Bounding Volume Hierarchy (BVH), an object-based subdivision structure is

chosen (Figure 4.2). The principle is to build a tree-structure of a set of triangles. Each

triangle is stored in a leaf of the tree. Each internal node stores for each of its children

the bounding volume of the descendant triangles. A bounding-volume hierarchy is built

according to the location of each triangle of the database, trying to minimize the extent

and the number of nodes.
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Figure 4.2: Top: Triangle sorting. Bottom: Bounding volumes hierarchy

Once the structure is built, the intersection between a ray and the scene is done by

traversing the tree recursively from the root. A child is processed only if the ray intersects

its bounding volume. If the two children are traversed, the process is repeated first on

the children closest to the ray origin. If the child is a leaf, the ray is intersected with

all triangles contained in the leaf, potentially updating the intersection data. Traversal

is stopped as soon as no intersection closer than the current one can be found. This

method decreases drastically the ray-scene intersection computation time, computing

only O(log(N)*M) intersections instead of N*M for N triangles and M rays.

b. GPU Resources. The Raytracing kernel has been developed in CUDA 4.0 language

and uses the GPU resources in order to compute masks and multipath in record times

(1000 times quicker in optimal configurations). SE-NAV uses GPU to find rays and

CPU to filtrate them according to Geometrical Optics rules.

SE-NAV runs on NVIDIA Graphics board series 8 or later. The video memory shall be

greater than 512 Mo and the compute capability rate greater than 1.1 (atomic operations

shall be allowed).
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Figure 4.3: Link budget

c. Model Outputs. SE-NAV uses Geometrical Optics (GO) to model reflections and

transmissions and Uniform Theory of Diffraction (UTD) to detect signal’s diffractions

on the edges of the objects. As SE-NAV uses a deterministic method, the software can

calculate and display the geometry of each ray reaching the receiver and then computes

the total link budget and errors needed to forecast the local pseudorange. Thanks to

the different DOPs provided as an output and also the visibility of the constellation

(LOS, NLOS, and hidden satellite), the user can assess the availability of the navigation

system and its performance within a given area.

SE-NAV computes a link budget and provides in output the received power per multipath

and per channel. To do so, SE-NAV assesses the main source of attenuations during the

propagation of the signal in the environment (Figure 4.3).

SE-NAV takes into account cabling losses, antenna gain (satellite and receiver), free

space losses, tropospheric losses and multipath losses. However, with the version used

in this work, the receiver specific parameters such as the cabling loss and antenna are

not accessible for users to change. SE-NAV computes the complete field (modulus and

phase) and therefore models interferences and fading effects. SE-NAV also provides

Signal-To-Noise Ratio and composite power (i.e. integrated power for a given channel).

4.2.2 Reliability of 3D model for reception state prediction and NLOS

bias prediction

The reliability of the computed position depends on the reliability of the PR measure-

ments model. In this work, a 3D model is also included in the position estimation process.
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Therefore, the distribution of errors on the final navigation solution does not only de-

pend on the errors affecting the PR measurements (such as the clock bias, ephemeris,

ionospheric delay, topospheric delay and etc.) but also on the errors affecting the quality

of the 3D model and its decision of the NLOS/LOS situation of the received signals.

Hence, it is crucial to determine the quality of the SE-NAV LOS/NLOS identification

as well as the impact of this decision on the error modeling. Among the factors affecting

the quality of a 3D model include the accuracy of geometrical representation (shape, ori-

entation, location and etc.) of the model vis-a-vis the actual environment and the detail

features of the modelled objects to represent the effects on the propagating signals such

reflection and diffraction. It follows that this quality of the 3D model characteristics

also affects its decision of LOS/NLOS receptions of the GNSS signals.

While there have been several works such as in [62, 191] where prediction of satellite

availability based on 3D model were used, there has not been many works studying the

LOS/NLOS state of reception based on 3D model. One of the approaches in categorising

the LOS/NLOS state of reception is to base on the received C/No [9]. Hence, this work

compares the similarity or the conformity of state reception prediction provided by the

3D model with that one obtained using the C/No value, i.e. to check whether the

prediction of the 3D model is consistent with the C/No prediction. An example of

conformity is when SE-NAV predicts a received signal as a NLOS and the C/No of that

signal is below the set threshold (a value between 40 and 30 dB-Hz).

It is acknowledged that a 3D model can only approximate rather than simulate a per-

fect reconstruction of the real received signals. First of all, there is an unquantified

variability of the real-life surrounding environment of the receiver as compared to the

static virtual representation of the reception environment. For example, there are non-

permanent objects such as vehicles and people that can affect signal propagation but are

not included in the 3D model. Over the time, even the foliage of the vegetation changes

and so does the building surface attributes. In fact, to acquire modelling accuracy of

the building structures and materials in terms of their effects on the GNSS signals is

itself a challenging feat.

The complexity of the electromagnetic signal propagation yet pose another constraint

on the 3D model. Deterministic models based on Geometrical Optics (GO) and Uniform

Theory of Diffraction (UTD) require detailed geometrical and morphological information
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on the propagation environment. In urban scenarios, ray propagation is affected by

multiple interactions with scatterers. Whenever a ray is modelled with a reflection or

diffraction, there is some error associated with the model’s prediction due to inaccurate

representation of material properties or dimensions of objects in the environment. For

rays that are modelled by multiple reflections, these errors tend to accumulate, making

the model’s predictions even less accurate. Furthermore, the effect of the actual antenna

and receiver on the received signal, more often than not, is unavailable to be included

within the 3D model. All of these introduce errors in the PR prediction by the a 3D

model.

For the reasons above, in the work of [8], the authors investigated the validity of using

a 3D GNSS simulation model, particularly SE-NAV, to predict the PR measurements

biases. From the comparison between the biases of the measured PR using referenced

position and the predicted biases using the SE-NAV 3D model, the work concludes

that the simulated PR errors are quite consistent with the real errors. In addition, the

work also considered the effect of positioning estimation errors on the robustness of the

SE-NAV simulations by adding some noise with uniform distribution [−8m; +8m] to

the reference trajectory. Their results indicates that the simulated PR errors are still

consistent with the real ones at almost 60% of the time.

In this chapter, apart from predicting the reception state, the 3D model is also utilized

to predict the NLOS bias statistic, which is to be used for the PR corrections. In this

case, how close the predicted bias value is to the measured NLOS bias will affect the

quality of the final computed position. The measured NLOS bias is calculated from the

difference between the measured PR and the referenced PR when the state of reception

is determined to be in NLOS by SE-NAV. Whereas, the predicted NLOS bias is obtained

from the signal path delay calculated by SE-NAV using the position estimates computed

by the receiver when the state of reception is determined to be in NLOS by SE-NAV.

Whenever there are many reflected components of a signal, SE-NAV provides the path

delays for all of the components. For the case of a LOS signal, the delay value for the

direct signal component is provided as 0. In the case of a NLOS reception, all the received

signal components would have path delays since there is no direct signal component. In

this work, when there are more than one reflected signal components exist in the NLOS

case, an optimistic perspective is chosen when deciding on the predicted bias value in the
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Figure 4.4: PR error distribution in the presence of NLOS in urban environment (the
Capitole, Toulouse)

NLOS reception. It is assumed that the receiver will acquire the non-direct component

with the shortest delay since it is likely that the shortest delay component will have the

highest power, i.e. the least attenuated when it arrives at the receiver.

4.3 Proposed approach for positioning with NLOS signals

4.3.1 LOS/NLOS pseudoranges measurements model

Over a relatively long observation window, the NLOS measurements error has been

observed to have a non-Gaussian distribution and may be approximated by a mixture of

Gaussian distributions [9]. As illustrated in Figure 4.4, this NLOS error distribution is

obtained based on referenced positions trajectory in the Capitole, downtown Toulouse

and consist of 107 samples. The data is collected using a ublox 4T receiver mounted

on a vehicle. The mean and variance of each Gaussian component may be computed

iteratively inside the estimation algorithm.

However, for a short observation window, the most common approach consists of mod-

eling the pseudorange error as Gaussian distribution with a time-varying mean and

variance [10] as illustrated in Figure 4.5. Here, the error distributions of the same satel-

lite are shown within different 40 seconds windows where it can be seen their change in

the mean and variance.
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Figure 4.5: PR error distributions in urban environment (the Capitole, Toulouse)
obtained from a same satellite in various observations periods of 40 seconds

In the NLOS case, the presence of only reflected signals introduce a jump on the mean

value as a result of the extra distance. In the case of degraded LOS path, an additional

variance is introduced as an increase of the uncertainty on the direct path. Accordingly,

these effects of the degraded LOS noise and NLOS bias on the PR measurements error

are modelled separately.

For the case of multipath degraded LOS reception, implementing the signal-to-noise

ratio based variance model, i.e. the SIGMA-ε model, would improve the positioning

accuracy in the urban environment [11, 12]. The covariance matrix of the observation

can be constructed as R = diag(σ2
1, σ

2
2, . . . , σ

2
k) where

σ2
k = a+ b.10

−C/No
10 (4.1)

and σ2
k is the variance of the kth observation. The constants a and b are determined

depending on the environment and user equipment, which may be computed a priori off

line using PR measurement errors and their C/No values over a certain epoch. In [12],

the confidence level of 3σ or 99.7% was used for the estimation of the constants with

measurement data collected within 12 hours of observation.
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The PR measurement model is commonly expressed as the true distance d between the

receiver and satellite, plus with several other types of errors. For each satellite at kth

point in time, the pseudorange ρ can be written as,

ρk = dk + c.dtsatk + c.dtrcvk + atmok +mk + εk (4.2)

with c.dt represents clock offset (satellite or receiver), atmo represents both the iono-

spheric and tropospheric delays. m is the multipath delay and ε is the receiver noise. In

harsh urban environment, m is the major contributor of error and could consist of the

mixed LOS/NLOS conditions. Once the ionospheric, tropospheric and clock errors are

compensated, the model is reduced to the following expression,

ρk = dk +mk + εk (4.3)

To further illustrate the LOS/NLOS conditions in the multipath, we may rewrite the

equation as [13]

ρk = dk +mk + bkwk (4.4)

where

mk =

 0, if LOS condition

mNLOS , if NLOS condition
(4.5)

bk =

 σ, if LOS condition√
σ2 + σ2

NLOS , if NLOS condition
(4.6)

and wk is the centralized zero mean white Gaussian noise N (0, 1). In other words, the

NLOS is characterized by its mean, mNLOS and it’s variance, σ2
NLOS . Thus, in the case

of NLOS, the affected measurement becomes

ρ′k = ρk −mNLOS = dk + bkwk (4.7)

and

bk =
√
σ2 + σ2

NLOS (4.8)
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4.3.2 Integration of the 3D-based bias estimation in the PVT Kalman

Filter

In this work, the well-established Extended Kalman Filter (EKF) is chosen as the po-

sitioning estimator for post-processing the measured PRs. Based on the measurement

model in equation 4.4, the state equation can be provided by:

Xk+1 = FXk + vk (4.9)

where X is the state vector, F is the state transition matrix and v is the process noise

with zero mean Gaussian distribution.

For the purpose of this work, a nearly constant velocity is assumed for the kinematic

model since there is no significant acceleration in the vehicle movement in urban envi-

ronments. Hence, from the discretized nearly constant velocity model [25,26], the state

vector is:

Xk = [pk, ṗk, ctk, ċtk]
T (4.10)

where pk is the xk, yk, zk position coordinates, ṗk are the velocities, ctk is the clock bias

and ċtk is the clock drift.

Based on a constant velocity assumption, the state transition matrix is given as:

F =


I TsI 0 0

0 I 0 0

0 0 1 Ts

0 0 0 1

 (4.11)

where I is the identity matrix and Ts is the sampling period.

The discrete-time process noise is given as:

vk ∼ N (0, diag(Q1,Q2)) (4.12)

where

Q1 =

 T 3
s
3 σ

2
aI

T 2
s
2 σ

2
aI

T 2
s
2 σ

2
aI TsI

 (4.13)
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and

Q2 =

 σ2
bTs + T 3

s
3 σ

2
d

T 2
s
2 σ

2
d

T 2
s
2 σ

2
d Tsσ

2
d

 (4.14)

The clock bias variance σ2
b and clock drift variance σ2

d depend on the quality of the

receiver, while the acceleration variance σ2
a depends on the motion of the receiver.

Based on the prediction from the 3D model of the LOS/NLOS reception condition of

each satellite, the PR measurement and its variance are treated accordingly. If the

measured PR is predicted as a LOS signal, its covariance is adapted to the value using

equation 4.1. However, if the measurement is predicted as a NLOS reception, the NLOS

bias mNLOS is predicted from SE-NAV where it provides the delayed distance of the

NLOS ray tracing as compared to the straight line ray tracing distance from satellite to

receiver. Then, the bias is subtracted from PR measurement and the NLOS variance

σ2
NLOS is included in the covariance as described by equations 4.4 and 4.7. Therefore,

the observation equation can be formulated as,

zk = h(Xk) + mk + bkwk (4.15)

where h describes the non-linear dependence of the observations on the state. The

observation covariance is,

bkwk ∼ N (0,R) (4.16)

where R depends on the LOS/NLOS condition of the reception state.

Usually, the values for the bias and variances of NLOS errors are obtained based on

the PR error distributions. In this study, the PR error values are initially calculated

based on the difference between the measured PRs vis-à-vis the reference PRs which

are acquired by computing the distance from the satellite positions and the reference

positions. However, such approach would be limited for positioning applications with a

fixed and predetermined route.

In an attempt to make the application to be less restrictive, this work further considers

the PR errors values generated from the predictions of the 3D-model. The delays of the

PR ray-tracings from the 3D-model are treated as the errors of the PR measurements.
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Figure 4.6: Reference trajectory in Toulouse, France.

4.3.3 Data collection, equipment and software

In this work, the measurements were obtained from a trajectory around Toulouse, France

(Figure 4.6). The area represents a deep urban environment with narrow streets and

buildings alongside the streets. The GPS receiver used for the PR measurements is the

u-blox LEA-4T receiver while the NovAtel SPAN system is used for the reference tra-

jectory. The measurement was sampled at 1 Hz. All data processing was accomplished

using Matlab and SE-NAV.

4.4 Results and analysis

4.4.1 Estimation of Variance (C/No) Model Parameters

In order to implement the SIGMA-ε variance model as in equation 4.1, the values for

parameters a and b have to be determined. This is achieved by fitting the Standard

Deviation= σk =

√
a+ b.10

−C/No
10 to the plot of absolute pseudorange errors vs. C/No.

The standard deviation is simply the square root of the variance in equation 4.1 and

the absolute pseudorange errors are the magnitude of the pseudorange errors. In this

equation, when b is positive, the value of sigma improves as C/No increases. The

magnitude of b represent the rate of change (slope) in the relation between sigma and
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Figure 4.7: C/No variance model

C/No. Figure 4.7 shows an example of the plot and Table 4.1 lists all the determined a

and b values per visible satellite during data collection. It is noted that during this early

stage of research, the number of sampled measurements is rather small. Nevertheless,

they are sufficient for the purpose of this part of the works. It is observed that for several

satellites, there are negative values of the constant b which reflects a degradation of sigma

for higher C/No. This situation affirms the issue of the difficulty of using only C/No

as a measurement quality indicator in urban environments especially with this short

data. As has been highlighted in Chapter 2, signal receptions in urban environments are

degraded by multipath and NLOS that it is possible for erroneous signal to have high

C/No. Based on these results, it is observed that the model can be applicable for the

range of C/No between 25 to 40. However, a more exhaustive measurements and longer

data are needed to verify this observation.

4.4.2 NLOS/LOS prediction by SE-NAV

To differentiate between LOS/NLOS reception is indeed a challenging task. In this

work, the LOS/NLOS prediction by SE-NAV is compared to the received C/No values

of the PR measurements. Threshold values of 40, 38 and 30 dB-Hz are used for these

comparisons. Percentages of agreement or conformity between SE-NAV prediction and

C/No values are listed in Table 4.2. It can be seen that the threshold < 40 dB-Hz has

the highest conformity between SE-NAV prediction and C/No.
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Table 4.1: List of parameters for variance (C/No) model obtained by curve fitting
with the absolute PR errors

Table 4.2: Conformity between SE-NAV LOS/NLOS prediction and the C/No values
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Figure 4.8: Elevation angle per satellite

These C/No values may also be cross referenced with the elevation angle of the satellites

(Figure 4.8) since the signals of the lower elevation satellites are more likely to be received

as NLOS in the urban environment as compared to those of the higher elevation ones.

In Table 4.2, satellites with lower than 26o elevation tend to be the satellites with higher

agreement with the SE-NAV LOS/NLOS prediction. In other words, the prediction of

LOS/NLOS reception by the 3D model is more similar to the prediction based on C/No

when the satellites elevation is low as opposed to when the satellite elevation is high.

4.4.3 Results of the estimated position

As a base of comparison, the error sequence of position estimation with NLOS bias

correction is plotted against the error sequence of position estimation using the variance

(C/No) only (i.e., without considering LOS/NLOS reception). Figure 4.9 shows the

comparison of a 3D position estimation errors while Figure 4.10 and 4.11 are their

respective position error plots in ENU format.

From Figure 4.9, it can be seen that the estimation with NLOS bias correction was

generally better than the performance of the position estimation using only the variance

(C/No) model. After about the 100th sample it can be said that both estimators seemed

to converge on more or less of equal performance at the end.
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Figure 4.9: Error of position estimates in 3D

Figure 4.10: Error of position estimates using variance model

When comparing their performance in the ENU format, it is obvious that both of the

error patterns of the two position estimation approaches are strongly influenced by

their error estimation in the height direction. If the height error is discounted, their

performance can be compared in the X-Y plane (Figure 4.12) where their performances

are much better. The estimation with bias correction was able to reduce several large

error values that exist in the estimation with variance (C/No) around the 37th, 66th

and 87th samples.



Chapter 4. NLOS Characterization in Urban Environments Using a 3D Model 151

Figure 4.11: Error of position estimates with NLOS bias correction

Figure 4.12: Error of position estimates in X-Y plane

4.4.4 Bias prediction by SE-NAV

Apart from predicting the LOS/NLOS reception, this study also attempts to use the 3D

model to predict the NLOS bias. The predicted NLOS bias is calculated by SE-NAV

from the ray tracing path delay based on the receiver estimated position when the state

of reception is predicted by SE-NAV to be in NLOS. Whenever there are several reflected

components of the ray tracings, the shortest delay is chosen under the assumption that

it has the highest power when reaching the receiver. Figure 4.13 shows the comparison

of the measured bias versus the predicted bias for satellite 5, 8 and 28. The difference
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Figure 4.13: Comparison of measured NLOS bias vs. predicted bias
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Figure 4.14: Position errors - measured NLOS bias against SE-NAV predicted NLOS
bias

between them are also plotted for the three satellites. The measured bias is computed

using the reference trajectory of the positions. The comparison shows that while there is

some similarity in the patterns, the values of the bias are quite different between them.

Further research could be pursued in order to improve NLOS bias prediction by the 3D

model.

Figure 4.14 is the position error comparison between the positions estimate using mea-

sured bias for PR correction against the positions estimate using bias predicted by

SE-NAV for the PR correction. The plot is in the XY plane to discount the effect of the

estimation error in the height direction. Despite the difference between their bias values

as indicated in Figure 4.13 before, their positioning performances in XY plane are quite

similar in general. This effect is due to the projection of range biases onto the position

domain which is also influenced by the satellites constellation geometry. The difference

of the predicted measurement biases may also be contributed to other real objects in

the surrounding of the receiver which are not taken into account in the 3D model.

4.5 Conclusion

This work proposed the utilization of 3D model in predicting the LOS/NLOS recep-

tion state. In addition, the 3D model is also used to predict the NLOS bias of the

measurements. These simulated information is used for the correction of the PR error
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according to the LOS or NLOS case and then processed in the PVT computation algo-

rithm. The ability of the 3D model to predict LOS/NLOS was found to be encouraging

when compared with other indicators such as C/No and satellite angle of elevation.

On the other hand, when comparing the bias predicted by the 3D model with the

biases computed using the reference trajectory, the ability of the 3D model to predict

the NLOS bias was deemed modest and not concluding for the short processed data.

Further research and analysis are required to validate the quality of the predictions by

3D model. Because the bias prediction depends on the changing environment and other

factors such as inaccurate geometrical and morphological modelling and the complexity

of electromagnetic signal propagation modelling which are described in section 4.2.2,

the predicted bias did not necessarily match the actual bias. Furthermore, since the

predicted bias values are calculated based on inaccurate or even erroneous position

estimates, the ray tracing path would not be truly representative of the actual signal

propagation path. Hence, the ray tracing delay would also be unrepresentative of the

actual signal propagation path delay. Even so, when the predicted biases were utilized

for PR corrections in position estimation, the result showed that the positioning errors

are generally almost similar to those calculated using the measured bias computed from

the reference trajectory.

Therefore, in term of the bias prediction, other technics of exploiting better the 3D

information need to be developed. In general, the awareness of significant environment

change need to be detected and relevant actions should be taken. For example, in a

situation where the signal is being blocked a big vehicle, the 3D model will not function

correctly and therefore should not be employed. It should be highlighted also that

OKTAL-SE is actively pursuing to improve the reliability of the 3D model such as by

gathering more data and collaborating in various researches with others.



Chapter 5

Measurement Reliability via

Pseudorange Prediction Using a

Hybrid Approach

5.1 Introduction

For geolocalization-based applications and services in urban environments, achieving

reliable positioning is difficult. Hence, quality monitoring at several levels and in both

range and position domains are highly recommended [45, 124]. Since reliable GNSS

positioning depends on reliable measurements and good satellite geometry, this chapter

investigates an approach of checking the measurement reliability by predicting the PR

using a hybrid approach.

Range errors are not directly observable without a reference position, therefore PR resid-

uals have been used instead to represent the range errors. The residual is obtained by

taking the difference between measured and predicted PRs. The predicted PRs are usu-

ally calculated based on the estimated position. However, in multiple bias situations

such as in urban environments, residual becomes less representative of the actual PR er-

ror as opposed to in the situations of a single PR fault [59, 151]. Therefore, hybridization

with other trusted sensors is investigated to ascertain whether the residual can perform

better in multiple bias situation with hybridized estimator. Many works on combining

GNSS with other sensors have been done such as in [129, 195–200]

155
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For land vehicle navigation, dead-reckoning (DR) sensors are usually used together with

the GNSS measurements[75, 117, 201]. In this work, the combination of odometer/gyro-

1D is chosen as a lower-cost alternative to a good inertial measurement unit (IMU) for

assisting a GNSS receiver in severe conditions. The advantage of this navigation system

is the simplicity of the integrated navigation algorithm. A mechanical odometer, which is

very precise, is used and then provides a reference for the vehicle speed. Coupled with a

simple yaw-sensor, a navigator is built and able to predict the GNSS PR measurements.

Then, a PR residual is calculated based on the difference of the measured PR and the

predicted counterpart. From these computed residuals, test statistics can be used to

detect and identify faulty PRs. To improve positioning accuracy, the identified faulty

PRs can be excluded when enough satellites are still available for position fix. If the

number of available satellites with reliable observable is no longer sufficient, the faulty

PR may be replaced by the predicted one.

As an additional investigation, alternatives to the PR residual are also considered. These

residuals are generated from the difference between the measured and predicted user

velocity and also from the successive range rates. Overall, this work evaluates the

benefit of using odometer and studies its capability for reliability checking.

5.2 GNSS Quality control

In devising techniques for reliability monitoring of GNSS positioning, many factors in

real life situations make theoretical analysis difficult and pose constraints on the theo-

retical models. Therefore, it is recommended that several approaches to be implemented

in the monitoring process to include heuristic decision logic in order to deal with faulty

measurements [45, 124]. Typically in urban environments, due to the effects of multi-

paths and NLOS, GNSS signals are often correlated in time, not normally distributed

and the effects can grow slowly rather than abruptly. This multipath errors can also

correlate among various satellites [45]. Such effects may cause the statistical test ap-

proaches (for example, the traditional RAIM) to be not effective as long as its basic

assumptions are violated. Hence, additional heuristic tests may prove to be useful in

ensuring the reliability of the PVT solutions. Examples of these tests could be a decision

based on the SNR, elevation angles of the satellites, number of measurements and their
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redundancy or the size of the residuals that can be used as quality indicators of the

measurements or the navigation solutions.

An example of using the constellation geometry as a quality indicator of the positioning

solution is provided in the work of Sairo et al [202]. They proposed a weighted dilution of

precision, called KDOP, as a quality measure in satellite based positioning. KDOP de-

notes a geometric dilution of precision weighted by user-equivalent range errors (UERE).

Of course the premise of this work is that the modelled UERE is assumed to be reliable.

Since the lower KDOP value indicates the more favourable geometry, the fault exclusion

algorithm choose the subset with the smallest KDOP value:

A satellite sati is excluded when KDOP with sati > KDOP without sati

Contrary to RAIM, there is no need of a threshold value to reject a measurement in

this technique. In addition, it was recognized that the positioning accuracy is further

improved when KDOP method is combined with another fault detection method which

is based on measurement consistency approach [203, 204].

One technique of using residual and the number of available measurements or redundancy

to affect the decision on the positioning reliability is demonstrated in the Isotropy-Based

Protection Level (IBPL) approach [64]. In the HPL formulation of the IBPL approach

which is,

HPL = k.|r|.HDOP (5.1)

r is the least squares residual vector and k is the proportionality constant which relates

the residual size with the state estimation error. The value of k depends on the the

number of available measurements with the effect that when measurement redundancy

is low, the residuals constitute much less reliable a measure of position errors. As

described in [64], the calculated HPL defined here is also a probabilistic bound on the

position error taking into account nominal and abnormal measurement errors. However,

the IBPL method does not make any hypothesis about the statistical behaviour of the

errors of the individual measurements. Instead, it is based on only one hypothesis called

isotropy where measurement errors combine in an error vector which can point in any

direction (of the measurement space) with the same probability. Nevertheless, it has

been recognized by the authors that IBPL needs a good redundancy (i.e. large number

of available satellites), thus it is suitable only for open sky applications.
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Figure 5.1: User level quality checking and monitoring on navigation process

As an overview to visualize where quality checking may be implemented in the navigation

process at the user level, figure 5.1 depicts the general flow of the navigation process.

It starts from the measurements inputs to the navigation outputs, which then will be

used by various applications. The diagram shows that to ensure the reliability of the

navigation solutions, quality monitoring may be implemented at the solution domain and

also at the measurements domain. The measurement quality checking may also receive

a feedback from the integrity status of the navigation solution. Instead of receiving the

PVT solutions, some applications may also require the measurements as their inputs to

calculate the PVT solution by themselves. In this chapter, with the aid of the DR sensor,

the PR and the range rate residuals are used to check the validity of the measurements

and the velocity residual is used to monitor the solution.

5.3 Hybrid navigation for vehicle in urban areas

As has been described in Chapter 2, GNSS based positionings for land applications

face various challenges especially when operating in urban environments. For example,

despite the existence of multi-constellation and high sensitivity receivers, a mobile stand-

alone GNSS receiver can never achieve 100% satellite visibility (i.e. able to receive

enough number of direct satellite signals to compute PVT solution at all times on all

occasions). This is simply because, vehicles traversing in urban areas often pass through

tunnels, under bridges and trees or underpasses and uses routes with urban canyon

characteristics. Another issue is the weak positioning accuracy due to GNSS signals

degradation such as multipath and NLOS. In addition, a GNSS positioning system has

low dynamic characteristics in terms of signal frequency and latency. To deal with these

issues in land navigation, a multi-sensors solution or multiple sources of information are
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utilized. This approach of hybrid positioning essentially aims at benefiting from the

complementary characteristics of the different sensors. In general, the purpose of data

fusion in hybrid positioning is firstly to fill in the time gaps whenever there is a loss of

position estimate and secondly to improve the position estimate by ensemble averaging

and exploiting information redundancy (given that the sensors added to the GNSS have

better accuracy than the GNSS) [196, 200, 201].

For in-car positioning and navigation technologies , among the common motion sensors

used in the complementary systems are inertial sensors or the inertial measurement unit

(IMU) (which consist of accelerometer & gyroscope), electronic compass, odometer,

velocity encoders and steering encoders [117]. In the vehicles nowadays, there exist a

number of modern automotive sensors used for dead reckoning even though originally

they were not installed for this purpose. For example, an ABS system uses sensors on

each wheel in order to measure the rotational speed by pulse tachometer. The signals

produced by these sensors can be integrated by a counter and then used as odometers.

A control system of the entire dynamic behavior of a vehicle (ESP) frequently uses a

steering wheel angle sensor, a yaw gyro and a transverse accelerometer. Data from these

sensors can also be integrated with a localization module [75, 131]. However, the access

to these data is not permitted yet by all of the car manufacturers.

The inertial measurement unit (IMU) and odometer (or wheel speed sensor) were the

two popular sensors used for dead reckoning [196]. As described in [31, 124, 195, 201],

a differential odometry technique is able to calculate the vehicle traveled distance and

the heading of the vehicle by integrating the outputs from two odometers, each on

the pair of either front or rear wheels of the vehicle. On the other hand, the IMU

determines the inertia characterized by the vehicles acceleration and angular velocity in

3 dimensions. Through a process known as INS mechanization, after being rotated into a

proper reference frame, the measured acceleration is integrated twice to obtain position

information and the integration of the angular rate measurements provides the attitude

[205]. Therefore, by using these sensors, the vehicle positioning can be calculated by

applying kinematic equations together with an initial position obtained from other source

of information. The computations of the travelled distance and the changing of the

azimuth allow the determination of a new position from the measurements and the last

known positions.
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Figure 5.2: Overview of multi-sensors fusion approaches for land navigation

For land navigation, most of the time a vehicle travels on a road network. Therefore,

the vehicle position must be portrayed on maps. Due to this fact, positioning hy-

bridization also considers the aspect of map-matching. Examples of works that include

map-matching in the hybridization are available in [75, 77, 206]. Figure 5.2 shows an

overview of the multiple sensors hybrid navigation for land vehicle navigation where

P (k) are the position estimates calculated using the relevant sensors.

In implementing the hybrid navigation system for the mass market utilization, cost

consideration plays one of the crucial roles. The cost is directly related to sensor con-

figurations and technologies, and the computational complexity. It follows that the

final performance of the navigation system is affected directly by vehicle models, sensor

configurations and fusion method that is chosen by the designers [207].

5.4 Vehicle models

The choice of vehicle model used in the positioning system has an impact on the system

performance. The most popular option is the 2D kinematic model [208]. This model

provides the vehicle pose in a two-dimensional reference frame, i.e. two coordinates and

yaw angle, in a manner compliant with the non-holonomic constraints. Figure 5.3 refers

to the classical 2D kinematic model of a vehicle in a plane. It is assumed in this model

that there is no slipping, sliding, skidding or jumping of the road. In the classical 2D
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Figure 5.3: A vehicle 2D-Kinematics model

model, the trajectory is assumed to be locally linear or circular. The followings are the

relevant equations of the kinematic model in discrete time [207]:

x(k + 1) = x(k) + ds(k) cos(ψ(k) + ω(k)T/2)− ω(k)T (Dx sinψ(k) +Dy cosψ(k))

y(k + 1) = y(k) + ds(k) sin(ψ(k) + ω(k)T/2) + ω(k)T (Dx cosψ(k)−Dy sinψ(k))

ψ(k + 1) = ψ(k) + ω(k)T (5.2)

where:

• x(k) is vehicle position in x coordinate axis

• y(k) is vehicle position in y coordinate axis

• ψ(k) is the yaw or heading angle of the vehicle

• T is the sampling period

• ds(k) is the increment of travelled distance

• ω(k) is the angular rate
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Figure 5.4: Kinematic bicycle model

• Dx is the x coordinate of the GNSS antenna in the body frame

• Dy is the y coordinate of the GNSS antenna in the body frame

Another common kinematics model is the bicycle model. In this model, the front is

represented by a single front tire and the rear axle is represented by a single rear tire.

It assumes that left and right steer angles are the same for front and rear axles. Figure

5.4 shows the kinematic bicycle model. Assuming no slipping, the following equations

represent the model kinematics[127]:

δ = tan−1(
L

R
) (5.3)

V = Rr (5.4)

r =
V

L
tan(δ)ω (5.5)

where:

• CG is the center of gravity of the vehicle

• δ is the steering angle
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Figure 5.5: Kinematic tricycle model

• β is the slip angle

• L is the length between the front and rear tires

• R is radius of turning

• r is the yaw rate

• V is the vehicle velocity

• Vx is the vehicle velocity in x direction

• Vy is the vehicle velocity in y direction

A tricycle model is another frequently used model. Figure 5.5 shows the kinematic

tricycle model. Assuming the center of vehicle’s reference is at the centre of the rear
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axis, the kinematic equations are given as:

ω =
VF sin(α)

B
(5.6)

R =
B

tan(α)
(5.7)

V = ωR = VF cos(α) (5.8)

VL = ω(R+ d) = V +
dVF sin(α)

B
(5.9)

VR = ω(R− d) = V − dVF sin(α)

B
(5.10)

where

• α is the steering angle

• B is the length between the front tire and rear axle

• R is the radius of turning

• ω is the yaw rate

• VF is the velocity of front tire

• VL is the velocity of rear left tire

• VR is the velocity of rear right tire

Other models that can be implemented for the road vehicle are the 3D models which

are usually used in aircraft GPS/INS systems [43]. When adopted for land vehicle,

the model can be used with the strap-down IMU that provides information on all of

the vehicle’s degree of freedom. Nevertheless, three-dimensional models require higher

computational cost and higher complexity of implementation. Furthermore, the models

do not implicitly take into account the vehicle’s non-holonomic constraint.

5.5 Sensor configurations

The implementation of hybrid GNSS with full IMU has been described by many books

and authors such as in [43, 124, 200, 205]. However, in order to reduce the system cost,

hybrid navigation system has been implemented with a reduced inertial sensor system
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Figure 5.6: A vehicle model for odometric dead reckoning

(RISS) [130]. On the other hand, a DR system with odometer offers potentially better

benefits as opposed to the totally INS DR system [197]. In implementing a hybridization

with odometry, three configurations are possible; differential odometry, odometry with

4 wheels and single odometer with yaw gyro [75]. In principle, DR by odometry is based

on the vehicle speed and heading rate. Figure 5.6 and the following equations shows

how the vehicle speed and heading rate can be calculated for the cases without a gyro.

The wheel speeds for the rear and front wheels are given as follows [209]:

a) For rear wheels:

vrl = v +
tg

2
Ḣd (5.11)

vrr = v − tg

2
Ḣd (5.12)

b) For front wheels:

vfl = (v +
tg

2
Ḣd) cos(δ) + Ḣd.wb. sin(δ) (5.13)

vfr = (v − tg

2
Ḣd) cos(δ) + Ḣd.wb. sin(δ) (5.14)

where

• vfl : speed of front left wheel

• vfr : speed of front right wheel

• vrl : speed of rear left wheel

• vrr : speed of rear right wheel
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• v : vehicle speed (3D speed of centre of rear axis)

• Ḣd : vehicle heading rate/azimuth rate/yaw rate

• tg : track gauge

• wb : wheelbase

• δ : wheel angle/steering angle

From the speed of the wheels, the vehicle speed and heading rate can be calculated as:

a) Rear wheels:

v =
vrl + vrr

2
(5.15)

Ḣd =
vrl − vrr

tg
(5.16)

b) Front wheels:

v =
vfl + vfr
2 cos(δ)

− Ḣd.wb. tan(δ) (5.17)

Ḣd =
vfl − vfr
tg. cos(δ)

(5.18)

Those set of equations (equation 5.15 to 5.18) provide the means to implement all the

three configurations of odometry based DR. For the 4 wheel configuration, all equations

are implemented. However, for the 2 wheelspeed (differential odometry) configuration,

only either equations 5.15 and 5.16 or equations 5.17 and 5.18 depending on the imple-

mentation of either the rear or the front wheels. Finally, for one odometer implemen-

tation with a gyroscope, the wheel velocity is obtained from only one wheel, therefore

there is no need of averaging the speeds of left and right wheels. The heading rate

measurement is obtained directly from the rate gyroscope (no need to use the formula

as in the case of 2 and 4 odometers configurations).

Implementation of differential odometer (2 wheels speed) usually use only the equations

for the rear wheels. The 4 wheels configuration use both front and rear wheels equation

hence provides redundancy in the measurements. Among them, the configuration with

one odometer and a yaw gyro has better precision in the heading as compared to the
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hybrid system based on differential odometry [134], and the system with 4 wheels is the

most complex one and require the measurement of the steering angle [75]. While the

GNSS/odometer/gyro configuration is able to provide reliable positioning most of the

time, it performance is lacking for the purpose of high integrity positioning especially

when there are plenty of turning movements [207].

5.6 Sensors fusion methods

For the fusion methods of the sensors, system designers usually use Kalman filter or its

variation. An example of an implementation using Extended Kalman Filter (EKF) is

available in [210] while an implementation using the unscented Kalman Filter (UKF) is

given in [211]. More advance filtering techniques are also used for the sensors fusion.

They are proposed mainly to improve the weaknesses of the Kalman filter when dealing

with a non-linear system or non-Gaussian error distribution. The use of particle filer,

which can be considered as a generalization of the Kalman filter when dealing with

non-linearities of the sensors or the non-normally distributed signals, are available in

[212, 213]. An example of sensors fusion using Gaussian Sum filters is provided in [214].

Alternatively, the sensor data fusion may also be implemented based on the artificial

neural networks [215].

The choice of the fusion method affects the computational complexity of the navigation

system. In the case of Kalman filter, further choices need to be made, which are whether

to use a complete (or total) vehicle model or error state model.

For the implementation with error state model, the integration tend to be done loosely

while for the complete vehicle model implementation, the integration tend to be tightly

coupled [124]. In general, integration at the PVT solution level is known as loosely cou-

pled and integration at measurement level is considered as tightly coupled. Usually, tight

integration produced better performance than the loose integration [124, 129]. However,

the tightly integration approach requires accessability to the raw measurements, which

may not be available from some low cost receivers.

a. Error state model approach. For the error state model, the state representation

of the Kalman filter consists of only error states (i.e. position error, attitude error,

etc). The error states dynamics are determined from the linearization of the vehicle
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and sensor dynamics around a nominal state. The input observations of the Kalman

filter are the differences between the GNSS output and the nominal trajectory, which

may be calculated from the measurements of the DR sensors. Then, the error states

are used to correct the DR output to improve its positioning accuracy. The following

implementation demonstrates the approach using error state model.

Ignoring the antenna distance from body frame centre in the 2D kinematics model, the

equations can be simplified as follows [216]:


x(k + 1)

y(k + 1)

ψ(k + 1)

 =


x(k)

y(k)

ψ(k)

+ T.


cos(ψ(k) + Tω(k)/2) 0

sin(ψ(k) + Tω(k)/2) 0

0 1

 .
 v(k)

ω(k)

 (5.19)

or in a compact form:

x(k + 1) = f [x(k),u(k)] + µ(k) (5.20)

where µ is assumed to be a Gaussian white noise.

To implement the approach of error state model, assume that the pose is expressed as

the odometric or DR pose plus a small error:

x(k) = x(k)ODO + δx(k) (5.21)

substitute equation 5.21 to equation 5.20:

x(k + 1)ODO + δx(k + 1) = f [x(k)ODO + δx(k),u(k)] + µ(k) (5.22)

Apply first order Taylor linearisation:

x(k + 1) ≈ f [x(k)ODO,u(k)] + |∂f
∂x
|x=x(k)ODO .δx(k) (5.23)

and applying equation 5.20 again:

x(k + 1) ≈ x(k + 1)ODO + |∂f
∂x
|x=x(k)ODO .δx(k) (5.24)
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Therefore, the evolution of the error state is given by:


δx(k + 1)

δy(k + 1)

δψ(k + 1)

 =


1 0 −v(k)T. sin(ψ(k))

0 1 v(k)T. cos(ψ(k))

0 0 1



δx(k)

δy(k)

δψ(k)

 (5.25)

b. Vehicle state estimation-complete vehicle model. On the other hand, the

complete vehicle dynamic model may also be used to establish the Kalman state equa-

tions. This approach generally results in nonlinear state dynamics. However, this way

of modelling the system is considered to be the more robust alternative when dealing

with inexact DR measurements [217]. In the work of [199], the implementation of sen-

sor fusion using tightly coupled EKF was performed by means of the complete vehicle

model. The integrated sensors are the GNSS and gyroscope plus wheel tick for the DR

navigation. The function of the wheel tick is similar to the odometer, i.e. to measure

the wheel speed of the vehicle.

From the wheel tick and the gyroscope, the speed v and the heading rate Ḣd are derived

as follows [199]:

v =
Traw2πr

Tnδt
fT (5.26)

Ḣd = fω(ω − bω) (5.27)

where

• Traw is wheel ticks measured

• r is wheel radius

• Tn is Ticks per wheel turn

• δt is the time period

• ω is the gyroscope reading

• fT is a wheel tick factor

• fω is gyroscope scaling factor

• bω is gyroscope bias
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The state vector, x comprise of the following states:

x =



n

e

d

v

Hd

Pt

cb

cd

fT

bω

fω



(5.28)

where,

• n is vehicle’s topocentric North coordinate

• e is vehicle’s topocentric East coordinate

• d is vehicle’s topocentric Down coordinate

• v is velocity of vehicle

• Hd is heading of vehicle

• Pt is pitch of vehicle

• cb is clock bias of the GNSS receiver

• cd is clock drift of the GNSS receiver

• fT is wheel tick factor

• bω is gyroscope bias

• fω is gyroscope scaling factor

Notice that in this approach, the wheel tick factor fT , gyroscope bias bω and the gy-

roscope scaling factor fω are also being estimated by the Kalman filter. The state
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prediction of the EKF time update, from epoch k − 1 to k is given by:

x−k = Txk−1 + Bu + w (5.29)

where,

• T is the transition matrix

• B is the control-input model

• u is the control-vector (including e.g.wheel ticks)

• w is the additional process noise (e.g. due to un-modeled dynamics)

Here, the sensor measurements are used within the equations of the EKF time update.

The predicted states x− then consist of:

n−k = nk−1 + v̄ cos(H̄d) cos(Ptk−1)∆t (5.30)

e−k = ek−1 + v̄ sin(H̄d) cos(Ptk−1)∆t (5.31)

d−k = dk−1 − v̄ sin(Ptk−1)∆t (5.32)

v−k = vc (5.33)

Hd−k = Hd−k−1 + Ḣd∆t (5.34)

Pt−k = Pt−k−1 (5.35)

cb−k = cb−k−1 + cd−k−1∆t (5.36)

cd−k = cdk−1 (5.37)

f−T,k = fT,k−1 (5.38)

b−ω,k = bω,k−1 (5.39)

f−ω,k = fω,k−1 (5.40)

where the mean heading is,

Hd = Hdk−1 +
Ḣd

2
∆t (5.41)

the heading rate is,

Ḣd = fω,k−1(ω̄ − bω,k−1) (5.42)
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the current vehicle velocity is,

vc = TfT,k−1 (5.43)

the mean vehicle velocity is,

v̄ = T̄ fT,k−1 (5.44)

with,

• T represents the wheel velocity of the current epoch k

• T̄ represent mean values of the wheel velocity

• ω̄ represents mean values of gyroscope

Therefore, since both the GNSS and sensor measurements are used in the state vector, a

fusion is achieved in a form of a tight-coupling. From the state update equations above, it

can be seen that the EKF output the DR solution whenever experiencing GNSS outage.

The measurement update matrices are not provided here but may be obtained in [199].

c. Fusing GNSS/DR and map-matching by Particle Filter. On its own, a map-

matching is essentially a process of tracking a known or estimated vehicle position in

map data with optimal criteria. A comprehensive overview on map-matching may be

found for example in [135]. Whenever the map data is fused with other sensors data

for determination of the vehicle position, it is called Map Aided Localization. While

various research has been done on map aided localization, the work in [77] is described

here where it involves the fusion of GNSS, DR and map data by using a particle filter

(PF).

The concept of PF is to represent a state by using a set of N samples {Xi
k}Ni=1 weighted

by {wik}Ni=1. The probability of the state vector Xk at instant k, given past observation

Y1:k is:

p

(
Xk

Y1:k

)
≈

N∑
i=1

Xi
k.w

i
k

In summary, the PF process is as follows:

1. Initialization: Generate N samples or particles for the state vector, Xi
0 with equal

weight 1/N .

2. Prediction: Estimate Xi
k+1 using the model dynamics.
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3. Measurement update: Update the weights of particles based on observations Yk.

4. Normalization of the weights: wik = wik/Σ
N
i=1w

i
k

5. Resampling: To prevent high concentration of probability mass on only a few

particles.

6. Cycle end: k = k + 1 and repeat step 2.

To fuse GNSS/DR/map data, the state vector is composed of a Cartesian and a Frenet

sub-states, X = [XC ,XF ]. Xc = [x, y, ψ] where each represents East, North and heading

angle at the middle point of the rear wheel axle of the vehicle. XF = [lm, dm,m]

respectively represents the values of abscissas and ordinates referred to the lane segment

m. Then, a state vector for particle i at instant k is:

Xi
k =

[
xik yik ψik lm,ik dm,ik mi

k

]
(5.45)

The Cartesian and Frenet representation of a same point are related by:

x = xm0 +

∫ lm

0
cos(τm(lm))dl − dm sin(τm(lm))

y = ym0 +

∫ lm

0
sin(τm(lm))dl − dm cos(τm(lm)) (5.46)

where xm0 and ym0 are the coordinates of the initial point of the road segment. τm(lm)

is the azimuth angle of the segment at abscissa lm.

After initialization step, the states are predicted. For the Cartesian sub-states each

particle is predicted as follows:

xi(k|k−1) = xik−1 + ∆i
x

yi(k|k−1) = yik−1 + ∆i
y

ψi(k|k−1) = ψik−1 + ωi (5.47)

where

∆i
x = dsisinc(ωi/2) cos(ψi + ωi/2)− ωi(Dx sin(ψi) +Dy cos(ψi)) + δix (5.48)

∆i
y = dsisinc(ωi/2) sin(ψi + ωi/2) + ωi(Dx cos(ψi) +Dy sin(ψi)) + δiy (5.49)



Chapter 5. Measurement Reliability via Measurement Prediction Using a Hybrid
Approach 174

and

• ωi : filter input represent angular velocity.

• dsi : filter input represent traveled distance.

• Dx and Dy : Antenna distance to middle of rear axis in Cartesian coordinates.

• δix and δiy : errors in the prediction of particles in Cartesian substate.

As for the Frenet variables:

lm,i(k|k−1) = lm,ik−1 + cos
(
τm,i(k|k−1)

)
∆i
x + sin

(
τm,i(k|k−1)

)
∆i
y

dm,i(k|k−1) = dm,ik−1 + sin
(
τm,i(k|k−1)

)
∆i
x − cos

(
τm,i(k|k−1)

)
∆i
y (5.50)

After the prediction step, verification on the particle is performed to ensure it is located

in the right road segment. If valid GNSS measurements are available, the GNSS update

is also performed. After each update phase, the PF normalization and resample steps

are performed. With this approach, vehicle positioning accuracy at the lane level has

been demonstrated. Detail descriptions of the technique is available in [77, 218].

d. GNSS and single odometer fusion by a non-linear Bayesian method. In

[214], the authors proposed the fusion of GNSS measurements with a single odometer by

means of a Gaussian Sum Filter (GSF). The objective is to avoid the possible modelling

uncertainties which might cause problems with the EKF approach. This fusion approach

is also different from the Kalman Filter based approaches in that it does not involve the

mechanization process.

Using only GNSS measurements and a single odometer, the vehicle motion model is

developed as follows. Consider a vehicle at time t in East-North-Up (ENU) coordinates

(xt, yt, zt). Then, its motion in a horizontal plane:

xt = xt−1 + cos(θt−1)vt−1∆T (5.51)

xt = yt−1 + sin(θt−1)vt−1∆T (5.52)
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where θt is the vehicle heading, vt is the vehicle speed and ∆T is the sampling period.

Modelling based on random walk,

zt = zt−1 + εzt (5.53)

vt = vt−1 + εvt (5.54)

Since there is no sensor to measure heading, the heading variation is modelled by means

of jumping process:

θt = θt−1 + εθt + αθt∆N
θ
t (5.55)

where αθt is a uniform white noise on [−θmax, θmax]. ∆N θ
t is a Poisson jump with

frequency β correspond to the frequency of heading change.

The measurements from the odometer pulse nt, is related to the vehicle speed vt in a

measurement period ∆T as:

nt =
∆T

gt
vt + εnt (5.56)

with εnt being modelled as white Gaussian observation noise. gt is a possibly unknown

scale factor:

gt = gt−1 + εgt (5.57)

The PR measurement after correction of ionospheric and topospheric delays and satellite

clock bias:

ρkt =
√

(Xk
t −Xt)2 + (Y k

t − Yt)2 + (Zkt − Zt)2 + cht + ekt (5.58)

where

• (Xk
t , Y

k
t , Z

k
t ) are the ECEF satellite coordinates

• c is the speed of light

• ht is the receiver clock bias, ht = ht−1 + dt−1∆T + ∆Tεht

• dt is the clock drift, dt = dt−1 + ∆Tεdt

• ekt ia a white Gaussian noise with variance α10−
C/No
10 where α is a tuning parameter

Then, the state vector is defined as xt = (Xt, Yt, Zt, θt, vt, gt, dt, ht). Based on the Poisson

jump ∆N θ
t values, two prediction models are considered with a priori probability πj ,
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with j = 1, 2 and π1 + π2 = 1:

xt = f(xt−1) + Bwj
t (5.59)

where

f(xt−1) =



Xt−1 + gX(θt−1)vt−1∆T

Yt−1 + gY (θt−1)vt−1∆T

Zt−1 + gZ(θt−1)vt−1∆T

θt−1

vt−1

gt−1

dt−1

ht−1 + dt−1∆T



gX(θt−1) = − sin(λ) cos(θt−1)− sin(φ) cos(λ) sin(θt−1)

gY (θt−1) = cos(λ) cos(θt−1) + sin(φ) sin(λ) sin(θt−1)

gZ(θt−1) = cos(φ) sin(θt−1)vt−1∆T

B =


b(φ, λ) 0 0

0 I3 0

0 0 I2∆T



b(φ, λ) =


cos(φ) cos(λ)

cos(φ) sin(λ)

sin(φ)



wj
t =



εzt

εθ,jt

εvt

εgt

εdt

εht
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All the noises in wj
t are white Gaussian zero mean with respective variances of (σ2

z , σ
2
θ , σ

2
θ+

θ2max
3 , σ2

v , σ
2
g , σ

2
d, σ

2
h). From equations 5.56 and 5.58, the observation model is given by:

yt = m(xt) + Ctzt (5.60)

where

yt =



nt

ρ1
t

ρ2
t

...

ρKt


and K is the number of satellites.

m(xt) =



∆T
gt
vt√

(X1
t −Xt)2 + (Y 1

t − Yt)2 + (Z1
t − Zt)2 + cht

...√
(XK

t −Xt)2 + (Y K
t − Yt)2 + (ZKt − Zt)2 + cht



zt =


εnt

ε1t
...

εKt



Ct =



1 0 · · · 0

0 10−
C/No1t

20 0
...

... 0
. . . 0

0 · · · 0 10−
C/NoKt

20


Further elaboration on implementing the Gaussian Sum filter as sensors fusioning method

can be obtained in [214].

The previous methods had been reviewed to present representative contributions from

the state of the art. We did not implement these methods and our work is described

next.
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5.7 GNSS/Odometer/Gyro integration for PR prediction

For the work of this thesis, the DR navigation scheme uses a single odometer to measure

the displacement and a gyroscope to measure the heading (yaw) of the vehicle. The

choice of the hybrid configuration for this work is aimed for a simple and low cost

integration. Of course a more complicated and advance hybrid navigation system will

be able to produce better accuracy in the positioning. However, it is worth highlighting

that the purpose of the work in this chapter is not specifically on improving positioning

accuracy by means of hybridization, rather it is to establish the PR residual from the

hybrid positioning system as an indicator of the PRs quality. In fact, it can be said

that by using a low cost and simple hybrid position estimator in this work serve as an

indicator at the low end of the performance range. With higher quality hybrid position

estimator, the end result would be better than the ones obtained by using this simple

hybridization configuration.

Some of the advantages of using a single odometer with a single gyroscope over the

full INS are described in [219]. In addition to the low cost, the benefit of using fewer

inertial sensor is the reduction of the contribution of the inertial sensor errors to the

position error. In velocity calculation, the odometer avoids an integration required by

an accelerometer of the INS, hence it has relatively less accumulative error than the

accelerometer.

In principle, the odometer uses the wheel rotation sensor to measure wheel revolutions.

Then, the wheel revolutions are transformed into the traveled distance. Using the time

between two consecutive observations, the speed or velocity of the vehicle can also be

determined. As described in [210] the accuracy of odometer output are affected by scale

factor error, condition of the road and pulse truncation. The most significant error is

the scale factor error which is due to calibration error, tire wear and tear, tire pressure

vibration and vehicle speed. However, the scale factor error is not significant over a

short period of travel.

As for the rate gyroscope, its associated errors are gyro bias drift, gyro scale factor error,

installation misalignment, temperature, and vibration and electromechanical properties

of the operational environment. The most significant error is the bias drift which depends
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Figure 5.7: The block diagram of the hybrid navigation filter

on the quality of the gyroscope. Further information on gyroscope may be obtained for

example in [124, 198].

Figure 5.7 shows the navigation filter implemented in this research which has a configu-

ration of a loose fusion of the GPS, gyroscope and odometer. The strategy involves the

DR navigator to determine the 2D position of the vehicle based on the measurements

obtained from the odometer and the gyroscope. At the same time, the EKF provides

corrections to the DR navigator output and also to the yaw input from the gyroscope.

Hence, when the satellites signals are good, they will correct the DR navigator output.

In this work, some simplification is applied to the 2D kinematics equations of equation

5.2. First of all, the displacement distance of the GNSS antenna to the center of the

rear wheels axis is ignored. Secondly, the following terms are also simplified [207]:

sin

(
ψk +

ωT

2

)
≈ sinωk

cos

(
ψk +

ωT

2

)
≈ cosωk (5.61)

Then, the gyroscope bias bgyro, is estimated by adding it as a state variable. After these

simplifications and addition to the classical 2D kinematics equations (equation 5.2), the

hybrid positioning in this work is thus achieved by the following formulation:

x̂user(k) = x̂user(k − 1) + Vodo. cos θ.dt+ ∆x (5.62)

ŷuser(k) = ŷuser(k − 1) + Vodo. sin θ.dt+ ∆y (5.63)

θ(k) = θ(k − 1) + gyro.dt− bgyro.dt (5.64)

where:

• x̂user(k) is the user position in the x coordinates
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• ŷuser(k) is the user position in the y coordinates

• Vodo is the velocity measured by the odometer

• θ(k) is the yaw angle

• gyro is the yaw angle rate provided by the gyro

• bgyro is the estimated bias of the gyro yaw angle rate

• ∆x is the estimated position correction in x coordinate

• ∆y is the estimated position correction in y coordinate

The error state vector implemented for the EKF in this work is:

x =



δx

δy

δθ

bgyro

bc

dc


(5.65)

where

• δx : position error in x coordinate

• δy : position error in y coordinate

• δθ : error in yaw

• bgyro : gyro bias

• bc : clock bias

• dc : clock drift
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Figure 5.8: The iMAR iMWS-V2 magnetic strip based wheel sensor mounted on the
wheel of ISAE test vehicle

The state transition matrix, F, is obtained as:

F =



1 0 Vodo. cos(θ)dt 0 0 0

0 1 −Vodo. sin(θ)dt 0 0 0

0 0 1 −dt 0 0

0 0 0 1 0 0

0 0 0 0 1 dt

0 0 0 0 0 1


(5.66)

and for the observation equation, the regular approach of the EKF which relates the

measurements vector to the state vector x by means of h matrix was implemented.

5.7.1 Equipment, Data Collection and Testing

The odometer used in the experiments is the iMAR iMWS-V2, which is a magnetic strip

based wheel sensor (Figure 5.8).

The magnetic strip of the odometer was fixed to the inside rim of the left rear wheel of

the car which is a non-driving wheel. The magnetic sensor of the odometer detects the

number of impulse per seconds as the wheel rotates. This impulse per second output

of the odometer, odooutput is converted to the rotating speed of the wheel by the scale

factor, SCodo.

Vodo = SCodo × odooutput (5.67)

For obtaining the yaw angle, the iMAR IMU-FSAS gyroscope was used. The gyroscope

has a rate bias of less than 0.75 degree/hour. As for the GPS signals, they are measured

using u-blox LEA-4T receiver.
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Figure 5.9: Trajectory for conducting the experiments

Figure 5.10: NovAtel SPAN as the reference system

The data for the experiments were collected along the trajectory at the ISAE campus

(Figure 5.9). The route is chosen so that the vehicle traverses under foliage, along and

between buildings and also in open sky environment. The vehicle is driven in various

speeds, with accelerations and decelerations and also with several abrupt stops. It is also

driven over speed bumps and sandy surface. The reference data along the trajectory are

provided by the NovAtel SPAN system (Figure 5.10).
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Figure 5.11: Comparison of odometer velocity with reference velocity

The purpose of the data collection can be divided into two parts; to analyze the perfor-

mance of the odometer vis-a-vis the reference velocity, and to measure the GPS signals

via the u-blox receiver so that hybrid position estimation and the integrity checking can

be performed.

5.7.2 Results on odometer’s performance

In analyzing the performance of the odometer, its velocity is compared against a reference

velocity (Figure 5.11). The result shows that the velocity measured by the odometer has

a very close resemblance to the reference velocity with a correlation coefficient of 0.987.

This very high correlation indicates that the odometer can be a good reference sensor.

However, there are some dead zones for the odometer output, i.e. when the vehicle

velocity is low, the odometer does not output a valid velocity information. Such situation

occurred for example around the 318th and the 573rd time sample in figure 5.11). In

this experiment, the determined odometer scale factor for calculating its velocity was

0.004. Compared to the reference velocity, the error of the velocity measured by the

odometer has a mean of 0.0378 m/s with standard deviation of ± 0.4642 m/s.

5.8 Reliability Metrics

The work in this chapter studies three forms of residuals in order to analyze their ca-

pability in monitoring the reliability of measurements which are used for calculating
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the PVT solutions. The residuals being considered are the PR, velocity and range rate

residuals. As has been mentioned earlier, the calculations of the residuals in this work

involves DR sensors.

5.8.1 Reliability test based on pseudorange

The aim of this approach is to use an aiding sensor in such a way that the relationship

from the measurement of the reference sensor to the positioning by GNSS can provide a

method for reliability monitoring. The algorithm is based on the pseudorange residuals

as difference between the measured and the predicted pseudoranges.

5.8.1.1 Generating pseudorange residual

At each time instant k and for each satellite i, the residual is computed as the absolute

difference between a measured pseudorange and its predicted counterpart.

ri(k) = PRimeasured(k)− PRipredict(k) (5.68)

The predicted PRs are computed from the satellite positions, Xsat and the estimated

user positions, X̂user

PRipredict(k) = |Xsat − X̂user| (5.69)

In calculating the PRipredict(k), the X̂user are computed using hybridized measure-

ments from an odometer, a gyroscope, and all available PRs at the time k (except

the PRimeasured(k) that is to be tested). Hence, the PRipredict(k) is predicted without

the influence PRimeasured(k). If none of the satellite signals are available, the PR is

predicted based on the DR sensors only.

The overall formulation of the residual is therefore,

ri(k) = |yi(k)−(

√
[(Xi

sat(k)− X̂user(k))2 + (Y i
sat(k)− Ŷuser(k))2 + (Zisat(k)− Ẑuser(k))2])|

(5.70)

where:

• yi(k) is the measured pseudorange from satellite i at instant k
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• X̂user(k), Ŷuser(k), Ẑuser(k) are user positions in the ECEF frame at each time

period

5.8.1.2 Test statistic calculation

The received pseudoranges will be tested in order to identify the faulty ones. To do so,

a test statistic T , is compared against a threshold value to decide whether to reject or

accept the PRimeasured(k). For calculating the test statistic for each PR,

T = rt.Z−1.r (5.71)

where r is the residual and,

Z = cov(r) = var(PRimeasured) + var(PRipredict) (5.72)

The variance of PRimeasured can be determined from existing variance model which

mainly related to its C/No or elevation angle [14]. Here, the SIGMA-ε model [11] is

used.

On the other hand, the variance of PRipredict can be obtained with the Euclidean norm

of the line-of-sight vector and the law of error propagation as [15]:

var(PRipredict(k)) = esat,user(k).Puser(k).etsat,user(k) (5.73)

where:

esat,user(k) =
xisat(k)− x̂user(k)

‖xisat(k)− x̂user(k)‖
(5.74)

Puser(k) =


σ2
x σxy σxz

σyx σ2
y σyz

σzx σzy σ2
z

 (5.75)

For the user position covariance matrix Puser(k), assuming non-correlation between x, y

and z, only the diagonal elements are of interest. Furthermore, since the positioning is

in 2D, σ2
z can be set to 0. The Puser(k) matrix is not readily available from the hybrid
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navigator used in this project. However, the variances σ2
x and σ2

y can be calculated based

on variance combination rule and variance propagation law as follows [220].

Based on the hybrid positioning formulation in equations 5.62, 5.63 and 5.64, the vari-

ances σ2
x and σ2

y of of the estimated user position are formulated as:

1. Variance of x̂user and ŷuser are accordingly the user position variance at time k−1.

2. To calculate the variance of Vodo. sin θ.dt, since Vodo and dt are deterministic vari-

ables,

var(Vodo. sin θ.dt) = V 2
odo.dt

2.var(sin θ) and taking the jacobian of sin θ, we obtain:

var(Vodo. sin θ.dt) = V 2
odo.dt

2. cos2 θ.σ2
θ

where var(X) denotes the statistical variance of the random variable X. Similarly,

the variance of Vodo. cos θ.dt is given by:

var(Vodo. cos θ.dt) = V 2
odo.dt

2.var(cos θ) = V 2
odo.dt

2 sin2 θ.σ2
θ

3. The variance of ∆x and ∆y are obtained from the covariance matrix of the EKF.

4. To obtain σ2
θ , since

θ(k) = θ(k − 1) + gyro.dt− gyro bias.dt

the variance of θ(k):

σ2
θ(k) = σ2

θ(k − 1) + (dt)2σ2
gyro(k) + (dt)2σ2

gyro bias(k)

where σ2
gyro is obtained from the gyro specification, and σ2

gyro bias from the covari-

ance matrix of the Kalman filter.

Once σ2
x and σ2

y are calculated, cov(r) can be determined by implementing equations

5.72, 5.73, 5.74 and 5.75.

The threshold is set by the confidence level applied to the chi-squared distribution with

1 degree of freedom, rt.Z−1.r ∼ χ2
1. In this work, threshold is set at 2.706 (equivalent to

99% confidence level). To allow us to approximate the test statistic distribution to the

χ2
1 distribution, some pre-processing was done beforehand to exclude obvious outliers in

the measured PRs.



Chapter 5. Measurement Reliability via Measurement Prediction Using a Hybrid
Approach 187

5.8.1.3 Results and analysis of residuals based on pseudorange

a. Residual of PR

Figure 5.12 and Figure 5.13 show the plots which compare the calculated PR residuals

(plotted in red) against the satellite actual range errors (plotted in blue) for 10 available

SVs. It is evident that the residual performance varies for different satellites. In the

results, the residual is able to represent the range error very well for satellite 9 and 28,

which are the faulty satellites with range errors more than 100 m. For the rest of the

satellites (with range errors less than 40 meters), the calculated residuals are generally

smaller than the actual range errors.

To elaborate on the results, recall that the residual is the difference between the measured

PR and the predicted PR. In the PR prediction process, the user position estimate is

calculated without the PR measurement from the satellite which PR is to be predicted.

Therefore, in the case of SV 9 and SV 28 in the results, their residuals are very close to

the true range errors because the estimated user positions are very close to the referenced

user positions that are used to calculate the true range errors. In other words, excluding

only one of either the PR of SV 9 or the PR of SV 28 resulted in good accuracy of the

user position estimates.

As for the case of other satellites, both PRs of SV 9 and SV 28 were included in the

user position estimations during calculating the respective PR predictions of the other

satellites. Hence, in this experiments, there exist two ’faulty’ PRs that distort the user

position estimates when both of them are included. However, if only one of them is

included, the impact on use position estimation error is negligible or very minimal.

This result provide an example of the complexity to characterize or model the effect of

multiple biases or PR faults in GNSS positioning.

Furthermore, since the test statistic is based on the residual, fault identification would

be more accurate on satellites with better matched residual to actual error, as oppose

to those with the lesser matched. This result gives us an insight that the optimality of

the test statistic will vary on different satellites where it will work well to detect the

satellites with large faults.

b. Effect on positioning accuracy

Figure 5.14 shows the number of visible satellite (blue) vs. the number of non-faulty
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Figure 5.12: Comparison of PR residual vs. satellite range error for the available SVs
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Figure 5.13: Comparison of PR residual vs. satellite range error for the available SVs
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Figure 5.14: Comparison of total number of visible satellites vs. total number of
non-faulty satellites

satellites (red) after the implementation of the fault detection and identification. The

result conforms that in some part of the trajectory, the remaining non-faulty satellites

were reduced to 4 or even less, in which case, the traditional RAIM algorithm cannot

be implemented because it needs at least 5 visible satellites.

• PR fault detection and exclusion

Figure 5.15 shows the norms of the 2D position error before (green) and after (red)

the faulty satellites exclusion. For the purpose of comparison, Figure 5.15 (a)

shows the result of using the hybrid GPS/odometer/gyro navigator while Figure

5.15 (b) is the result from using only GPS for the positioning. Firstly, it can

be seen in Figure 5.15 (a) that the positioning is improved after the exclusion of

the faulty satellites. This led to imply that the technique had correctly identified

and excluded the faulty satellites. Secondly, the positioning improvement is better

in Figure 5.15 (a) than that in Figure 5.15 (b). This shows that not only the

GPS/odometer/gyro navigator improves navigation but the fault detection and

exclusion (FDE) for land vehicle in urban environment can be performed better
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Figure 5.15: Position error comparison after fault exclusion

when odometer and gyro is hybridized with the GPS as compared to when only

the GPS was utilized.

• PR fault correction

Figure 5.16 (a) shows the result of the PR error detection, identification and adap-

tation (DIA) that was implemented on the hybrid navigator using the measurement

integrity checking technique proposed in this chapter. The adaptation was achieved

by replacing the identified faulty measured PRs with their relevant predicted PRs.

In other words, the faulty PRs were corrected. This approach is particularly useful

in the situation where the remaining number of non-faulty satellites that are vis-

ible is less than enough for a position fix. Figure 5.16 (b) serves as a comparison

to show that this PR error correction approach could not be achieved without the

integration of the odometer and gyro, i.e., when only GPS signal were used in the

positioning.
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Figure 5.16: Position error comparison after fault correction

5.8.2 Reliability test based on user velocity

Other than using the pseudorange, residual may also be derived from user velocity.

Knowing the satellite velocity, user velocity can be determined using Doppler measure-

ments according to the following equation,

D = −L1

c
[esat,user.(Vuser − Vsat) + dt] + ε (5.76)

where:

• D is the Doppler measurement in Hz

• L1 is the carrier frequency

• c is the speed of light
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• esat,user is the unit line of sight vector between satellite and receiver

• Vuser is the user velocity vector

• Vsat is the satellite velocity vector

• dt is receiver clock drift

• ε is the measurement noise

For a stand-alone GPS receiver, the position is computed using PRs. If the PVT is

computed including the Doppler measurements, the receiver will benefit from the quality

of the Doppler measurements to smooth the solution and also skip short outage. Then,

if the Doppler is also bad or not available, in the case of degraded or not enough PRs,

the stand-alone GPS cannot provide a solution or it will be very unreliable. One may

consider to test the estimated position by generating residual, rV based on the difference

between user velocity and predicted velocity.

rV = |Vuser − Vpredict| (5.77)

This metric will be tested against a practice-designed threshold value.

However, the relation of this residual of velocity to the residual (error) of the position is

not easy to establish. Even so, in many applications, users may be interested in reliable

velocity information.

In this work, it is proposed to compute the predicted velocity from the Vodo. The user

velocity, Vuser is determined from the GPS data; either by using Kalman with PRs

or Kalman with Doppler measurements. Therefore, in this scheme, Vodo is totally an

external reference sensor (just to compare to the user velocity) and do not contribute to

the positioning solution at all. Hence, the residual of velocity,

rV = |VGPS − Vodo| (5.78)
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Figure 5.17: Comparison of velocity residual (blue) against 2D position error (red)

5.8.2.1 Result of velocity residual vs position error

The plot of Figure 5.17 shows the performance of the velocity residual. The plot was

obtained by selecting a combination of good and degraded PRs and Doppler measure-

ments in order to simulate position errors for analyzing the performance of the velocity

residual of equation 5.78. As can be seen in the plot, it is difficult to establish a direct

relationship between the velocity residual (blue) and the position error (red). However,

it appears that the velocity residual is able to detect the ‘gradient’of position error in-

stead of the error magnitude. In other words, it seems that the residual can detect if the

position error is growing, remain constant, or decreasing. Nevertheless, further research

and analysis are needed to truly benefit from this apparent relationship of the velocity

residual against the position error in order to use it for integrity checking.

5.8.3 Reliability test based on range rate

The equation of the range rate is related to Doppler, hence to user velocity [221] by,

ρ̇ = − c

L1
D = esat,user.(Vuser − Vsat) + dt + ε (5.79)

= ṙ + dt + ε

where:

• ρ̇ is the pseudorange rate

• ṙ is the geometric range rate between receiver and satellite
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According to equation 5.79, the range rate is related to the user’s line-of-sight velocity.

Then, ρ̇ can also be used for fault detection. For this technique, the hybrid receiver

(odometer/gyro/GPS) is used. The residual p, was calculated based on the predicted

and measured ρ̇,

p = |ρ̇measured − ρ̇predict| (5.80)

where:

ρ̇measured =
PR(k)− PR(k − 1)

dt
(5.81)

and

ρ̇predict = esat,user.Vuser(k)− esat,user.Vsat(k) + dt (5.82)

where Vsat(k) is calculated from the ephemeris data and Vuser(k) is obtained from the

Kalman navigation filter depending on Vodo and yaw angle θ.

The test statistic, T = pt.Z−1.p is used for this residual. Here, the covariance, Z, is

determined a priori from the observed data.

Even though not implemented in this work, carrier phase observable may also be used to

determine user velocity. One way to show this is through its relation with the Doppler

measurement,

D ≈ ϕ(t+ ∆t)− ϕ(t−∆t)

2∆t
(5.83)

where:

• ϕ is the measured carrier phase

• t is the epoch where the velocity is calculated

• ∆t is the sample period of measurement

5.8.3.1 Results of range rate residual vs position error

In Figure 5.18, the result of implementing FDE based on residuals derived from the

range rate as an alternative to the PR was plotted. Generally, it is observed that the

positioning error can be also improved by using the FDE based on the range rate residual.
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Figure 5.18: Position error after fault correction using range rate residual

The results from these various residual implementations suggest that the residual based

on PR has the advantage of performing integrity checking in range domain even when

the available satellites are less than 5. However, for user applications which require

velocity monitoring, velocity based residual appears to be more suitable. Of course

there is a possibility of combining them as multi-indicators for reliability monitoring.

However, further studies are needed to ascertain each residual performance in both the

surrounding environments and the user’s dynamic behaviors. This knowledge is crucial

for developing an appropriate algorithm for the receiver to decide from several indicators,

especially whenever there is contradiction.

5.9 Conclusions

In this chapter, a single odometer and complemented with gyro was implemented as

a reference sensor for reliability monitoring of GNSS measurements for land vehicle

positioning in urban environment. The result of the analysis conducted on the odometer

suggested that it is suitable as a reference sensor. By integrating the odometer, gyro

and GPS measurements, various residuals and test statistics were used to check the

measurements quality.

With the aiding from the DR sensor, PR can be predicted even when user position fix is

not possible if the estimation is only based on satellite measurements. However, when

PR residuals are calculated, the quality of the PR residual representation of the actual
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range errors varies from satellite to satellite. The residual has good representation for

the satellites with large fault value. Firstly, this indicates that hybrid positioning with

the implemented configuration may not be accurate enough to have a better effect on

the PR residual to represent the smaller values of PRs errors. Secondly, the effect of

faulty PRs on positioning accuracy could be severe when combined but individually,

the effect could be negligible. This situation could be due to their correlation and/or

coupled with the effect of their geometry. Using better hybrid position estimator or

adding more sensors in the hybridation, for example with height aiding, may further

improve the quality of the residual.

Nevertheless, the positioning error was improved moderately after employing the PR

quality checking technique for both fault exclusion and fault correction methods. Since

the range errors of SV 9 and SV 28 are much more severe than the other SVs, the PR

residual were able to perform its function to detect the faulty measurements before they

are accepted as valid measurements for positioning. In this sense, the PR residual can

be used as the first layer in the multiple layers of reliability monitoring metrics.

Similar potential has also been demonstrated by the FDE technique based on the range

rate residual. However, its drawback in this work when compared to the PR resid-

ual based approach is that it cannot be implemented to correct or replace the faulty

measurement.

As for the velocity based residual, it was found that it is quite difficult for it to be related

to positioning error. Instead, it would be useful for velocity error detection. Further

studies are required in order to combine these metrics or with other approach as multiple

indicators for reliability monitoring.





Chapter 6

GNSS Positioning Confidence in

Urban Environments using

Trusted Overbounding Position

Errors

6.1 Introduction

Monitoring positioning integrity for land applications in urban environments is very dif-

ficult to achieve. In the aviation sector, integrity monitoring is mostly accomplished by

Receiver Autonomous Integrity Monitoring (RAIM) techniques which use Fault Detec-

tion and Exclusion (FDE) algorithms to reject outliers from measured data and also by

augmentation systems like Ground Based Augmentation System (GBAS) and Satellite

Based Augmentation System (SBAS). In SBAS, satellites relay integrity information to

aircrafts for computing Protection Level (PL) associated to an integrity risk [55]. How-

ever these techniques are designed for aeronautics applications where high redundancy

of data exists, mature performance standards for each phase of navigation are available,

measurement and position errors are assumed to be Gaussian distributed and only a

single fault is expected.

As has been established in chapter 2, GNSS positioning in urban environments is difficult

due to the degradation of the satellite signals reception. These degradations are the

199
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results of the signal being blocked or due to the multipath and non-line of sight (NLOS)

phenomena. In such constrained environments, the distribution of measurement errors

is not Gaussian and if only reliable signals are selected, sometimes there is not enough

number of non-contaminated GNSS signals that are available for position fix. For these

reasons, the standard RAIM or augmentation methods of integrity monitoring coming

from the civil aviation community is no longer applicable and new concepts are needed

for satellite navigation in urban environments.

Nevertheless, many efforts were made to adapt these techniques for land vehicle applica-

tions in harsh environments. For example, researchers in [56] implemented a few types

of RAIM algorithms for land vehicle application in urban environments. The findings

affirm that RAIM performance is unreliable in urban environments due to the inaccurate

modeling of the measurement errors as Gaussian distributed and the existence of many

contaminated signals that dominate the positioning estimation. Several other techniques

had also been proposed to monitor positioning integrity for land vehicle in urban area.

These techniques include the HTL [158], HIT [159], Trajectory Monitoring [160] and the

Robust Set Inversion via Interval Analysis [66] which have been described in chapter 3.

However, most of the time, users do not have access to the receivers’ positioning algo-

rithms. In fact, for the land navigation applications, the GNSS receiver is more often

than not used as a sub-system for the whole system [29, 222]. As such, users are un-

aware of what sort of filtering or processing that has been done to the pseudoranges

(PRs) before they are used for position estimation.

In these land based applications, the GNSS receiver is normally a sub-system for provid-

ing positioning, velocity and time (PVT) information that would be used as subsequent

inputs by the next module in the application system as a whole. Indeed, the GNSS

is not the only technology involves in the positioning module when hybrid solution is

implemented. In such case, the GNSS technology is complemented by other sensors,

such as inertial or odometric, in order to improve the performance of the PVT solution.

Figure 2.3 in chapter 2 shows a generic structure of the concept. Therefore, there is a

need to choose a suitable receiver type and to know its minimum performances in order

to meet the final application’s requirement at the user level [29, 30]. For this purpose,

the characterization of positioning error is needed to provide the final user with the level

of confidence in the application which uses the level of confidence of the GNSS solution.
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In this situation, position integrity monitoring is suitable in the position domain rather

than in the range domain. In the position domain approach, protection level may be

calculated based on the CDF of the position error distribution [183].

This work focuses on the positioning error characterization because modelling the effect

of NLOS on the measurements is quite difficult and does not guarantee the characteriza-

tion of the final position error [63]. In fact, different PR errors on the PR may combine

between them to produce another kind of errors on the position solution. For example,

it has been observed in the Satellite-based augmentation system (SBAS) literature that

errors terms between different satellites may be correlated and finally challenged the

standard protection level (PL) methods based on the non-correlation assumption [223].

Hence, the availability of a statistical characterization of the position error is also very

useful for computing integrity indicators. Since there are biases in urban environment

due to multipath and NLOS, they need to be taken into account in the position integrity

monitoring [19, 224, 225].

In the SBAS approach, the horizontal protection level is defined as ”the radius of a

circle in the horizontal plane (the plane tangent to the WGS-84 ellipsoid, with its center

being at the true position, that describes the region assured to contain the indicated

horizontal position. It is the horizontal region where the missed alert requirement can be

met. It is based upon the error estimates provided by SBAS.”[46] As such, whenever the

monitored PL is less than the Alert Limit (AL), the positioning is considered to be within

the integrity requirement. However, for land applications especially in urban settings,

simple or direct adaptation from the civil aviation approach of integrity monitoring

is not possible due to the challenging signal degradation characteristics. In order to

adapt the methodology of RAIM or SBAS integrity to GNSS urban navigation, rational

modification of existing approaches is required.

In computing the PL, the common approach for overbounding in the aviation sector is

to use zero mean Gaussian distribution and then inflate its variance to accommodate

additional errors or biases in the actual distribution. While the errors and biases model

in the aviation sector is well developed, in urban environments, the NLOS biases are

complex and difficult to model.

The purpose of this work is to develop a novice test statistic for monitoring position

integrity in urban environments. In real operations, the actual position error (PE)
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cannot be assessed. Instead, a statistical measure on the PE, such as the PL, is used to

represent the positioning performance. In this work, first we propose to match the CDF

of observable position residuals to the referenced position error CDF overbound so that

position integrity can be monitored by this transformed position residuals. The CDF

overbound used in this part of the work is the Generalized Pareto Distribution (GPD).

Before the transformation, the CDF of the position residuals may not or may have

already overbound the CDF of the actual position error. Therefore, the transformation

aims to optimally match the position residuals CDF to the referenced position error

CDF overbound. The CDF matching is done using the CDF parameters transformation

similar to the sigma inflation approach in CDF overbounding described in chapter 3.

In the second part of the work, we adopt the composite method of computing the HPL

[16–18] because it is a straightforward way to take into account of both the random

noise and the bias errors coming from the local environment. The composite approach

decomposes the position errors in two components; a zero-mean noise term plus a bias.

According to this approach, two bounds corresponding to both the noise and bias errors

are added together to obtain composite HPL. The challenge of this methodology is on

the capability of separating the noise from the MP/NLOS bias and characterizing the

bias on-the-fly in order to compute the related HPL. In [155], the bias is computed by

subtracting first a coarse estimation of the position noise, then modelling the remaining

bias by an ARMA model and estimating the bias term via its transfer function. In our

work, the noise component of the HPL is calculated using the PR variance model based

on CNo and elevation angle. As for the additional term which represents the bias, the

position residuals obtained from the least-square PVT algorithm are used.

As a chapter organization, it will first review some of the issues of using RAIM for

integrity monitoring in urban environment. Then, an explanation on how the posi-

tion error in urban environment can be characterized and overbound by a Generalized

Pareto Distribution CDF (instead of Gaussian) for a specific type of receiver is provided

along with the experimental results. Using these characterized position errors which are

calculated off line, this chapter will then describe the proposed scheme for positioning

integrity monitoring in urban environment that make use of the proposed test statistic.

Then, the chapter continues with a brief review of the composite approach in monitoring

positioning integrity. The concept to decompose the HPE and characterize the bias and

the noise components are described. Using these characterized position bias and noise,
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the proposed scheme for positioning integrity monitoring in urban environment that

make use of the composite approach is explained. The results of the tests and analysis

are presented before the chapter’s conclusion.

6.2 RAIM with Gaussian assumption

Unlike GBAS or SBAS, RAIM algorithms do not rely on external information. It moni-

tors integrity inside the receiver at the user level based on statistical consistency checks

using redundant measurements. RAIM consists of two tests. The first one is to deter-

mine RAIM availability, i.e. if the conditions exist to execute a RAIM calculation. If

RAIM is available, a test statistic is used to check if the estimated position is faulty, i.e.

if there is any integrity violation.

In the first test, RAIM is available if a protection level (PL) is equal to or lower than the

alert limit (AL). Essentially, PL is defined as a circular area centered at the user true

position and is assured to contain the estimated position with a probability equal to or

higher than 1 minus the probability of missed detection (PMD). AL is the maximum

acceptable PL for a specific application. If the PL exceeds the AL, RAIM is not available

because it cannot monitor integrity with the required AL.

In RAIM, PL is computed as a projection of the bias in the PR with the maximum slope

to the error in position domain. The slope parameter, which varies from one satellite to

another, characterizes the linear relationship between PR bias projection in the position

error and the test statistic in the faulty case. Since position errors are not directly

measurable, the slope provides a link to infer position error based on the measurable

scalar test statistic.

RAIM detects positioning failures when the test statistic exceeds certain threshold. For

the range domain based RAIM, the baseline algorithms for failure detection mostly

employ least-square or parity methods where the threshold is determined by using a

probability of false alert (PFA) [226]. Since the threshold is a function of either PFA or

PMD which is chosen on the basis of statistical characteristics of the test statistic, it is

the key factor that relates the two tests. Hence, it affects the trade-off between integrity

risk and continuity risk.
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The most common test statistic used in RAIM is the sum of the squared errors (SSE)

which is computed from the measurement residuals. These errors are assumed to have

a Gaussian distribution, and it follows that the PFA and PMD are assumed to have

a chi-squared and non-central chi-squared distribution, respectively [227]. While these

assumptions simplify calculations, in reality and notably in urban environments, the

residual error distributions are not Gaussian and exhibit heavier tails than represented

by the Gaussian model [9, 172]. The insight to the consequences from mis-modelling of

the residual distributions on integrity is provided in [186] where the details are described

in matrix form to show the effects of covariance uncertainty on the typical chi-squared

integrity monitor. Chi-squared monitor assumes the elements of input distribution to be

independent, zero mean with unit variance and if there is a bias in the input, the non-

central chi-squared distribution is used. When those assumptions are false especially in

the urban environment, the conventional RAIM algorithm fails to efficiently compute

the decision threshold as both the chi-squared and non-central chi-squared distributions

are invalid.

6.3 Position Error Characterization

In principle, GNSS positioning quality depends on the condition of the pseudorange

measurements and the satellite geometry. However, for land navigation, characterizing

positioning error of a receiver is not a simple matter because the positioning quality de-

pends on the receivers operating environment, the type and characteristic of the receiver

(such as its inside signal processing, stand-alone or hybrid), the positioning algorithms

and the mitigation techniques being used. Usually, the user does not have access to

these receiver design parameters. However, the positioning performance of a stand-alone

GNSS receiver would probably be less robust as compared to the hybrid multi-sensor

type receiver.

Due to the various affecting factors, a GNSS receiver performance cannot be predicted

without knowing under which conditions it will be operated. Therefore, the receiver

performance characteristic can only be defined statistically and must also be categorized

in relation to the various operational environments which are relevant to the intended

applications.
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6.3.1 Horizontal Position Error Representation

In this work, the characterization of the receivers position error using the HPE distri-

bution is obtained from the position error in the north and the east components. The

errors are computed based on the difference between measured positions and referenced

true positions:

Epos = Xmeasured −Xref =

 Eeast

Enorth

 (6.1)

Due to the 2D nature of the horizontal error (north and east components), the HPE can

be represented as a radial error and defined as:

HPE =
√
E2
east + E2

north (6.2)

6.3.2 HPE distribution in open sky environments

In open sky environments, in general the measured PR errors tend to be normally

distributed. In estimating the receiver position using the measured PRs, these Gaussian

PR errors are combined and propagated to the position domain via the linear estimation

matrix to also form Gaussian distributed errors, i.e. the Eeast and Enorth also tend to

be Gaussian distributed. Theoretically, assuming ideal conditions where the Eeast and

Enorth distributions are also zero mean and independent, the distribution of their norm,

which is the HPE, would be Rayleigh distributed.

Based on this assumption, the PDF and CDF of the HPE using the empirical data are

computed and plotted in figure 6.1. The HPE has been computed using the difference

between the measured position of the receiver and reference solution. The HPE distribu-

tion is then fitted to a Rayleigh distribution, where the CDF of a Rayleigh distribution

is given by [228]:

CDFRayleigh = 1− e−x2/2σ2
(6.3)

and σ is the scale parameter of the distribution.

Figure 6.1 shows the PDF and the CDF of the HPE measured using a Ublox 4T receiver

in the open sky environment. The histogram is obtained from the empirical data and

the Rayleigh tracing is included to compare its form against the HPE PDF where a

close resemblance is observed between them. The PDF shows the deviation of the HPE
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Figure 6.1: HPE PDF and CDF in open sky area

Figure 6.2: Q-Q plots comparing HPE vs Rayleigh Distribution (left) and HPE vs
Generalized Pareto Distribution (right) in open sky

to be around 16 meters range. From the CDF plot, it can be seen that the HPE has a

quite good accuracy of about 3 meters at 90% confidence, 4 meters at 95% confidence

and 5 meters at 99% confidence level. When fitting the HPE CDF with Rayleigh and

generalized Pareto CDFs, it appears that in the case of open sky, the Rayleigh CDF

has a better fitting. This can be related to the fact that Pareto is more suitable for

distribution with heavy tail. In the Q-Q plot in Figure 6.2, it can be seen also that

the Rayleigh distribution has a better fitting with the HPE CDF when compared to

Pareto distribution. Therefore, the results from these experiments indicate that the HPE

distribution under open sky environments can be represented by a Rayleigh distribution.
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6.3.3 HPE distribution in urban environments

In the case for urban environments, it has been shown that the distributions of the

PR errors are likely non-Gaussian due to the biases from the multipaths and NLOS

signal propagations. Even though according to the central limit theorem that the non-

Gaussian ranging errors would cause the position-domain distribution tends towards a

Gaussian distribution as the number of ranging measurements increases, such situation

is not probable in the urban environments because the number of visible satellites tend

to be limited due to blockage from buildings and other infrastructures. Because of these

reasons, the curve fitting for the HPE in the urban environment is performed using the

Pareto distribution.

In general, Pareto is suitable for distributions with heavy tail, such as the case of the

position error in urban settings where there are plenty of large errors with small proba-

bilities. The classical Pareto distribution (also known as Pareto distribution type I) has

a tail function that describes the probability that X, as a random variable, is greater

than some number x. This function is given by [229]:

F (x) = Pr(X > x) = (
x

σ
)−α for x > σ (6.4)

where σ is the scale parameter and α is a shape parameter. From this definition, it can

be seen that F (x) = 1 − CDFParetoI . Therefore, the algebraically decreasing CDF of

Pareto is given by:

CDFParetoI = 1− (
x

σ
)−α for x > σ (6.5)

The generalized Pareto distribution (GPD) has a CDF expressed as:

F (x) =

 1− (1 + ξ(x−µ)
σ )

−1
ξ for ξ 6= 0

1− exp(−x−µ
σ ) for ξ = 0

(6.6)

Figure 6.3 shows the PDF of the HPE of a Ublox 4T receiver in the urban environment.

The PDF shows a distribution that has a deviation of about 40 meters, indicating a

wider error range than in the open sky area. Comparing the HPE PDF against a

Rayleigh distribution tracing (top 2 figures), it can be seen that the HPE distribution

is significantly different than the Rayleigh tracings with σ = 3 (top left figure) and with
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Figure 6.3: PDF comparison in urban environment

Figure 6.4: CDF in urban environment
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Figure 6.5: Q-Q plots comparing HPE vs Rayleigh Distribution and HPE vs Gener-
alized Pareto distribution (urban environment)

Figure 6.6: CDFs and Q-Q Plot for Novatel receiver in urban environment

σ = 4 (top right figure). On the other hand, the comparison with generalized Pareto

tracing (bottom figure) shows a better fitting of the heavy tail of the HPE PDF.

From the HPE CDF in figure 6.4, the accuracy of the positioning is about 11 meters at

90% confidence and 15 meters at 95% confidence. This increase of error and the change

of distribution shape are mainly due to the biases from multipath and NLOS in urban

environment. In term of curve fitting, the CDF plots show that the GPD has better

fitting than Rayleigh. In the Q-Q plots of figure 6.5, it can be observed also that the

Pareto distribution has a better fitting with the HPE than the Rayleigh distribution

when in urban environment.
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Figure 6.7: CDFs and Q-Q Plot for Ublox 6T receiver in urban environment

Figure 6.6 shows the curve fitting of the HPE CDF for a Novatel receiver in urban

environment. In this case, the generalized Pareto distribution also has a good fitting as

compared to the Rayleigh distribution, as can be seen in the CDF plots, and the Q-Q

plot of the GPD. Good fitting of the HPE CDF with Pareto CDF in urban environment

is also observed for the Ublox 6T receiver (figure 6.7).

The observed results from the 3 receivers (Ublox 4T, Novatel, and Ublox 6T) suggest

that generalized Pareto distribution is suitable to model the HPE distributions in urban

environment.

6.3.4 Along-street and across-street error distributions in urban envi-

ronments

In the urban environment, apart from the radial HPE characterization, the position

errors are also observed in terms of ”along the street” and ”across the street” errors.

For some land navigation applications (such as lane keeping), this along street (forward)

errors and across street (lateral) errors characterization could be a more suitable alter-

native to the HPE in the radial form. The geometric configuration affects differently for

these errors in two directions depending on the street orientation in space.



Chapter 6. GNSS Positioning Confidence in Urban Environments using Trusted
Overbounding Position Errors 211

Figure 6.8: PDFs of lateral and along-track position errors

In order to convert the Eeast and Enorth to Efwd and Elateral, Epos is multiplied with a

rotational matrix R [230]. Therefore,

Efwd,lat =

 Efwd

Elateral

 = R.Epos (6.7)

where

R =

 cos θ sin θ

− sin θ cos θ

 , θ = atan2(ref∆N , ref∆E)

ref∆N is the distance of 2 consecutive referenced positions in the North direction

ref∆E is the distance of 2 consecutive referenced positions in the East direction

Figure 6.8 shows the PDF plots of the along-track position errors and the lateral position

errors in urban environment using a Ublox 4T receiver. In this case, the position errors

have both positive and negative value range. Generally, both PDFs have heavy tails as

compared to standard Gaussian distribution as shown in Figure 4a.

In figure 6.9, their CDF plots are fitted with a normal CDF, Student-T CDF and Pareto

CDF for comparison. It can be seen that the Pareto has the best fit for both along-track

error and lateral error CDFs.

Figure 6.10 and 6.11 respectively show the lateral and along track errors using a Novatel
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Figure 6.9: CDF curve fitting for lateral and along-track position errors for Ublox 4T
receivers

Figure 6.10: CDF curve fitting for lateral and along-track position errors for Novatel
receivers

and a Ublox 6T receivers that are being fitted by the Pareto distribution. From the

plots, the GPD shows good fitting with the CDF of the lateral and along track errors.

Alternatively, the along-track and lateral position error could also be represented in their

squared values. Figure 6.12 shows their CDF plots. In this form, their CDF can also be

well fitted by the Pareto CDF as shown.
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Figure 6.11: CDF curve fitting for lateral and along-track position errors for Ublox
6T receivers

Figure 6.12: CDF curve fitting for lateral squared and along-track squared position
errors for Ublox 4T receivers

6.4 Direct position domain overbounding using general-

ized Pareto CDF

Error ellipse is related to the positioning confidence level or integrity by the HPE cumu-

lative distribution function. Once the CDF of the HPE is estimated, a protection radius

of integrity can be computed from the inverse of the CDF.

The two-dimensional horizontal position error (HPE) may be represented in a form of a

radial error or an error ellipse, Remp. Then, this error ellipse is related to the positioning

confidence level or integrity, Pb, by the HPE cumulative distribution function. Once the
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CDF of the HPE is estimated, an overbounding HPL can be computed from the inverse

of the CDF [179].

FR(Remp) = Prob(position error 6 Remp) = Pb = 1− PHMI (6.8)

therefore,

Remp = F−1
R (Pb) = InverseCDF (Pb) (6.9)

As has been shown earlier in section 6.3.3 the HPE of a certain receiver in urban environ-

ment may be characterized by a Generalized Pareto Distribution (GPD) CDF. There-

fore, by implementing the concepts of direct position domain and CDF overbounding

(described in chapter 3), the GPD is used to overbound the HPE. This approach of

positioning error characterization allows the calculation of HPL from the CDF based on

the required probability of highly misleading information (PHMI).

The CDF of a GPD has the following form:

CDFGPD = 1− [1 + ξ(
x− µ
σ

)]
−1
ξ for x > µ (6.10)

where the scale parameter σ affects the size and slope of the distribution, the shape

parameter ξ affect the shape of the tail of the distribution and the location parameter

µ is related to the value of x when the CDF = 0.

Once the generalized Pareto CDF overbound the CDF of the HPE, the Horizontal Pro-

tection Level can be calculated from its inverse. Given,

CDFGPD = 1− [1 + ξ(
x− µ
σ

)]
−1
ξ = Prob(position error 6 x) (6.11)

Let Rp be the PL of position error. Equating the CDF to integrity probability PB,

1− [1 + ξ(
Rp − µ
σ

)]
−1
ξ = (1− PHMI) = PB (6.12)
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Figure 6.13: Overbounding of the HPE by GPD

To obtain the HPL, solve for Rp,

[1 + ξ(
Rp − µ
σ

)]
−1
ξ = 1− PB

−1

ξ
ln[1 + ξ(

Rp − µ
σ

)] = ln(1− PB)

ln[1 + ξ(
Rp − µ
σ

)] = −ξln(1− PB)

[1 + ξ(
Rp − µ
σ

)] = (1− PB)−ξ

ξ(
Rp − µ
σ

) = (1− PB)−ξ − 1

Hence,

HPL = Rp =
σ

ξ
[(1− PB)−ξ − 1] + µ (6.13)

Figure 6.13 shows the overbounding of the HPE by the generalized Pareto CDF for the

case of Ublox 4T receiver. It can be seen that it complies with the CDF overbounding

requirement. For the result in this experiment, the HPL for 90% integrity is 15 meters

(HPE at 12 meters) and for 95% integrity is 20 meters (HPE at 15 meters). The

tightness of the overbounding may be considered reasonable. While tighter overbound

will improve availability in general, specific application requirements must also be taken

into consideration especially for those which need ample safety distance.
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6.5 Position Integrity Monitoring for Urban Environments

In real time positioning, the true position error is not accessible. Therefore, for moni-

toring the position integrity, some test statistic is used and this test statistic has to be

calculated based on some observable measurements. In this work, the integrity of the

estimated positions in urban environments is monitored based on the horizontal position

residual.

In this approach, the observable horizontal position residual is calculated using least

square (LS) estimation, and then matched to the HPE overbound which is characterized

a priori by the GPD CDF. This way, the test statistic is able to represent the overbound

of the HPE. The mapping of the position residual space to the overbounding position

error space may be described by the principle of random variable transformation.

6.5.1 Horizontal Position Residual Calculation

The position residual vector, δx̂ is calculated using the Least Square (LS) estimation.

Consider the following linear pseudorange model:

∆Y = H.∆X + E (6.14)

For Least Square estimation,

∆X̂ = G.∆Y (6.15)

where

• G = (HTH)−1HT

• ∆X̂ is the estimated position

• ∆Y is the measured PRs

The PR residual is:

δρ = ∆Y −H∆X̂ (6.16)

Hence, the position residual is:

δx̂ = G.δρ (6.17)
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Then, the horizontal position residual, HPEδx̂ is calculated by taking the norm of the

δx̂ in the north and east directions:

HPEδx̂ =
√
δx̂2

east + δx̂2
north (6.18)

6.5.2 Calculation of the matching parameters

Fitting the CDF of HPEδx̂, denoted as HPER to Generalized Pareto Distribution gives

the relation,

HPER =
σ

ξ
[(1− PB)−ξ − 1] + µ (6.19)

HPER =
σ

ξ
[(PHMI)

−ξ − 1] + µ (6.20)

The HPER parameters: σ, ξ and µ are determined from curve fitting of experimental

data from the same trajectory which the HPE were calculated.

In order to calculate the matching parameters, the CDF parameters of the horizon-

tal position residual, HPER, is matched to the predetermined CDF parameters that

overbound the HPE which have been calculated off line.

The bounding GPD CDF of the characterized horizontal position error used for HPL

calculation is,

HPL =
σo
ξo

[(PHMI)
−ξo − 1] + µo (6.21)

Then, what is desired: Matched HPER = HPL

So let,

Aσ = σo, Bξ = ξo, µ+ C = µo

Therefore,

Matched HPER =
σ.A

ξ.B
[(PHMI)

−ξ.B − 1] + µ+ C (6.22)

and the matching parameters are:

A =
σo
σ
, B =

ξo
ξ
, C = µo − µ (6.23)
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6.5.3 Test statistic derivation

The Matched HPER provides the basis to calculate the test statistic for position in-

tegrity checking. For monitoring the position integrity, the test statistic is calculated

based on the observable HPEδx̂:

Matched HPER =
σ.A

ξ.B
[PHMI)

−ξ.B − 1] + µ+ C (6.24)

Rearrange the equation and substitute,

Matched HPER − (µ+ C) =
σ.A

ξ.B
[(PHMI)

−ξ.B − 1]

Matched HPER − (µ+ C) =
σ

ξ
[(1− PB)−ξ − 1]

A

B
[
(PHMI)

−ξ.B − 1

(PHMI)−ξ − 1
]

Matched HPER − (µ+ C) = (HPER − µ)
A

B
[
(PHMI)

−ξ.B − 1

(PHMI)−ξ − 1
]

Matched HPER = (HPER − µ)
A

B
[
(PHMI)

−ξ.B − 1

(PHMI)−ξ − 1
] + µ+ C (6.25)

Therefore

Test Statistic = (HPEδx̂ − µ)
A

B
[
(PHMI)

−ξ.B − 1

(PHMI)−ξ − 1
] + µ+ C (6.26)

Test Statistic = Matched HPEδx̂

Once the matching parameters A,B and C are determined, positioning integrity can be

monitored by calculating the test statistic on line and comparing it against the threshold.

As a summary (figure 6.14), the process to develop the proposed integrity monitoring

scheme is as follows. First, the data of the actual position errors and the position resid-

uals are gathered at the same time along a certain trajectory in an urban environment.

From the collected data of the position errors, the ECDF of the HPE is determined

and then, it is bounded by a generalized Pareto CDF. In this work, this overbounding

CDF is denoted as HPL. Subsequently, the horizontal position residual (HPEδx̂) is de-

termined and modelled also by a generalized Pareto distribution (denoted as HPER).

After that, in order for the HPER to represent the overbound of the HPE (i.e. the

HPL), the HPER has to be matched to the HPL by tuning or adjusting the values of

the HPER parameters as described in section 6.5.2. Once the matching parameters are
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Figure 6.14: Summary of integrity monitoring process

obtained, the matched horizontal position residual (Matched HPEδx̂) can be used as a

test statistic to monitor the integrity of the positioning.

The proposed integrity monitoring scheme for urban environment is shown in Figure

6.15. First, The HPL is calculated based on the required probability of hazardous

misleading information, PHMI . This HPL is compared against the HAL for the intended

application to determine whether the integrity monitoring is available. If the required

HAL is less than the HPL, the integrity cannot be monitored. Then, the integrity

checking is performed by comparing a test statistic to the threshold. As long as the

test statistic is not more than the threshold, the positioning integrity is considered to
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Figure 6.15: Integrity monitoring scheme for urban environments

be maintained. The threshold can be set depending on the required PHMI which then

gives the maximum HPL as the threshold using equation 6.21.

Note that in this approach, the observable distribution is matched to the overbounding

HPL. As a consequence, unlike the traditional RAIM, the test statistics distribution is

matched to ensure similar conservative overbounding of the HPE like the HPL.

6.6 The Composite Approach in Monitoring Integrity

In dealing with non-zero mean error distribution, two approaches have been generally

developed to calculate the PL. In one approach, the biases are considered as a multiple

of noise and formulated as PL for the errors. Largely known as the sigma inflation

approach, this method is the one implemented with the SBAS and GBAS. The rms PRs

errors are inflated to accommodate the biases which result in the PL as a probabilistic
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bound for the sum of noises and biases. Further description of this approach can be

found for example in [16, 19, 231].

The other approach is the composite approach, where biases are treated independent

of noise. It is assumed in this method that the noise can be modelled as a zero-mean

Gaussian distribution. Even though this approach has not been adopted by the civil

aviation authorities, many studies pertaining to the concept have been done and available

for example in [16–19].

In composite approach, the PL can be formulated as a sum of a noise component, PLn

plus a bias component, PLb:

PL = PLn + PLb (6.27)

The calculation for the case of zero mean Gaussian noise PL:

PLn = Knσp (6.28)

with

σp =

√√√√ N∑
i=1

S2
i σ

2
i

and

Kn =
√

2erfc−1(PHMI)

σp is the root of the sum squares of the weighted range-domain sigmas for each of

the total N observed satellites, and Kn describes the inverse cumulative distribution

that associate the sigma with the integrity probability, Pb which is equal to 1 − PHMI

[175, 180]. Let µi be the bias of each PR, then PLb is the total bias expressed as:

PLb =
N∑
i=1

Siµi (6.29)

In civil aviation, specific sources and effects of the bias have been considered and mod-

elled. Some of these models such as the absolute bias model, sigma-relative bias model

and piecewise-linear bias model are described in [19]. However, in urban environments,

the biases are mainly due to NLOS and multipath receptions which are difficult to model,



Chapter 6. GNSS Positioning Confidence in Urban Environments using Trusted
Overbounding Position Errors 222

hence it is very difficult to come up with an expression of PLb. In the open-sky envi-

ronment, the main advantage of treating the noise and bias separately is the final net

decrease of the PL [232]. This is due to the much smaller noise bound and typically,

this reduction is more than the increase in the bias bound.

6.6.1 Position error decomposition and characterization

In order to implement the composite approach for position integrity monitoring in urban

environments, the HPE need to be decomposed into the bias component and the Gaus-

sian noise component and then characterized. While there are several techniques exist

in the error distribution decomposition, in this work we choose the autoregressive (AR)

model to estimate the HPE time-series since it is suitable and quite straight forward to

decompose the errors into Gaussian noise and bias components.

HPE = AR(p) + ε (6.30)

The first order AR(1) can be written as:

xt = φxt−1 + εt (6.31)

where εt N(0, σ2)

For the order p, the AR(p) is given as:

xt = φ1xt−1 + φ2xt−2 + · · ·+ φpxt−p + εt (6.32)

rearrange the equation,

εt = xt − φ1xt−1 − φ2xt−2 − · · · − φpxt−p (6.33)

Therefore, it can be seen that this model decomposes the error into a Gaussian noise

component εt and other regressive components which can be representative of bias.

Several techniques can be used in estimating the AR coefficients such as the Yule-Walker

solution, forward-backward approach and Burgs method. In this work, 4th order AR
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is used and Burgs method is selected because it always produces causal models and

provides higher Gaussian likelihood more often than the Yule-Walker method [20].

The next step is to extract the noise from the bias so that they can be characterized

separately. This can be done by filtering the time series accordingly. The filter transfer

function in the z-transform is given by:

Y (z) = (1− φ1z
−1 − · · · − φpz−p)X(z) (6.34)

where Y (z) is the z-transform of εt. Since εt is assumed to be a zero-mean Gaussian

noise, it can be characterized by its variance, σ2
ε .

Once the εt is obtained, biast is calculated by:

biast = HPEt − εt (6.35)

Unlike in the open sky environment, bias in the urban environments are mainly due to

MP and NLOS receptions which make their modelling to be very complex determinis-

tically. Hence in this work, the bounding of the bias will be done using the statistical

approach where the bias distribution will be bounded by a Gaussian distribution. As

such, the bounding distribution of bias can be characterized as [19]:

HPEbias = µb + σb
√

2erf−1(2Pb − 1) (6.36)

where Pb is the integrity probability. In a simplified notation,

HPEbias = µb + σbKH (6.37)

The values of µb and σb are obtained a priori from the bounding curve fitting of the

HPE bias ECDF.

6.6.2 The calculation of composite HPL

It has been established that in real operations, the actual HPE cannot be assessed. As

a solution, a statistical measure on the HPE, such as the HPL, is used to represent the
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positioning performance. For the composite approach, the HPL needs to be calculated

for the bias and the noise components.

a. HPL for the noise component

Unlike the augmentation systems such as SBAS and GBAS, land vehicle positioning in

urban environment does not have references. Hence the noise variance to be used for

calculating the HPL is obtained from the PR variance model. In this work, the PR

variance of the CNo-Elevation model [21] is adopted:

σ2
i = k × 10(−0.1×CNomeasured)

sin2(θi)
(6.38)

where k equal to 1 for LOS signal and changes for NLOS signal.

Equation 6.28 shows the HPL for a zero-mean Gaussian distribution. However, in the

implementation, there exist some elements of uncertainty since the estimation of the

noise distribution from the HPE is not perfect and σp is obtained from a PR variance

model which is different from the σε of the estimated HPE noise. Therefore, as commonly

practised in the civil aviation, the sigma needs to be inflated to compensate for these

uncertainties and ensure that the HPL noise bounds the HPE noise.

In [233], the inflation factor f (to inflate σi) is incorporated in the VPL as follows:

V PLinflated = Kffmd

√√√√ N∑
i=1

S2
i (f.σi)2 (6.39)

Whereas in [232], the VPL is inflated in the position domain with inflation factor ξ such

that:

V PLinflated = ξKV σp (6.40)

In this work, the inflation of the HPL noise is implemented in the position domain with

an inflation factor A such that:

HPLnoiseinflated = A.KHσp (6.41)
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To estimate A, we equate the HPLnoiseinflated to the bounding distribution of εt so

that:

A.KHσp = KHσε (6.42)

and therefore

A =
σε
σp

(6.43)

where σε is the std. div. of HPE noise and σp is the std. div. of predicted position error

based on PRs variance model.

b. HPL for the bias component

The HPL for bias is based on the position residual (which is observable in real time) and

then inflated/matched statistically to bound the empirical CDF of HPE decomposed

bias. The CDF matching is done using the CDF parameters transformation similar to

the sigma inflation approach in CDF bounding.

The position residual CDF is:

HPEr = µr +KHσr (6.44)

Inflating the HPEr becomes:

HPLbiasinflated = µr +B + C.KHσr (6.45)

Rearrange and substitute 6.44 into 6.45,

HPLbiasinflated = HPEr −KHσr +B + C.KHσr (6.46)

HPLbiasinflated = HPEr +B + (C − 1).KHσr (6.47)

To estimate parameters B and C, let

µr +B = µb

and

C.KHσr = σbKH

where µb and σb are parameters from 6.37. Hence,
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B = µb − µr (6.48)

i.e, the mean of HPLbiasinflated is shifted to match the mean of HPEbias, and

C =
σb
σr

(6.49)

i.e, the sigma of HPLbiasinflated is inflated to match the sigma of HPEbias.

6.7 Equipment, Data Collection and Testing

The data for the experiments were collected along the trajectories in downtown Toulouse

for both parts of the works(Figure 6.16). The reference data along the trajectory are

provided by the SPAN Novatel GPS/IMU-FSAS system with decimeter level of accuracy.

For the work on GPD, the GPS signals are measured using u-blox LEA-4T receiver.

The collected data were sampled at 1 Hz. The duration and the number of the gathered

samples depends on the trajectory. For Trajectory 1, 2, 3 and 4, the collected data are

4257, 3278, 5098 and 4852 samples respectively. The duration taken varies from about

1 hour to 1.5 hours.

However, the samples need to be independent. The issue with MP and NLOS signals is

that they are correlated. In order to attenuate this effect, the collected data is further

re-sampled. In this work, we down-sample the data at the 10th sample after the previous

sample (i.e we skip 9 samples in between the selected samples). Based on the difference

between referenced positions and measured positions, the CDF of the horizontal position

errors were determined empirically along 4 designated trajectories. Then, each of these

respective HPE CDFs was overbound by a generalized Pareto distribution. The position

residuals were calculated from the measured PRs using the LS approach as described

earlier.

There are two parts of the test. The first one is to determine how well the position

residual can be matched to the overbounding GPD CDF and to see if it overbounds the

HPE. The results are analyzed based on the CDF plots comparison.
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Figure 6.16: Example of the trajectory for data collection in downtown Toulouse

In the second part of the test, the performance of the proposed test statistic was ob-

served. Based on the set threshold, the integrity of positioning was monitored and

the Probability of Missed Detection (PMD) and the probability of False Alert (PFA)

were calculated to compare with the selected integrity requirement. In this work, the

probabilities are defined as:

PFA ∼ %test statistic > threshold; HPE 6 HAL

PMD ∼ %test statistic 6 threshold; HPE > HAL

As for the work on the composite approach, the receivers used are the Ublox 4T, Novatel

and Septentrio AsteRx4 receivers. The Ublox 4T and Novatel used the same trajectory

with 5,098 samples at 1Hz sampling rate (about 1.5 hours) . The Septentrio AsteRx4,

which is a multi-constellation receiver, used a different trajectory with 12,447 samples at

0.5 Hz sampling rate (about 1 hour and 40 minutes). The collected data are also down

sampled similarly like the previous data to attenuate the correlation effect. In order to

obtain the positioning errors, the measured positions are compared along the trajectories

to the reference positions which were also obtained from a high grade navigation system

(SPAN Novatel GPS/iMAR IMU).
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Figure 6.17: Result of matching position residual to overbounding CDF (Trajectory
1)

6.8 Results and analysis

6.8.1 Results on GPD

a. Matching of Horizontal Position Residuals to the Overbounding CDF

Each Figure 6.17, 6.18, 6.19 and 6.20 plots HPE CDF (solid red), its overbounding CDF

(dashed red), position residual CDF (solid blue) and the matched position residual CDF

(dashed blue) for each trajectory 1, 2, 3 and 4. Overall, it can be seen in each figure that,

the matched position residual CDF does overbound the HPE CDF. However, in term of

matching with the overbounding GPD CDF, trajectory 1 and 2 performed better than

trajectory 3 and 4. This situation occurred depending on how well is the curve fitting

of the position residual CDF which is then used to determine the matching parameters

A, B and C (shown in Table 6.1). In a worse case situation, this bad matching may even

cause the matched position residual CDF not to overbound the HPE CDF. However,

this situation can be overcome by tuning these parameter values in order to achieve a

better matching.

From Table 6.1, it can be observed also that each trajectory has different sets of matching

parameter values. In this work, each trajectory has only a few thousands of samples.

When dealing with statistical distributions, the assumption of ergodicity and stationarity

are usually made. However, most real life situations do not meet exactly the ergodicity or
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Figure 6.18: Result of matching position residual to overbounding CDF (Trajectory
2)

Figure 6.19: Result of matching position residual to overbounding CDF (Trajectory
3)

Table 6.1: Matching parameters
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Figure 6.20: Result of matching position residual to overbounding CDF (Trajectory
4)

stationarity criteria. As has been described earlier in section 3.6, by using a conservative

overbounding on the actual error distributions, the navigation community aimed to have

enough margins to take into account the risk of any non-modelled errors which would

cause the variations of the statistical properties, hence non-stationarity. Therefore, in

this work it is perceivable that if more samples are obtained from various trajectories

and combined, 1 set of matching parameters can be calculated and tuned to match

the overbounding CDF with enough margins for conservative bounding. Indeed further

studies and analysis with more data can be pursued in this interest.

The number of available independent samples also affects the acceptable confidence

level of the probability of integrity, PB or the PHMI . As a ”rule of thumb”, at least

10n independent samples are needed for 10−(n−1) level of PHMI . For example, 104

independent samples are required when characterizing the PHMI at 10−3. Hence, this

is another reason to have more data for further analysis.

b. Position integrity monitoring analysis Table 6.2 shows the calculated PFA and

PMD when the test statistic was used to monitor the positioning integrity along the 4

trajectories. For comparison purposes, the error probabilities were also calculated using

the non-inflated position residual, HPEδx̂ as test statistic. In setting the threshold, the

PHMI was set at 0.05.

The PFA calculated using the proposed test statistic are generally a lot smaller than the

ones calculated based on HPEδx̂. These low percentages of PFA increase the availability
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Table 6.2: Positioning integrity monitoring performance

and continuity of the positioning system. In term of the PMD, the calculated values are

slightly larger than those of the HPEδx̂ but more importantly, are still less than the

set PHMI of 5%. As such, these results not only show that the integrity requirement

is met but also indicate that the proposed test statistic is able to balance between the

PFA and PMD and hence optimize the position integrity monitoring and continuity in

urban canyon areas.

Based on the presented results, the proposed scheme is capable of monitoring position

integrity. However, it is worth noted that since this scheme adopted the direct position

domain approach, it cannot identify the faulty measurements. On the other hand, this

approach enables to monitor the integrity of any type of receiver without the need to

know the positioning estimator algorithms as long as we have the characterized position

error of the receiver.

6.8.2 Results on composite approach

a. Noise and bias characterization results from AR model decomposition.

The results of the horizontal position errors decomposition into the noise and bias com-

ponents are plotted in Figures 6.21 and 6.22 for the Ublox, Figures 6.23 and 6.24 for the

Novatel and Figures 6.25 and 6.26 for the Septentrio receivers. For each receiver, the

first part of the plots shows the time series of the decomposed noise in the left plot and

the right plot shows the decomposed bias (blue) compared to the total HPE (red). The

unit of the time series is second and the unit for HPE, noise and bias is in meter.

In the second part, the QQ plots of the distributions of HPE, the decomposed noise

and bias with respect to the standard normal distribution are shown. These QQ plots

are used to observe the similarity/difference of the distribution of interest (in this case
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Figure 6.21: Decomposed noise and bias from Ublox receiver HPE

Figure 6.22: QQ plots of the Ublox receiver HPE, decomposed noise and bias

HPE, noise and bias) to the standard Gaussian distribution which is represented by

the red dotted straight line in the plots. If the distribution of interest is also Gaussian

distributed, it will follow and overlap with the red dotted straight line. Otherwise, it

will deviate from the red dotted straight line. In all of the time series results,

extracted noise appears to be random. In term of the position error, as expected, it

can be seen that the multi-constellation high performance Septentrio receiver is able to

perform better than the single constellation receivers in the deep urban environment.

Only at a few very severe locations in deep urban area that the Septentrio experienced

more than 10 meters of positioning error.

However, as shown in the QQ plots, the extracted noise seems to follow the Gaussian

distribution but with some heavy tails. The quantile at which the tail starts to become

heavy differs among the receivers. For Septentrio, the extracted noise follows Gaussian

distribution almost up to the 3rd quantile, while for Ublox is about up to the 2nd

quantile and for Novatel is only up to the 1st quantile. These situations indicate that
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Figure 6.23: Decomposed noise and bias from Novatel receiver HPE

Figure 6.24: QQ plots of the Novatel receiver HPE, decomposed noise and bias

Figure 6.25: Decomposed noise and bias from Septentrio receiver HPE
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Figure 6.26: QQ plots of the Septentrio receiver HPE, decomposed noise and bias

the AR model approach used in this work to extract the Gaussian noise from HPE is not

effective to totally suppress the heavy tail and extract only a white Gaussian noise from

the HPE. The extend to what quantile that the noise distribution follows a Gaussian

distribution will effect how much inflation is needed to bound the noise distribution and

the acceptable maximum confidence level of the bound. However, considering that for

a multi-constellation receiver such as Septentrio suffers heavy tails only after the third

quantile, the composite HPL bound based on Gaussian distribution can still be effective

if the accepted PHMI is not too small (for example in the range of 10−2). Therefore, even

though there are some elements of heavy tails, the usability of this technique depends on

the AL, threshold or PHMI that is required for the intended applications. If the heavy

tail is at the very extreme value and the AL threshold is before reaching the heavy tail

region, then this technique is still possible.

b. Inflated HPL noise bounding. Figures 6.27, 6.28 and 6.29 respectively show

the plots of the inflated HPL bounding the CDFs of the noises for Ublox, Novatel and

Septentrio receivers. In the plots, the inflated HPL is represented by a dashed blue

line. The initial CDF observed from the variance model is represented by the solid blue

line. The CDF of the noise distribution is represented in solid red while its bound is

plotted by a dotted red line. In all three plots, it is observed that the inflated HPL is

able to bound the CDF of the noise distribution.

In the case of Ublox (Figure 6.27) and Novatel (Figure 6.28), the initial CDF obtained

from the variance model (solid blue) do not bound the noise CDF (solid red). After the

sigma inflation/matching, the variance model CDF is transformed into the inflated HPL

and able to bound the noise CDF.

In the case of Septentrio (Figure 6.29), the initial variance model CDF does bound the
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Figure 6.27: Inflated CDF bounding of the noise (Ublox)

Figure 6.28: Inflated CDF bounding of the noise (Novatel)

Figure 6.29: Inflated CDF bounding of the noise (Septentrio)
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Figure 6.30: Inflated CDF bounding of the bias (Ublox)

Figure 6.31: Inflated CDF bounding of the bias (Novatel)

noise CDF but it is too conservative. With the inflation/matching of the sigma param-

eter, the inflated HPL is calculated and able to bound the noise CDF more optimally.

c. Inflated HPL bias bounding. The inflated HPL bounding for the CDFs of the

biases for the case of Ublox, Novatel and Septentrio receivers are shown in Figures

6.30, 6.31 and 6.32 respectively. First of all, it should be highlighted that since the

HPE is defined as a norm of a 2D errors, the values are always positive. Hence, even

though the extracted noise has both positive and negative values, the remaining biases

in the HPE remain in positive value. Therefore, unlike the noise CDF bounding which

concerns on both positive and negative sides of the CDF, the bias bounding will only

concern with the positive side of the CDF. From the plots in Figures 6.30, 6.31 and
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Figure 6.32: Inflated CDF bounding of the bias (Septentrio)

6.32, after the inflation, the bias distributions are bounded by their respective inflated

HPL. It is interesting to note that while the multi-constellation receiver Septentrio has

better accuracy in urban environments, its integrity performance due to bias is not that

much different than that of the ublox receiver. At 90% confidence, the inflated HPL

for Septentrio is about 19 meter while for the ublox is about 13 meter. Therefore, it

shows that the effect of bias depends on the environment rather than the accuracy of

the receiver.

6.9 Conclusion

Implementing classical RAIM for integrity monitoring in harsh environment is not effec-

tive due to the non-Gaussian error distribution characteristics of the measurements and

positioning. By using the generalized Pareto distribution as the overbounding position

error characteristic and relating the position residual space to the overbounded position

error space, this work derives a novice test statistic for positioning integrity monitoring

in urban environments. This direct position domain approach of integrity checking al-

lows the monitoring of positioning confidence without the need to know the positioning

algorithm implemented by the receiver.

In term of the HPE characterization in urban environments, the generalized Pareto

distribution seems to be able to fit the HPE CDF quite well. However, it is not a

perfect fit as can be seen from the results. This is expected because the distribution
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characteristic of position errors in the urban environments is very complex. Therefore, a

parametric distribution inherently tends to face some limitation in modelling the position

error distribution in urban environment. Nevertheless, achieving a perfect fit of the

distribution model is not exactly of a concern in this work because the distribution

model is intended as an overbound to the actual position error distribution.

Other than implementing the GPD as the HPE CDF overbound and using the observ-

able position residual as the matched HPL to monitor the positioning integrity in urban

environments, this work also investigates the composite approach in the HPL compu-

tation for position integrity monitoring in urban environments. In order to be able to

compute the composite HPL autonomously, inflated or matched error variance (based

on C/No) is used to calculate the noise component HPL and the position residual is

used to calculate the bias component HPL. CDF bounding techniques in direct position

domain are also used here to bound the noise and bias CDFs.

AR filtering is used to extract the noise from the HPE in order to decompose the noise

and bias. However, the results indicate that AR approach is not effective enough because

the extracted noise is not totally Gaussian distributed but still have some heavy tails.

With the aim to use a simple and straight forward distribution, Gaussian CDF is used

as the overbound in this composite approach. However, since the noise and also the bias

components are heavy tailed, tight bounding is difficult to achieve due to high parameter

inflation. In worse case, the bounding of the tail region by Gaussian distribution may

not be effective especially for applications that require very small PMD.

In obtaining the HPE CDF overbound, the direct position domain approach is able to

bypass the difficulties and complexity of modelling the PR errors in urban environments

that the range domain overbounding has to face. However, there is a limitation in

this direct position domain approach in that each satellite channel is not monitored.

Therefore, even when enough satellites are available (i.e. more than 5 satellites), fault

detection and exclusion (FDE) cannot be readily implemented using this approach. On

the other hand, if the multiple biases of the measured PR combined with the geometry

in such a way that the PRs residual remain small but the position error becomes large,

only the position domain approach would detect the error and not in the range domain.

As such, a combination of both range-domain (such as the proposed approach in Chapter

5) and position domain approaches could be implemented as a multi-layered integrity
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monitoring concept described in Chapter 5. Alternatively, a parallel systems can be

implemented where several position estimations are calculated at the same time with

each one having 1 of the PR excluded. This way, it is also possible to identify which PR

is causing the unacceptable error in the positioning.

One of the pertinent overbounding issue in the aviation sector is the sparse data at the

extreme tail of the error distribution. When striving for a PHMI value at 10−7, the

number of samples at the extreme tail region are statistically not enough to validate

the overbounding criteria. Hence, extrapolation techniques such as the Extreme Value

Theory has been implemented to deal with the issue. However, this issue could be

relaxed a little in the land applications because not all applications would require such

a small PHMI value. For example, a PHMI of 10−2 may already be acceptable for some

of the land applications.

In addition, this exercise of characterizing position errors of the receivers in urban en-

vironment may also benefit the effort to categorize and certify the receivers. By having

the HPE characteristics of the receivers, the receivers can be classified into several per-

formance grades and this shall allow a proper selection of a suitable receiver for a certain

type of land applications.





Chapter 7

Conclusions and perspectives

This thesis addresses the challenges in reliability monitoring of GNSS aided positioning

for land vehicle applications in urban environments. The main objective of this research

is to develop methods of trusted positioning using GNSS measurements and confidence

measures for the user in constrained urban environments. Essentially, positioning con-

fidence is defined with the ability to trust the estimated position.

In these land-based applications, the GNSS receiver is usually a sub-system providing

positioning, velocity and time (PVT) information that would be used as subsequent

inputs by the next module in the application system as a whole. In fact, the GNSS

is not the only technology included in the positioning module when hybrid solution is

implemented. In such case, the GNSS technology is complemented by other sensors, for

instance inertial or odometric, in order to improve the performance of the PVT solution.

Because of these arrangements, there is a need to choose a suitable receiver type and to

know its minimum performances so that the final applications requirement at the user

level will be met. For this purpose, the characterization of positioning error is needed

to provide the final user with the level of confidence needed by his application which

uses the technical requirements of the GNSS solution. Since many of the services involve

financial, legal and potentially safety-of-life repercussions, these applications would need

compliance with safety and reliability requirements.

Many factors affect the end performance of a GNSS receiver. Some of them are re-

lated to the inherent quality of the receiver and its antenna (sensitivity, quality of signal

processing, resilience to interference and jamming, etc.), while some are related to the
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atmospheric layers which the signals pass through and finally some are related to the

receiver environment of reception. The local reception environment (masks, multipath,

diffraction, etc.) including the dynamics of mobile objects has crucial effects on the

signal quality resulting on serious degradation and challenges on the performance char-

acterization. Indeed, along with the emergence and innovation of new land applications,

many of the demands and challenges on their performances come from urban environ-

ments where the processing needs of the received signals are extensively more complex

than in open sky environments.

Reliable GNSS positioning is difficult to be achieved in dense urban areas because in

these environments the satellites signals are often obscured or reflected by buildings

and receiver-surrounding objects, which distort measurements and bias the calculated

position. Diffracted and reflected signals received together with the direct signal can

result in ten-meter-order positioning errors, and hundreds of meters of positioning error

can be present in non-line-of-sight (NLOS) signals situations. As these issues hinder or

slow down the adoption of GNSS in applications which require high service availability or

a good level of confidence in PVT information for usage in urban environments, effective

and timely solutions are very much sought after. For all these reasons, we chose to work

on monitoring the reliability of GNSS aided positioning for land vehicle applications in

urban environments.

In the civil aviation framework, integrity monitoring is mostly accomplished by Receiver

Autonomous Integrity Monitoring (RAIM) techniques which use Fault Detection and

Exclusion (FDE) algorithms to reject outliers from measured data and also by augmen-

tation systems like Ground Based Augmentation System (GBAS) and Satellite Based

Augmentation System (SBAS) that relay integrity information to aircrafts to compute

Protection Level (PL) associated to an integrity risk. These techniques are designed

for aeronautics applications where high redundancy of data exists, mature performance

standards for each phase of navigation are available, measurement and position errors

are assumed to be Gaussian distributed and only a single fault is expected.

Algorithms for positioning integrity and reliability monitoring are usually based on sta-

tistical inference and hypothesis testing. Since actual position error cannot be known

or measured in real time, RAIM calculates a measurable scalar parameter that provides

information about pseudorange measurement errors (which can be linked to the position
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error). This measurable parameter is called test statistic. It is a random variable with

known distribution. For example, in Least Square RAIM, the test statistic is calculated

from PR residuals, which are the difference between the measured PR and the PR de-

rived from the estimated navigation solution. In RAIM, failure detection is achieved by

comparing a test statistic against a detection threshold. For implementation in urban

settings, the test statistic has to be formulated to detect errors in the measurements like

outliers coming from NLOS and MP effects. The challenge is to be able to characterize

the test statistic in this kind of non-Gaussian environments.

In the SBAS approach, whenever the monitored PL is less than the Alert Limit (AL), the

positioning is considered to be within the integrity requirement. However, for land appli-

cations especially in urban settings, simple or direct adaptation from the civil aviation

approach of integrity monitoring is not possible due to the challenging signal degra-

dation characteristics. Because of the circumstances posed by the urban settings, the

developed approaches for open sky environments are not effective in ensuring reliability

in restricted environments. The main challenge in these harsh urban environments is

the difficulty to have a reliable model of the received measurements, from which most of

performance and integrity metrics are usually formulated as in the case of civil aviation

applications.

In the first part of the research, the NLOS errors in urban settings are characterized by

means of a 3D model of the urban surrounding. In an environment with limited number

of visible satellites, excluding degraded signals could result in not having enough number

of acceptable measurements for a position fix or adversely affect the satellites geometry.

Therefore, if the degraded signal can be identified, and if its bias error can be known,

the signal can be corrected and effectively used for positioning. For this purpose, a

GNSS simulator is used together with the 3D model in order to identify NLOS signals

and to predict their biases. From this prediction, NLOS signals are corrected and used

to improve the accuracy and integrity of the estimated positions. The ability of the

3D model to predict the signal reception state either in LOS or NLOS was found to be

encouraging. Nevertheless, due to the limitations of the 3D model in terms of geometrical

and morphological factors, the ability to predict the NLOS bias was deemed modest and

not concluding for the short processed data. Even so, when the predicted biases were

utilized for PR corrections in position estimation, the result showed that the positioning
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errors are generally almost similar to those calculated using the measured bias computed

from the reference trajectory.

In this thesis, the second part of the work proposes a reliability monitoring technique

in the range domain for urban environment using a trusted velocity sensor. The ap-

proach takes on pseudorange (PR) prediction using hybridization with other sensors to

maintain positioning continuity even under the situation of reduced number of satellite

visibility. Single odometer and gyro are used as the DR sensors that are loosely coupled

with the GNSS receiver to obtain a reference position for reliability checking of GNSS

pseudorange. By using the hybrid approach, residuals are generated and test statistic

are calculated, and tested against a threshold. A few forms of residuals were derived

based on several observables, namely the PR, the range rate and the velocity. For the

velocity residual, the odometer was investigated as a reference sensor. The result of the

PR residual representation of the actual range errors varies from satellite to satellite.

The residual has good representation for the satellites with large fault value. Since this

is the case, the PR residuals were able to perform its function to detect the faulty mea-

surements before they are accepted as valid measurements for positioning. In this sense,

the PR residual can be used as the first layer in the multiple layers of reliability monitor-

ing metrics. Similar potential has also been demonstrated by the FDE technique based

on the range rate residual. However, its drawback in this work as compared to the PR

residual based approach is that it cannot be implemented to correct or replace the faulty

measurement. On the other hand, it was found that it is quite difficult for the velocity

based residual to be related to positioning error. Rather, it would be useful for velocity

error detection. We looked at the 3D model and other sensors because we are convinced

that in harsh environments, the integrity monitoring needs additional information other

than from the GNSS.

The research in this thesis has also led to a development of a novel experimental scheme

in integrity monitoring for positioning in urban environments. Working directly in the

position domain, the distributions of Horizontal Position Errors (HPE) are characterized

using generalized Pareto Distribution. Then, a test statistic is derived based on posi-

tion residuals (rather than pseudorange residuals) which CDF are mapped or inflated

to match the characterized overbounding position error CDF. By monitoring the test

statistic against a specific threshold, the positioning integrity and continuity are met



Chapter 7. Conclusions and perspectives 245

at a certain level of confidence. The results using data collected in Toulouse downtown

areas show that the technique is quite promising.

The method is then extended to autonomously compute the Horizontal Protection Level

(HPL) in urban environments using a composite approach. The decomposition of the

HPE distributions into its noise and bias components was implemented with an AR filter.

Aiming for simplicity and straight forward implementation, Gaussian distribution is used

as the CDF bounds for both the noise and bias distributions. While heavy tails issue

was faced in this approach, its applicability is potentially higher for multi-constellation

receivers as indicated in the results.

Several perspectives are noticeable resulting from the works of this thesis. Among them,

the following ones present a special interest:

• To use more measurement samples obtained from various cities for the analysis.

With such data, further assessment on the robustness of the generalized Pareto

Distribution overbounding approach for positioning integrity monitoring in urban

environments may be conducted. Other types of distribution that can deal with

heavy tail are also potentially worth to be investigated for this purpose.

• To identify and pursue a more effective technique to extract the random Gaussian

noise from HPE distribution. This will contribute to a more effective bounding of

the noise in the composite approach of HPL computation for urban environments.

• To identify and develop techniques that can optimally combine the heuristic meth-

ods, range domain and position domain approaches in an integrity monitoring

metrics. It could be in multiple layers, to be executed sequentially or in parallel,

or selectively based on specific situations.

• To investigate further on the effectiveness of the velocity residual technique in

monitoring velocity based applications. It could be interesting also to search for

methods to link the velocity residual to positioning so that it may be used for

positioning monitoring.

• To pursue possible techniques that use non-parametric approaches to model or

bound the errors either in the range or in the position domain.
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RÉSUMÉ DES TRAVAUX EN FRANÇAIS

Introduction

Les services des systèmes globaux de positionnement par satellite (GNSS) pour les ap-

plications terrestres sont devenus très utiles et populaires que son marché devrait crôıtre

encore d’une façon exponentielle les années à venir. Les applications terrestres actuelles

avec de nombreuse services potentielles couvrent une large gamme d’applications telles

que le tarification basée sur la localisation, ”pay-as-you-drive” (PAYD), la tarification

routière, le suivi de voiture spécifique (les courses, les assurances, les criminels, etc.)

et rapports de géolocalisation. En outre, les applications pour le système d’assistance

au conducteur (ADAS) comme le suivi de la voie, l’évitement de collision etc. font

également l’utilisation du système de positionnement par GNSS.

Dans ces applications terrestres, le récepteur GNSS est généralement un sous-système

qui permet de calculer la position, la vitesse et l’heure (PVT) qui seront utilisées comme

entrées ultérieures par le module suivant dans le système global de l’application. En

fait, le GNSS n’est pas la seule technologie incluse dans le module de positionnement

lorsque une solution hybride est mis en œuvre. Dans ce cas, la technologie GNSS est

complétée par d’autres capteurs, par exemple inertiel ou odométrie, afin d’améliorer les

performances de la solution PVT. En raison de ces dispositions, il est nécessaire de choisir

un type de récepteur approprié et de connâıtre ses performances minimales de sorte que

l’exigence des applications finales au niveau de l’utilisateur sera atteinte. A cet effet, la

caractérisation de l’erreur de positionnement est nécessaire pour fournir à l’utilisateur

final avec le niveau de confiance requis par son application qui utilise les exigences

techniques de la solution GNSS. Comme un bon nombre des services impliquent des

engagements financiers, juridiques et potentiellement des répercussions de sécurité de la

vie, ces applications doivent se conformer avec les exigences de sécurité et de fiabilité.

De nombreux facteurs affectent la performance finale d’un récepteur GNSS. Certains

d’entre eux sont liés à la qualité intrinsèque du récepteur et de son antenne (sensibilité,

la qualité du traitement du signal, la résilience aux interférences et de brouillage, etc.),

tandis que certains sont liés aux couches atmosphériques qui les signaux passent à travers

et enfin certains sont lié à l’environnement de réception du récepteur. L’environnement

de réception locale (masquage, multi-trajets, diffraction, etc.), y compris la dynamique

des objets mobiles a des effets décisifs sur la qualité du signal résultants de la dégradation

subie ce qui implique une dégradation des performances de positionnement du récepteur.
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En effet, avec l’émergence et l’innovation de nouvelles applications terrestres, la plupart

des exigences et des défis sur leurs performances proviennent de milieux urbains où les

besoins de traitement des signaux reçus sont beaucoup plus complexes que dans les

environnements à ciel ouvert.

Une localisation fiable par GNSS est difficile à atteindre dans les zones urbaines denses

parce que dans ces environnements les signaux satellites sont souvent masqués ou réfléchis

par les bâtiments et les objets environnants le récepteur, qui faussent les mesures et bi-

aisent la position calculée. Les signaux réfractés et réfléchis reçus avec le signal direct

peut entrâıner des erreurs de positionnement de dix mètres d’ordre, et des centaines de

mètres d’erreur de positionnement peuvent être présents quand les signaux reçus en la

configuration non-line-of-sight (NLOS). Comme ces problèmes empêchent ou ralentis-

sent l’adoption du GNSS dans les applications qui nécessitent une haute disponibilité de

service ou un bon niveau de confiance dans l’information PVT pour une utilisation dans

des environnements urbains, des solutions efficaces et opportunes sont très recherchés.

Pour toutes ces raisons, nous avons choisi de travailler sur le contrôle de la fiabilité

du positionnement GNSS pour les applications de véhicules terrestres dans les milieux

urbains.

Positionnement par satellite

Un récepteur GNSS calcule la pseudo-distance (PR) à partir d’un satellite sur la base

de l’estimation du temps de propagation du signal de satellite multiplié par la vitesse

de la lumière. Dans la pratique, les récepteurs GNSS ne sont pas synchronisés avec le

temps GNSS. Par conséquent, la PR est basée sur la durée de transition du signal et de

la différence de temps entre l’horloge du récepteur et celle du satellite.

Les mesures de PR réelles sont également affectés par diverses erreurs de propagation

et du système et d’environnement. En tenant compte de ces bruits et des erreurs, PR

peut être représentée par l’équation [1]:

ρi = di + c.dtr − c.dts + Ii + Ti + εi (1)

où

• di est la distance en ligne droite entre le récepteur et le satellite

• c.dti est le décalage de l’horloge du satellite

• c.dtr est le décalage de l’horloge du récepteur
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• Ii est le retard ionosphérique

• Ti est le retard troposphérique

• εi représente le bruit du récepteur, les multi-trajets et NLOS

En milieu urbain, l’erreur dans εi est dominé par les multi-trajets et NLOS qui sont

connus pour être dépendant de l’environnement local, non-gaussien, non stationnaire et

peut être temporellement corrélés. Par conséquent, la propagation par multi-trajets et

les biais NLOS sont très difficiles à estimer et en effet devenu l’un des sujets ciblés dans

cette thèse.

Une fois les PR sont mesurées, on obtient un ensemble d’équations non linéaires à

quatre inconnues, appelé l’équation de navigation. Dans un système de coordonnées

cartésiennes,

ρi = di + c.dtr (2)

où

di =
√

(xi − x)2 + (yi − y)2 + (zi − z)2 (3)

Au moins quatre mesures de PR sont nécessaires pour estimer les 4 inconnues (x, y, z

et dtr). Les positions des satellites sont calculées en utilisant les paramètres de Kepler

démodulés obtenus à partir d’un message de navigation par satellite. La position est

calculée et ensuite transformée en un système de coordonnées en longitude, latitude et

altitude ellipsöıdale. Le système le plus couramment utilisé est de coordonnées WGS84

(World Geodetic System 1984) [2]. Le modèle de mesures standard liant les measures

PR, données dans le vecteur Z, du vecteur d’état à estimer, X, est donné par:

Z = HX + ε (4)

En utilisant les mesures de PR, plusieurs algorithmes différents peuvent être utilisés pour

calculer diverses solutions, par exemple; position, biais d’horloge, la vitesse, le temps

et l’accélération. Les algorithmes de navigation les plus couramment utilisés sont les

moindres carréés pondéré et le filtre de Kalman. Outre les mesures de PR, la solution

de navigation peut également exploiter d’autres mesures GNSS comme des mesures de

l’effet Doppler (DR) ou des mesures de la phase des porteuses (CP) pour lisser la solution

dans le domaine de mesures ou dans le domaine de la position. Les méthodes de lissage

existantes utilisent les CP et DR pour profiter de la caractéristique de haute précision

de la CP et de la DR, afin d’améliorer la précision de la PVT [3, 4].



Résumé des travaux en français 4

Contrôle de l’intégrité

Dans le domain de l’aviation civile, le contrôle de l’intégrité est souvent accompli par les

techniques de contrôle autonome de l’intégrité par le récepteur (RAIM) qui utilisent les

algorithmes de détection et d’exclusion des défauts (FDE) pour rejeter les valeurs aber-

rantes à partir des données mesurées et aussi par les systèmes d’augmentation comme

l’augmentation basée sur des systèmes sol (GBAS) et l’augmentation basée sur des satel-

lites (SBAS) qui transmettent des informations d’intégrité aux avions pour calculer le

niveau de protection (PL) associée à un risque d’intégrité. Ces techniques sont conçues

pour les applications aéronautiques où la haute redondance des données existe, des

normes de performance matures pour chaque phase de la navigation sont disponibles,

les erreurs de mesure et de position sont modélisées par une distribution gaussienne et

un seul défaut est attendu à un instant du traitement.

Les algorithmes d’intégrité de positionnement et de surveillance de la fiabilité sont

généralement basés sur l’inférence statistique et tests d’hypothèses. En raison de réelle

erreur de position ne peut pas être connue ou mesurée en temps réel, RAIM calcule

un paramètre scalaire mesurable qui fournit des informations sur les erreurs de mesure

de pseudo-distance (qui peut être lié à l’erreur de position). Ce paramètre mesurable

est appelée statistique de test. C’est une variable aléatoire de distribution connue. Par

exemple, dans Least Square RAIM, la statistique de test est calculée à partir de résidus

de pseudodistance (PR), qui sont la différence entre le PR mesuré et le PR dérivé de la

solution de navigation estimée. Dans RAIM, détection de défaut est obtenue en com-

parant une statistique de test contre un seuil de détection. Pour la mise en œuvre en

milieu urbain, la statistique de test doit être formulée pour détecter les erreurs dans

les mesures aberrantes comme provenant de NLOS et des effets multi-trajets. La diffi-

culté est de pouvoir caractériser la statistique de test dans ce type d’environnement non

gaussiens.

Dans l’approche SBAS, chaque fois que le PL surveillée est inférieure à la limite d’alerte

(AL), le positionnement est considéré comme étant dans la condition d’intégrité. Cepen-

dant, pour les applications terrestres en particulier en milieu urbain, l’adaptation directe

ou simple de contrôle de l’intégrité de l’approche de l’aviation civile n’est pas possible en

raison des caractéristiques de dégradation du signal. En raison de circonstances posées

par les milieux urbains, les approches développées pour les environnements à ciel ouvert

ne sont pas efficaces en assurant la fiabilité de positionnement dans des environnements

restreints. Le principal défi dans ces environnements difficiles en milieu urbain est la

difficulté d’avoir un modèle fiable des mesures reçues, l’outil de base pour la plupart des

méthodes d’analyse des performances et d’intégrité, comme dans le cas des applications

de l’aviation civile.
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Contributions Scientifiques de la Thèse

NLOS: caractérisation en milieu urbain à l’aide d’un modèle 3D

Dans la première partie de la thése, les erreurs NLOS en milieu urbain sont caractérisées

par un modèle 3D de l’environnement urbain. Dans un environnement avec un nombre

limité de satellites visibles, l’exclusion des signaux dégradés pourrait entrâıner ne pas

avoir assez de mesures acceptables pour une solution de position ou nuire à la géométrie

des satellites. En utilisant un simulateur GNSS avec le modèle 3D, les signaux NLOS

sont identifiés et leurs biais sont estimés. Grâce à cette prédiction, les signaux NLOS

sont corrigés et utilisés pour améliorer l’exactitude et l’intégrité des positions estimées.

A cet effet, ce travail combine le modèle de variance sigma-ε avec un saut de moyenne

(biais NLOS) pour modéliser les erreurs de pseudodistances. Tout d’abord, un modèle

3D de l’environnement est utilisé pour détecter l’état de réception NLOS et de prédire

le biais NLOS liées au phénomène de retard excès. Pour un positionnement fiable, un

ajustement de la variance des PR en LOS basé sur les valeurs du C/No est mis en œuvre.

En outre, le biais est soustrait des NLOS PR lors de l’étape de trilatération du calcul de

la position. Les biaises NLOS ont été obtenus à priori pour chaque satellite en mesurant

la différence entre les PR mesurées et les PR référencées lorsque l’état de réception est

déterminé en situation NLOS par le modèle 3D. La performance du système proposé est

évaluée à l’aide des données réelles et comparée à un filtre de Kalman standard sans les

informations aidant du simulateur 3D.

Prédiction des conditions des signaux GNSS via un modèle 3D

Dans ce travail, le logiciel SE-NAV [5] est utilisé pour prédire la réception du signal des

systèmes GNSS comme le GPS dans des scènes virtuelles 3D de zones urbaines connues.

La propagation de signaux est basée sur un algorithme de traçage de rayon qui calcule

les effets d’ombrage et de multi-trajets. SE-NAV utilise l’optique géométrique pour

calculer les rayons réfléchis, diffractés et transmis. Basé sur ces multiples rayons qui

atteignent le récepteur, l’état de réception LOS ou NLOS d’un satellite est fourni. Afin

de caractériser les biais a priori, la position des satellites et le récepteur doivent être

connus. Les positions des satellites sont calculées sur la base des données d’éphémérides

alors que les positions le long de la trajectoire sont obtenues à partir du récepteur.

Nous précisons que le modèle 3D représente seulement une approximation de la réalité de

la propagation et que la reconstruction parfaite des signaux réels reçus reste très difficile.

Tout d’abord, il existe une variabilité non quantifié de la vie réelle de l’environnement qui
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entoure le récepteur par rapport à la représentation virtuelle de l’environnement statique

de réception. Par exemple, il ya des objets non-permanents tels que les véhicules et les

personnes qui peuvent affecter la propagation du signal, mais ne sont pas inclus dans

le modèle 3D. Au fil du temps, même le feuillage de la végétation change et ainsi les

attributs de surface du bâtiment. En fait, pour acquérir la modélisation de la précision

des structures et des matériaux de construction en termes de leurs effets sur les signaux

GNSS est en soi une tâche difficile.

La complexité de la propagation du signal électromagnétique pose encore une autre con-

trainte sur le modèle 3D. Les modèles déterministes basés sur l’optique géométrique (GO)

et la théorie uniforme de la diffraction (UTD) exigent des informations géométrique et

morphologique détaillée sur l’environnement de propagation. Dans les scénarios urbains,

la propagation des rayons est affectée par de multiples interactions avec les diffuseurs.

Chaque fois qu’un rayon est modélisée avec une réflexion ou diffraction, il ya une erreur

associée à la prédiction du modèle en raison de la représentation inexacte de propriétés

du matériau ou les dimensions des objets dans l’environnement. Pour les rayons qui

sont modélisés par de multiples réflexions, ces erreurs ont tendance à s’accumuler, ce qui

rend les prédictions du modèle encore moins précis. En outre, l’effet de l’antenne réelle

et le modèle du récepteur sur le signal reçu, le plus souvent, sont indisponibles pour être

inclus dans le modèle 3D. Tout cela introduit des erreurs dans la prédiction de la PR

par un modèle 3D.

Pour tous les raisons ci-dessus, dans le travail de [6], les auteurs ont étudié la validité

de l’aide d’un modèle de simulation 3D GNSS, en particulier SE-NAV, de prévoir les

mesures de PR biais. De la comparaison entre les biais de la PR mesurée à l’aide de la

position de référence et les biais prédites en utilisant le modèle SE-NAV 3D, le travail

conclut que les erreurs de PR simulées sont tout à fait compatibles avec les veritables

erreurs avec une correspondance qui peut atteindre 80% pour certains recépteur.

En dehors de prédire l’état de réception, le modèle 3D est également utilisé pour prédire

le biais statistique NLOS, qui doit être utilisé pour les corrections de PR. Dans ce cas,

la différence entre la valeur du biais simulé et du biais NLOS mesuré affectera la qualité

de la position finale calculée. Le biais NLOS mesuré est calculé à partir de la différence

entre la PR mesurée et la PR réfrencée lorsque l’état de réception est dèterminé en NLOS

par SE-NAV. Considérant que, le biais NLOS prédit est obtenu à partir du retard de

trajet du signal calculé par SE-NAV en utilisant les estimations de position calculées

par le récepteur lorsque l’état de réception est déterminé en NLOS par SE-NAV.

Chaque fois qu’il y a de nombreuses composantes réfléchies d’un signal, SE-NAV fournit

les retards des trajets multiples. Dans le cas d’un signal LOS, la valeur du retard de la

composante directe du signal est fourni en 0. Dans le cas d’une réception NLOS, toutes
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Figure 1: Distributions d’erreur de PR en milieu urbain (le Capitole, Toulouse)
obtenues à partir d’un même satellite dans diverses périodes de 40 secondes

les composantes du signal devraient arriver en retard puisqu’il n’y a aucune composante

directe du signal. Dans ce travail, quand il y a plus d’un trajet réfléchi dans le cas NLOS,

une perspective optimiste est choisi au moment de décider de la valeur du biais prévu à

la réception NLOS. Il est supposé que le récepteur va acquérir la composante non-direct

avec le plus court délais, car il est probable que la composante qui correspond au plus

court délai aura la plus grande puissance, à savoir la moins atténuée quand il arrive sur

le récepteur et donc celle qui affecte plus le traitement de récepteur.

L’approche proposée pour le positionnement avec des signaux NLOS

Au cours d’une fenêtre d’observation relativement longue, l’erreur de mesure NLOS

peut être modèlisée par une distribution non gaussienne et peut être approximée par un

mélange de distributions gaussiennes [7]. Cependant, pour une courte fenêtre d’observation,

l’approche la plus courante consiste à modéliser l’erreur de pseudodistances par une dis-

tribution gaussienne avec une moyenne non-nulle et une variance adaptive [8], comme

illustré dans la figure 1. Ici, les distributions d’erreur du même satellite sont présentés

sur différentes 40 secondes fenêtres où on peut observer les variations de la moyenne et

de la variance. Dans le cas NLOS, la présence de signaux réfléchis introduit seulement

un saut sur la valeur moyenne en raison de la distance supplémentaire. Dans le cas d’un

trajet LOS dégradé, une variation supplémentaire est présenté comme une augmentation
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de l’incertitude sur le trajet direct. En conséquence, ces effets du bruit du signal LOS

dégradé et le biais NLOS sur l’erreur des mesures de PR sont modélisés séparément.

Pour le cas de la réception en LOS avec un multitrajet dégradé, la mise en œuvre

du modèle de la variance basée sur le rapport signal-sur-bruit, dit SIGMA-ε, per-

mettrait d’améliorer la précision de positionnement dans l’environnement urbain [9,

10]. La matrice de covariance de l’observation peut être réalisé sous la forme R =

diag(σ21, σ
2
2, . . . , σ

2
k) où

σ2k = a+ b.10
−C/No

10 (5)

et σ2k est la variance de la keme observation. Les constantes a et b sont déterminés en

fonction de l’environnement et de l’équipement de l’utilisateur, qui peut être calculées

à priori hors ligne à l’aide des erreurs de mesures des PR et leur C/No sur une certaine

époque.

Pour chaque satellite, la pseudodistance ρk peut être exprimée par,

ρk = dk + c.dtsatk + c.dtrcvk + atmok +mk + εk (6)

avec c.dt représente décalage d’horloge (par satellite ou récepteur), atmo représente

à la fois les retards ionosphériques et troposphériques. Le terme mk est le retard de

propagation par multitrajets tandis que εk représente le bruit du récepteur. En milieu

urbain, mk est la principale contributrice de l’erreur et pourrait représenter des condi-

tions LOS/NLOS mixtes. Une fois les troposphériques, ionosphériques et horloge erreurs

sont compensées, le modèle est réduit à l’expression suivante,

ρk = dk +mk + εk (7)

Pour illustrer plus en détail les conditions LOS/NLOS dans la propagation par multi-

trajets, nous pouvons réécrire l’équation comme [11]:

ρk = dk +mk + bkwk (8)

où

mk =

{
0, en condition LOS

mNLOS , en condition NLOS
(9)

bk =

 σ, en condition LOS√
σ2 + σ2NLOS , en condition NLOS

(10)

et wk est la moyenne nulle du bruit blanc gaussien N (0, 1). En d’autres termes, le terme

NLOS est caractérisé par sa moyenne, mNLOS , et sa variance, σ2NLOS . Ainsi, dans le cas
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du NLOS, pour corriger la pseudo-distance du biais de NLOS, la mesure affectée devient

ρ′k = ρk −mNLOS = dk + bkwk (11)

et

bk =
√
σ2 + σ2NLOS (12)

Le biais estimé en utilisant le modèle 3D est soustrait des PR qui sont utiliss dans

l’estimation de la PVT par un filtre de Kalman étendu. L’équation d’état peut être

fournie par:

Xk+1 = FXk + vk (13)

où X est le vecteur d’état, F est la matrice de transition d’état et v est le bruit de

processus de distribution gaussienne de moyenne nul.

En supposant un modèle de vitesse presque constante, le vecteur d’état cosidéré est:

Xk = [pk, ṗk, ctk, ċtk]
T (14)

où pk est le xk, yk, zk coordonnées de position, ṗk sont les vitesses, ctk est le biais

d’horloge et ċtk est la dérive d’horloge.

La matrice de transition d’état est donné par:

F =


I TsI 0 0

0 I 0 0

0 0 1 Ts

0 0 0 1

 (15)

où I est la matrice d’identité 3×3 et Ts est la période d’échantillonnage.

Le bruit de processus en temps discret est donné par:

vk ∼ N (0, diag(Q1,Q2)) (16)

où

Q1 =

[
T 3
s
3 σ

2
aI

T 2
s
2 σ

2
aI

T 2
s
2 σ

2
aI TsI

]
(17)

et

Q2 =

[
σ2bTs + T 3

s
3 σ

2
d

T 2
s
2 σ

2
d

T 2
s
2 σ

2
d Tsσ

2
d

]
(18)
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La variance de biais d’horloge σ2b et la variance de dérive d’horloge σ2d dépendra de la

qualité du récepteur, tandis que la variance de l’accélération σ2a dépend du mouvement

du récepteur.

Si la PR mesurée est prévue en tant que signal LOS, sa covariance est adaptée à la

valeur selon l’équation 5. Si la mesure est prévue une réception NLOS, le biais NLOS

mNLOS est prédit à partir de SE-NAV où il fournit la distance retardée du ray tracing

NLOS par rapport à la distance en ligne droite entre le satellite et le récepteur. Ensuite,

le biais est soustraite de la mesure de la PR et la variance de NLOS σ2NLOS est inclus

dans la covariance comme décrit par les équations 8 et 11. Par conséquent, l’équation

d’observation peut être formulée sous la forme,

zk = h(Xk) + mk + bkwk (19)

où h décrit la dépendance non-linéaire des observations en fonction de l’état. La covari-

ance d’observation est,

bkwk ∼ N (0,R) (20)

où R dépend de la condition LOS/NLOS de l’état de réception de la mesure PR.

Résultats et analyse

Afin de mettre en œvre le modèle SIGMA-ε de la variance comme dans l’équation

5, les valeurs des paramètres a et b devront être déterminés en ajustant l’écart-type

σk =

√
a+ b.10

C/No
10 d’erreurs absolues des pseudodistances en fonction des valeurs de

C/No. Figure 2 montre un exemple de la courbe obtenue et le tableau 1 liste tous les

a et b valeurs déterminées par satellite visible lors de la collecte de données. Il a été

observé que pour plusieurs satellites, il y a des valeurs négatives de la constante b, ce

qui indique une dégradation de sigma pour C/No. Cette situation confirme la question

de la difficulté d’utiliser uniquement C/No tant qu’indicateur de la qualité de la mesure

dans les environnements urbains en particulier avec ce court données. La réception de

signaux GNSS dans les environnements urbains sont dégradés par multitrajets et NLOS,

donc il est possible pour un signal réfléchi d’avoir une valeur C/No élevée.

La prédiction LOS/NLOS par SE-NAV est comparée à la valeur C/No des mesures

PRs. Les C/No de valeurs de seuil de 40, 38 et 30 dB-Hz sont utilisées pour cette

comparaison. On peut voir dans le tableau 2 que le seuil < 40 dB-Hz a le plus d’accord

entre la prédiction SE-NAV et le critère du C/No. Ces valeurs C/No peuvent également

être comparé avec l’angle d’élévation des satellites (figure 3) puisque les signaux des

satellites de basse altitude sont plus susceptibles d’être reçu comme NLOS en milieu
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Figure 2: Erreurs de Pseudodistances en fonction C/No

Table 1: Liste des paramètres du modèle de la variance (C/No) obtenu par ajustement
de la courbe des erreurs de PR absolues
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Table 2: La conformité entre la prédiction SE-NAV LOS/NLOS et le critère sur le
C/No

Figure 3: L’angle d’élévation par satellite

urbain par rapport à ceux avec une altitude plus élevée. Dans le tableau 2, pour les

satellites dotés de moins de 26o élévation, la prédiction LOS/NLOS par SE-NAV est

parfaitement en accord avec la métrique du C/No. Autrement dit, la prédiction de la

réception LOS/NLOS par le modèle 3D est plus semblable à la prédiction basée sur C/No

lorsque l’élévation des satellites est basse par opposition quand l’élévation du satellite

est plus élevé.
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Figure 4: Erreur d’estimations de position dans le plan XY

La figure 4 compare les erreurs de position 2D entre l’estimation de position avec cor-

rection du biais NLOS et estimation de position en utilisant le C/No modèle de variance

(sans tenir compte LOS/NLOS réception). On peut voir que l’estimation avec correc-

tion de biais NLOS était généralement meilleur que l’estimation de position en utilisant

seulement le C/No modèle de variance. L’estimation avec correction du biais a été en

mesure de réduire les grandes erreurs qui existent dans l’estimation, plus que dans le cas

avec le modèle de la variance (autour de la 37ème, 66ème et 87ème échantillons) basée

sur le C/No.

La figure 5 montre la comparaison du biais mesurée contre le biais prédit pour les

satellites 5, 8 et 28. La comparaison montre que bien qu’il y ait une certaine similitude

dans les profils, les valeurs des biais sont très différents entre eux. Autres recherches

pourraient être poursuivie afin d’améliorer le prédiction de biais NLOS par le modèle 3D.

Malgré la différence entre leurs valeurs de biais, leurs performances de positionnement

dans le plan X-Y (figure 6) sont assez semblables en général. Cet effet est dû à la

projection des biais de distance dans le domaine de position qui est également influencée

par la géométrie de la constellation des satellites. La différence des biais de mesure

et prédits peut également être impacté par d’autres objets réels dans les environs du

récepteur qui ne sont pas pris en compte dans le modèle 3D (voiture et personnes de

passage, arbre, etc).

La capacité du modèle 3D pour prédire LOS/NLOS est encourageant en comparaison

avec d’autres indicateurs tels que C/No et l’angle d’élévation par satellite. D’autre

part, la capacité du modèle 3D à prédire le biais NLOS a été jugé modeste et non

concluante pour les données traitées, relativement de courte durée. Plus de recherches
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Figure 5: Comparaison des biais NLOS mesurés contre les biais prédits
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Figure 6: Les erreurs de position - biais NLOS mesurés contre le biais NLOS prédit
par SE-NAV

et des analyses sont nécessaires pour valider la qualité des prédictions par modèle 3D. De

même, quand les biais prédits ont été utilisés pour les corrections de PR dans l’estimation

de position, les résultats ont montré que les erreurs de positionnement sont généralement

presque similaires à celles calculées en utilisant la biais mesurée calculée à partir de la

trajectoire de référence. Même si la prédiction n’est pas parfaite, les incertitudes associé

sont absorbée par le filtre de Kalman et donc ce sont des informations utiles. Par

conséquent, en terme de la prédiction de biais, d’autres techniques d’exploiter mieux les

informations 3D doivent être développées.

Fiabilité de la mesure par prédiction de pseudodistances en utilisant

une approche hybride

Dans la deuxième partie de la thèse, nous avons proposé une technique de surveillance

de la fiabilité dans le domaine des mesures GNSS pour l’environnement urbain en util-

isant un capteur de vitesse fiable. L’approche prévoit les pseudodistances (PR) par

hybridation avec d’autres capteurs. Un odomètre et gyroscope sont utilisés pour obtenir

une position de référence pour la vérification de la fiabilité de la pseudodistance. En

utilisant l’approche hybride, les résidus sont générés pour former une statistique de test

qui est testée contre un seuil. Quelques formes de résidus ont été calculées sur la base

de plusieurs observables, qui sont la PR, la variation de la distance et la vitesse.
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Figure 7: Le schéma de principe du filtre de navigation hybride

GNSS/Odomèter/Gyroscope Intégration des mesures pour la prédiction des

PRs

Le filtre d’intégration de navigation à l’estime utilise un seul odomètre pour mesurer

le déplacement et un gyroscope pour mesurer la direction (i.e. le cap) du véhicule. La

figure 7 montre le filtre de navigation mis en œuvre dans cette recherche qui a une

configuration d’une fusion lâche du GPS, gyroscope et odomètre. Nous utilisons une

approche standard de navigation à l’estime pour prédire la position 2D du véhicule sur

la base des mesures obtenues à partir de l’odomètre et du gyroscope. En même temps,

l’EKF du GNSS fournit des corrections à la sortie du navigateur à l’estime et également

à l’entrée de lacet du gyroscope. Par conséquence, lorsque les signaux satellites sont

bons, ils vont corriger la sortie de navigateur à l’estime. Le positionnement hybride

dans ce travail est réalisé par la formulation suivante:

x̂user(k) = x̂user(k − 1) + Vodo. cos θ.dt+ ∆x (21)

ŷuser(k) = ŷuser(k − 1) + Vodo. sin θ.dt+ ∆y (22)

θ(k) = θ(k − 1) + gyro.dt− bgyro.dt (23)

où:

• x̂user(k) est la position de l’utilisateur dans les coordonnées x

• ŷuser(k) est la position de l’utilisateur dans les coordonnées y

• Vodo est la vitesse linéaire mesurée par l’odomètre

• θ(k) est l’angle du cap

• gyro est la vitesse angulaire du cap fournie par la gyroscope

• bgyro est le biais estimé de la vitesse angulaire du cap de la gyroscope

• ∆x est la correction de la position estimée de coordonnée x

• ∆y est la correction de la position estimée de coordonnée y
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Le vecteur d’état d’erreur mis en œuvre pour la EKF dans ce travail est:

x =



δx

δy

δθ

bgyro

bc

dc


(24)

où

• δx : erreur de position sur l’axe des x

• δy : erreur de position sue l’axe des y

• δθ : erreur du cap

• bgyro : biais du gyroscope

• bc : biais d’horloge récepteur GNSS

• dc : dérive de l’horloge récepteur GNSS

La matrice de transition d’état, F, est donnée par:

F =



1 0 Vodo. cos(θ)dt 0 0 0

0 1 −Vodo. sin(θ)dt 0 0 0

0 0 1 −dt 0 0

0 0 0 1 0 0

0 0 0 0 1 dt

0 0 0 0 0 1


(25)

L’odomètre utilisé dans les expériences de ce travail est le capteur iMWS-V2 de iMAR,

qui est un capteur de roue montée sur le véhicule de l’ISAE sur une bande magnétique.

Pour obtenir l’angle du cap, le gyroscope iMAR de la contrôle IMU-FSAS a été utilisée.

Les signaux GPS sont mesurés à l’aide d’un récepteur u-blox LEA-4T. Les données de

référence, le long de la trajectoire, sont fourni par un système NovAtel SPAN.

Le résultat de la figure 8 montre que la vitesse mesurée par l’odomètre a une ressemblance

très proche de la vitesse de référence avec un coefficient de corrélation de 0,987. Cette

très forte corrélation indique que l’odomètre peut être un bon capteur de référence.

Cependant, il existe certaines zones mortes pour la sortie de l’odomètre, soit lorsque

la vitesse du véhicule est faible, l’odomètre ne délivre pas une information de vitesse

valide.
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Figure 8: Comparaison de la vitesse odomètre avec une vitesse de référence

Métriques de fiabilité

Trois formes de résidus (PR, de vitesse et de taux de distance) ont été pris en compte

afin d’analyser leur capacité à surveiller la fiabilité des mesures qui sont utilisées pour

calculer les solutions PVT.

a. Test de fiabilité des pseudodistances GNSS. L’objectif de cette approche

consiste à utiliser un capteur d’aide d’une manière tel que la relation de la mesure du

capteur de référence pour le positionnement par GNSS peut fournir une procédée de

contrôle de la fiabilité. L’algorithme que nous avons utilisé est basé sur les résidus de

pseudodistances qui est la différence entre la mesure et la pseudodistance prédite. À

chaque instant k et pour chaque satellite i, le résidu de PR est:

ri(k) = PRimeasured(k)− PRipredict(k) (26)

Les PR prédites sont calculées à partir des positions des satellites, Xsat et les positions

estimées de l’utilisateur, X̂user

PRipredict(k) = |Xsat − X̂user|+ c∆t(k) (27)

où c∆t est le biais d’horloge. Pour calculer le PRipredict(k), les valeurs de X̂user sont

calculés en utilisant des mesures hybrides à partir d’un odomètre, un gyroscope, et

toutes les PR qui sont disponibles à l’instant k (à l’exception du PRimeasured(k) qui est à

tester). Ainsi, le PRipredict(k) est prédite sans l’influence de PRimeasured(k). Si aucun des

signaux satellites sont disponibles, la PR est estimée à la base des capteurs de navigation

à l’estime seulement.
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La formulation globale du résidu est donc donnée par,

ri(k) = |yi(k)−(

√
[(Xi

sat(k)− X̂user(k))2 + (Y i
sat(k)− Ŷuser(k))2 + (Zisat(k)− Ẑuser(k))2]+c∆t(k))|

(28)

où:

• yi(k) est la pseudodistance mesurée à partir de satellite i à l’instant k

• c∆t(k) est le biais d’horloge. Il est ici dans l’équation de souligner que ce biais

existe encore dans la pseudo-distance prédite

• X̂user(k), Ŷuser(k), Ẑuser(k) sont des positions d’utilisateur dans le cadre de ECEF

à chaque période de temps

Afin d’identifier les pseudodistances défectueuses, une statistique de test T , est com-

parée à une valeur de seuil pour rejeter ou accepter la PRimeasured(k). Pour calculer la

statistique de test pour chaque PR, une métrique de chi-deux pondérée est utilisée:

T = rt.Z−1.r (29)

où r est le résidu de la PR caracterisé par sa variance:

Z = cov(r) = var(PRimeasured) + var(PRipredict) (30)

La variance de PRimeasured peut être déterminée à partir du modèle de variance qui est

principalement liée à son C/No ou l’angle d’élévation [12]. Ici, le modèle SIGMA-ε [9]

est utilisé.

D’autre part, la variance de la PRipredict peut être obtenue avec la norme euclidienne du

vecteur de ligne de vue et de la loi de propagation de l’erreur [13]:

var(PRipredict(k)) = esat,user(k).Puser(k).etsat,user(k) (31)

où:

esat,user(k) =
xisat(k)− x̂user(k)

‖xisat(k)− x̂user(k)‖
(32)

Puser(k) =


σ2x σxy σxz

σyx σ2y σyz

σzx σzy σ2z

 (33)

Pour la matrice de covariance de la position de l’utilisateur Puser(k), on suppose la non-

corrélation entre x, y et z, seuls les éléments diagonaux ont un intérêt ici. En outre, étant
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donné que le positionnement est en 2D, σ2z peut être mis à zéro. La matrice Puser(k)

n’est pas accessible directement à partir du navigateur hybride utilisé dans ce projet.

Cependant, les variances σ2x et σ2y peut être calculées en utilisant la règle de combinaison

de la variance et de la loi de propagation de la variance. Une fois σ2x et σ2y sont calculées,

la cov(r) peut être déterminée par la mise en œuvre des équations 30, 31, 32 et 33. Le

seuil est fixé par le niveau de confiance appliqué à la distribution de chi-deux avec 1

degré de liberté, rt.Z−1.r ∼ χ2
1.

Figures 9 et 10 montrent les courbes qui comparent les résidus des PR calculées (tracées

en rouge) contre les erreurs réelles de distance des satellites (tracées en bleu). La per-

formance du résidu de PR varie pour différents satellites en fonction de la précision de

la position estimée par rapport à la position du récepteur réel. La figure ?? indique

le nombre de satellites visibles (bleu) contre le nombre de satellites ”non-défectueux”

(rouges) après la mise en œuvre du procédé de détection de défaut et d’identification.

Dans cette expérience, le seuil est fixé à 2,706 ( 99% de niveau de confiance). Le résultat

montre que dans une partie de la trajectoire, les satellites non-défectueux ont été réduits

à 4 ou même moins. Dans ce cas, l’algorithme RAIM traditionnelle ne peut être mise

en œuvre car il a besoin d’au moins 5 satellites visibles. Ensuite, la figure 12(a) montre

l’erreur de position 2D avant (vert) et après (rouge) l’exclusion des mesures défectueuses

en utilisant un filtre hybride GPS/odomètre/gyroscope tandis que la figure 12(b) est le

résultat de l’utilisation de seulement GPS pour le positionnement. Le résultat montre

que le filtre hybride GPS/odomètre/gyroscope améliore le positionnement. En outre, la

détection de défaut et l’exclusion (FDE) pour véhicule terrestre en milieu urbain peuvent

être effectuées mieux quand l’odomètre et gyroscope est hybridé avec le GPS par rapport

au cas du GPS seul. Figure 13(a) montre le résultat de la détection d’erreur de PR,

l’identification et l’adaptation (DIA) qui a été mis en œuvre sur le navigateur hybride

à l’aide du contrôle de l’intégrité de la mesure (la technique proposée dans cette thèse).

L’ adaptation a été réalisée en remplaçant les PR défectueuses identifiées avec leurs PR

prédites. En d’autres termes, les PR défectueuses ont été corrigées. D’autre part, la

figure 13(b) montre que cette approche de la correction d’erreur de PR ne pourrait être

atteint que lorsque le signal GPS a été utilisé dans le positionnement sans l’intégration

de l’odomètre et du gyroscope.

b. Test de fiabilité de la vitesse de l’utilisateur. Avec la vitesse de satellite

connue, la vitesse de l’utilisateur peut être déterminée à partir des mesures Doppler

selon l’équation suivante,

D = −L1

c
[esat,user.(Vuser − Vsat) + dt] + ε (34)

où:
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Figure 9: Comparaison des résidus de PR contre l’erreurs de pseudo-distance par
satellite (predites en utilisant les références)
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Figure 10: Comparaison des résidus de PR contre l’erreurs de pseudo-distance par
satellite (predites en utilisant les références)
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Figure 11: Comparaison du nombre de satellites visibles par rapport au nombre de
satellites non-défectueux

• D est la mesure de l’effet Doppler en Hz

• L1 est la fréquence de la porteuse

• c est la vitesse de la lumière

• esat,user est la vecteur unité de la ligne de vue entre le satellite et le récepteur

• Vuser est le vecteur de vitesse de l’utilisateur

• Vsat est le vecteur de vitesse du satellite

• dt est la dérive d’horloge du récepteur

• ε est le bruit de mesure

On peut envisager de tester la position estimée en générant un résidu, rV en utilisant la

différence entre la vitesse de l’utilisateur et la vitesse prédite.

rV = |Vuser − Vpredict| (35)

Dans cette thèse, nous proposons de calculer la vitesse prédite à partir de Vodo. La

vitesse de l’utilisateur, Vuser est déterminée à partir des données GPS. Par conséquent,
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Figure 12: Comparaison d’erreur de position après l’exclusion de défaut (a)filtre
hybride avec exclusion (b)GPS seulement

ici, Vodo est totalement un capteur de référence externe et ne contribue pas à la solution

de positionnement. Par conséquent, le résidu de vitesse est défini par,

rV = |VGPS − Vodo| (36)

La figure 14 montre la performance du test du résidu de vitesse. Comme on peut le

voir dans la courbe, il est difficile d’établir une relation directe entre le résidu de vitesse

(bleu) et l’erreur de position (rouge). Autres recherches et analyses sont nécessaires afin

de l’utiliser pour le contrôle d’intégrité.

c. Test de fiabilité en utilisant le taux de la distance.

L’équation du taux de la distance est donnée par

ρ̇ = − c

L1
D = esat,user.(Vuser − Vsat) + dt + ε (37)

= ṙ + dt + ε

où:
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Figure 13: Comparaison d’erreur de position après correction de défaut (a)filtre hy-
bride avec correction (b)GPS seulement

Figure 14: Comparaison du résidu de vitesse (bleu) contre l’erreur de position 2D
(rouge)
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• ρ̇ est le taux de variation de la pseudodistance

• ṙ est le taux de la distance géométrique entre le récepteur et le satellite

Le résidu p, est calculé en utilisant les valeurs prédites et mesurées de ρ̇,

p = |ρ̇measured − ρ̇predict| (38)

où:

ρ̇measured =
PR(k)− PR(k − 1)

dt
(39)

et

ρ̇predict = esat,user.Vuser(k)− esat,user.Vsat(k) + dt (40)

où la Vsat(k) est calculée à partir des données d’éphémérides et Vuser(k) obtenue à

partir du filtre de Kalman en fonction de Vodo et l’angle de cap θ. La statistique de test,

T = pt.Z−1.p est utilisée pour ce résidu. Ici, la covariance, Z, est déterminée a priori à

partir des données observées.

Figure 15 montre le résultat de la mise en œuvre l’un FDE fondée sur des résidus du

taux de distance. Comme le résidu de la PR , l’erreur de positionnement peut également

être améliorée en utilisant la FDE basée sur les résidus du taux de distance.

Les résultats de ces différents modes pour la réalisation de test des résidus suggèrent

que le résidu basé sur les PR a l’avantage d’effectuer le contrôle d’intégrité dans le

domaine de distance même si quand il y a moins de 5 satellites disponibles. Cepen-

dant, pour les applications de l’utilisateur qui nécessitent la surveillance de la vitesse,

le résidu basé sur la vitesse semble être plus approprié. Bien sûr, il y a une possi-

bilité de les combiner comme multi-indicateurs pour surveiller la fiabilité du récepteur.

Toutefois, d’autres études sont nécessaires pour déterminer la performance de chaque

test des résidus pour les environnements environnants et les comportements dynamiques

de l’utilisateur. Cette connaissance est cruciale pour le développement d’un algorithme

approprié pour le récepteur de décider à partir de plusieurs indicateurs, en particulier

chaque fois qu’il y a une certaine contradiction entre eux.

La confiance du positionnement GNSS dans des environnements urbains

en utilisant la majoration de la CDF des HPE

Enfin, nous avons développé une nouvelle approche expérimentale de surveillance de

l’intgrité pour le positionnement en milieu urbain. En travaillant directement dans le

domaine de la position, des erreurs de position horizontale (HPE) sont caractérisées en
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Figure 15: Erreur de position après correction de défaut en utilisant le résidu de taux
de la distance

utilisant la distribution de Pareto généralisée. Puis, une statistique de test est dérivée

basée sur les résidus de position (plutôt que des résidus de pseudodistance) où son

CDF est estimée et gonflée pour correspondre à la CDF des erreurs liés à la position

caractérisée. En surveillant de la statistique de test contre un seuil spécifique, l’intégrité

et la continuité de positionnement sont remplies à un certain niveau de confiance. En

outre, le calcul du niveau de protection horizontale (HPL) en utilisant une approche

composite a également été proposée.

La caractérisation de l’erreur de position

Dans ce travail, la caractérisation de l’erreur de position du récepteur en utilisant la

distribution de HPE est obtenue à partir de l’erreur de position sur les composantes nord

et est. Les erreurs sont calculées sur la base de la différence entre les positions mesurées

et les positions référencées. Puisque l’erreur horizontale 2D a deux composantes nord et

est, la HPE peut être représentée comme une erreur radiale, définie par:

HPE =
√
E2
east + E2

north (41)

Dans les environnements degagés, en général, les erreurs de pseudodistance mesurées

ont tendance à être distribués selon une loi normale. Dans l’estimation de la posi-

tion du récepteur en utilisant les PR mesurées, ces erreurs gaussiennes de PR sont

combinées et propagées au domaine de la position par l’intermédiaire qui est la matrice

d’estimation linéaire pour former des erreurs avec une distribution gaussienne ègalement.

Autrement dit l’Eest et l’Enord ont tendance à avoir une distribution gaussienne aussi.

Théoriquement, en supposant des conditions idéales où les distributions de Eest et Enord
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Figure 16: PDF et CDF d’HPE dans la zone degagée

sont aussi de moyenne nulle et indépendante, la distribution de leur norme, qui est

l’HPE, aurait une distribution de Rayleigh. Selon cette hypothèse, le PDF et CDF

de l’HPE sont calculées en utilisant les données empiriques et tracées dans la figure

16. Les résultats de ces expériences indiquent que la distribution de HPE dans des

environnements degagés peut être représentée par une distribution de Rayleigh.

Dans le cas de milieux urbains, il a été montré que les distributions des erreurs de

PR peuvent être non gaussienne en raison des biais multi-trajets et NLOS du signal.

Pour cette raison, l’ajustement de courbe pour l’HPE en milieu urbain est réalisé en

utilisant la distribution de Pareto. En général, cette distribution est adaptée pour les

distributions à queue lourde, comme c’est le cas de l’erreur de positionnement en milieu

urbain où on trouve des large valeurs d’erreurs avec une faible probabilité. La CDF de

la distribution de Pareto généralisée est égale à:

F (x) =

{
1− (1 + ξ(x−µ)

σ )
−1
ξ pour ξ 6= 0

1− exp(−x−µ
σ ) pour ξ = 0

(42)

La figure 17 montre la PDF de l’HPE d’un récepteur uBlox 4T dans un environnement

urbain. La comparaison entre la PDF d’HPE et un tracé de distribution de Rayleigh

(figure de gauche) montre que les deux distributions sont différentes significativement.

Par contre, la comparaison avec la distribution de Pareto généralisé (figure de droite)

montre un meilleur ajustement avec la queue lourde. Dans la figure 18, le tracé de CDF

montre également que la GPD correspond mieux que la Rayleigh à la CDF d’HPE. Dans

ce travail, les résultats analysées à partir des données des trois récepteurs différents

(uBlox 4T, Novatel, et uBlox 6T) indiquent que la distribution de Pareto généralisée est

mieux adapté pour modéliser les distributions d’HPE en milieu urbain.
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Figure 17: Comparaison de PDF en milieu urbain

Figure 18: CDF en milieu urbain

La majoration de CDF d’HPE par Pareto généralisée dans le domaine de

position directe

La CDF d’une GPD a la forme suivante:

CDFGPD = 1− [1 + ξ(
x− µ
σ

)]
−1
ξ for x > µ (43)

où le paramètre d’échelle σ agit sur la taille et la pente de la distribution, le paramètre

de forme ξ affecte la forme de la queue de la distribution et le paramètre de localisation

µ est associ’ee à la valeur de x lorsque le CDF = 0.
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Figure 19: La majoration de l’HPE par GPD

Une fois que la CDF Pareto généralisée borne la CDF de l’HPE, le niveau de protection

horizontale (HPL) peut être calculé à partir de son inverse, de la manière suivante:

CDFGPD = 1− [1 + ξ(
x− µ
σ

)]
−1
ξ = Prob(erreur de position 6 x) (44)

Soit Rp le PL d’erreur sur la position. Assimillons la CDF à la probabilité de l’intgrité

PB,

1− [1 + ξ(
Rp − µ
σ

)]
−1
ξ = (1− PHMI) = PB (45)

Pour obtenir le HPL, on résout les équations d’inconnue Rp,

[1 + ξ(
Rp − µ
σ

)]
−1
ξ = 1− PB

−1

ξ
ln[1 + ξ(

Rp − µ
σ

)] = ln(1− PB)

ln[1 + ξ(
Rp − µ
σ

)] = −ξln(1− PB)

[1 + ξ(
Rp − µ
σ

)] = (1− PB)−ξ

ξ(
Rp − µ
σ

) = (1− PB)−ξ − 1

Ainsi,

HPL = Rp =
σ

ξ
[(1− PB)−ξ − 1] + µ (46)

La figure 19 montre la majoration de l’HPE par la CDF de Pareto généralisée dans le

cas du récepteur uBlox 4T. Dans ce cas, l’HPL de l’intégrité à 90 % est de 15 mètres

(HPE à 12 mètres) et l’intgrité à 95 % est de 20 mètres (HPE à 15 mètres).
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Contrôle d’intégrité de positionement en milieu urbain

La vraie valeur de l’erreur sur la position n’est pas connue en temps réel. Par conséquent,

pour le contrôle de l’intégrité de position, un test statistique est utilisé et ce test doit

être calculé en utilisant des mesures observables. Dans ce travail, l’intégrité des positions

estimées dans les milieux urbains est surveillé en fonction de le résiduel gonflé de la

position horizontale. Le résiduel de la position horizontale observé est calculé en utilisant

une estimation des moindres carrés (LS), puis gonflé pour correspondre à la borne d’HPE

qui est caractérisé a priori par la GPD CDF. De cette façon, la statistique du test est en

mesure pour représenter la limite de l’HPE. L’appriement de l’espace résiduel de position

avec l’espace de délimitation d’erreur de position peut être décrite par le principe de

transformation variable aléatoire.

a. Calcul du résidu de la position horizontale. Le vecteur des résidus de la

position, δx̂ est calculé en utilisant l’estimation des moindres carrés. Nous considérons

le modèle de pseudodistance linéaire suivant:

∆Y = H.∆X + E (47)

Pour l’estimation des moindres carrés,

∆X̂ = G.∆Y (48)

où

• G = (HTH)THT

• ∆X̂ est la position estimée

• ∆Y est les PR mesurées

Le résidu de la PR est:

δρ = ∆Y −H∆X̂ (49)

Par conséquent, le rèsidu de la position est:

δx̂ = G.δρ (50)

Ensuite, le résidu de position horizontale, HPEδx̂ est obtenu en caculant la norme de la

δx̂ dans les directions nord et est:

HPEδx̂ =
√
δx̂2east + δx̂2north (51)
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b. Calcul des paramètres d’inflation. En assimilant la CDF d’HPEδx̂, qui est

désigné comme HPER, à la distribution de Pareto genéralisée, nous avons les équations,

HPER =
σ

ξ
[(1− PB)−ξ − 1] + µ (52)

HPER =
σ

ξ
[(PHMI)

−ξ − 1] + µ (53)

Les paramètres de HPER: σ, ξ et µ sont déterminés à partir de l’ajustement de courbe

des données empiriques de la même trajectoire que l’HPE ont été calculés.

Afin de calculer les paramètres de l’inflation, les paramètres du résidu de CDF de la

position horizontale, HPER, est adaptée aux paramètres de CDF prédéterminés qui

délimitent l’HPE qui ont été calculées hors ligne.

La GPD CDF qui borne l’erreur de position horizontale caractérisé qui est utilisé pour

le calcul de l’HPL est,

HPL =
σo
ξo

[(PHMI)
−ξo − 1] + µo (54)

Ensuite, ce que l’on souhaite: Inflated HPER = HPL

Alors nous laissons,

Aσ = σo, Bξ = ξo, µ+ C = µo

En conséquence,

Inflated HPER =
σ.A

ξ.B
[(PHMI)

−ξ.B − 1] + µ+ C (55)

et les paramètres de l’inflation sont:

A =
σo
σ
, B =

ξo
ξ
, C = µo − µ (56)

c. Dérivation du test statistique. Pour le contrôle de l’intégrité de position, le test

statistique est calculé en fonction de l’HPEδx̂:

Inflated HPER =
σ.A

ξ.B
[PHMI)

−ξ.B − 1] + µ+ C (57)
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En réorganisant et en substituant l’équation,

Inflated HPER − (µ+ C) =
σ.A

ξ.B
[(PHMI)

−ξ.B − 1]

Inflated HPER − (µ+ C) =
σ

ξ
[(1− PB)−ξ.B − 1]

A

B
[
(PHMI)

−ξ.B − 1

(PHMI)−ξ − 1
]

Inflated HPER − (µ+ C) = (HPER − µ)
A

B
[
(PHMI)

−ξ.B − 1

(PHMI)−ξ − 1
]

Inflated HPER = (HPER − µ)
A

B
[
(PHMI)

−ξ.B − 1

(PHMI)−ξ − 1
] + µ+ C (58)

Par conséquent

Test Statistique = (HPEδx̂ − µ)
A

B
[
(PHMI)

−ξ.B − 1

(PHMI)−ξ − 1
] + µ+ C (59)

Test Statistique = Inflated HPEδx̂

Une fois que les paramètres d’inflation A, B et C sont déterminés, l’intégrité de posi-

tionnement peut être surveillée en calculant le test statistique et en le comparant contre

du seuil. Dans cette approche, la distribution observée est adaptée à la borne d’HPL.

En conséquence, contrairement à la RAIM traditionnelle, la distribution des statistiques

de test est gonflé pour assurer que l’HPE a le même majoration comme l’HPL.

Chaque figure 20, 21, 22 et 23 montre les courbes de la CDF d’HPE (rouge solide), la

CDF de sa délimitation (pointillé rouge), la CDF du résidu de la position (bleu solide)

et la CDF du résidu gonflé de la position (en pointillés bleu) pour chaque trajectoire

1, 2, 3 et 4. En général, on peut voir sur chaque figure que la CDF du résidu gonflé

est en mesure de borner la CDF d’HPE. Cependant, en terme de correspondance avec

la délimitation de CDF du GPD, les trajectoires 1 et 2 ont performé mieux que les

trajectoires 3 et 4.

Le tableau 3 montre l’PFA et l’PMD calculées lorsque la statistique de test a été utilisé

pour surveiller l’intégrité de positionnement le long des quarte trajectoires. Aux fins

de la comparaison, les probabilités d’erreur ont été calculées également en utilisant le

résidu de la position (sans inflation), HPEδx̂ comme la statistique de test. La PHMI a

été fixé à 0,05.

Ces résultats montrent que l’exigence d’intégrité est respectée et la statistique de test

proposée est en mesure d’équilibrer entre la PFA et la PMD et donc d’optimiser la surveil-

lance de l’intégrité et la continuité de positionnement en milieux urbains. La technique

proposée est capable de surveiller l’intégrité de positionnement. Cependant, puisque ce

régime a adopté l’approche directe de domaine de position, il ne peut pas identifier les

mesures erronées. D’autre part, cette approche est capable de surveiller l’intégrité de
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Figure 20: Résultat de la correspondance de la position résiduelle gonflée à l’CDF
majorée (Trajectoire 1)

Figure 21: Résultat de la correspondance de la position résiduelle gonflée à l’CDF
majorée (Trajectoire 2)

Table 3: Performances de surveillance de l’intégrité de positionnement
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Figure 22: Résultat de la correspondance de la position résiduelle gonflée à l’CDF
majorée (Trajectoire 3)

Figure 23: Résultat de la correspondance de la position résiduelle gonflée à l’CDF
majorée (Trajectoire 4)

tout type de récepteur sans la nécessité de connâıtre les algorithmes d’estimation de

positionnement tant que nous avons l’erreur de position caractérisé du rècepteur.

L’approche composite pour la surveillance de l’intégrité

Dans l’approche composite, le PL peut être formulé comme une somme de composante

de bruit, PLn, plus une composante de biais, PLb [14–17]:

PL = PLn + PLb (60)
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Dans le domaine d’aviation civile, les sources et les effets du biais spécifiques ont été

considérés et bien modélisés. Par contre, dans les milieux urbains, les biais sont prin-

cipalement à cause de NLOS et multi-trajets réceptions qui sont difficiles à modéliser,

donc il est très difficile d’arriver à une expression pour le PLb.

Afin de mettre en œuvre l’approche composite pour surveillance de l’intégrité de la

position en milieu urbain, l’HPE besoin d’être décomposé en la composante de biais et en

la composante de bruit gaussien et ensuite à caractériser. À cet effet, dans ce travail, nous

choisissons le modèle autorégressif (AR) pour estimer le séries chronologiques de l’HPE,

car il est convenable et assez simple pour décomposer les erreurs dans les components

du bruit et du biais.

HPE = AR(p) + ε (61)

Le 1er ordre AR(1) peut être écrite comme:

xt = φxt−1 + εt (62)

où εt N(0, σ2)

Pour l’ordre p, le AR(p) est donné par:

xt = φ1xt−1 + φ2xt−2 + · · ·+ φpxt−p + εt (63)

En réarrangeant l’équation,

εt = xt − φ1xt−1 − φ2xt−2 − · · · − φpxt−p (64)

Par conséquent, on peut voir que ce modèle décompose l’erreur en une composante

de bruit gaussien εt et d’autres composantes régressives qui peut être le représentant de

biais. Dans ce travail, la 4ème ordre AR est utilisé et la méthode de Burg est choisie parce

qu’elle produit toujours des modèles causaux et elle fournit la probabilité de gaussienne

plus forte et plus souvent que la méthode de Yule-Walker [18].

Dans la prochaine étape, le bruit est séparé du biais de sorte qu’ils peuvent être car-

actérisés séparément. Cela peut être fait par filtration de la série chronologique. La

fonction de transfert de filtre dans la transformée en z est donnée par:

Y (z) = (1− φ1z−1 − · · · − φpz−p)X(z) (65)

où Y (z) est la la transformée en z de εt. Etant donné que εt est supposé être un bruit

gaussien de moyenne nulle, il peut être caractérisé par sa variance, σ2ε .
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Figure 24: le bruit et le biais décomposés de l’HPE du récepteur uBlox

Figure 25: Diagramme Q-Q de l’HPE de récepteur uBlox, le bruit et le biais
décomposés

Une fois le εt est obtenu, le biast est calculé par:

biast = HPEt − εt (66)

Les résultats de la décomposition de l’HPE dans les composantes de bruit et de biais

sont tracées dans les figures 24 et 25 pour le récepteur uBlox, les figures 26 et 27 pour le

récepteur Novatel et les figures 28 et 29 pour le récepteur Septentrio. Comme indiqué

dans les diagrammes Q-Q, le bruit extrait semble suivre la distribution gaussienne mais

avec des queues lourdes. Le quantile à laquelle la queue commencent à devenir lourdes

diffère entre les récepteurs. Ces situations indiquent que l’approche de modèle AR

utilisée dans ce travail pour extraire le bruit gaussien d’HPE n’est pas efficace pour

supprimer totalement la queue lourde et extraire uniquement un bruit blanc gaussien

de l’HPE. Cependant, même si il y a certains éléments de queues lourdes, l’utilité de

cette technique dépend de l’AL, le seuil et la PHMI qui sont requis pour les applications

visées.
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Figure 26: le bruit et le biais décomposés de l’HPE du récepteur Novatel

Figure 27: Diagramme Q-Q de l’HPE de récepteur Novatel, le bruit et le biais
décomposés

Figure 28: le bruit et le biais décomposés de l’HPE du récepteur Septentrio
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Figure 29: Diagramme Q-Q de l’HPE de récepteur Septentrio, le bruit et le biais
décomposés

Contrairement à l’environnement à ciel ouvert, un biais dans les environnements ur-

bains sont principalement dues à les réceptions multi-trajets et NLOS qui font leur

modélisation déterministe d’être très complexe. Ainsi, dans ce travail, la délimitation

de la biais a été fait en utilisant l’approche statistique où la distribution de biais est

délimitée par une distribution gaussienne. En tant que tel, la distribution de délimitation

de biais peut être caractérisée comme [17]:

HPEbias = µb + σb
√

2erf−1(2Pb − 1) (67)

où Pb est la probabilité d’intégrité. En une notation simplifiée,

HPEbias = µb + σbKH (68)

Les valeurs de µb et σb sont obtenus a priori en ajustant la courbe de la borne de CDF

empirique (ECDF) du biais d’HPE.

Comme cela a été établi, il est l’HPL qui est utilisé pour surveiller l’intégrité de position-

nement. Pour l’approche composite, l’HPL doit être calculé pour les deux la composante

de biais et la composante de bruit.

a. HPL pour la composante de bruit. Contrairement aux systèmes d’augmentation

tels que SBAS et GBAS, positionnement de véhicule terrestre en milieu urbain n’a pas de

références. Ainsi la variance du bruit qui est utilisée pour le calcul de l’HPL est obtenue

à partir du modèle de la variance de PR. Dans ce travail, le modèle de la variance du

CNo-élévation de PR [19] est adopté:

σ2i = k × 10(−0.1×CNomeasured)

sin2(θi)
(69)

où k égale 1 pour le signal LOS et il change pour le signal NLOS.
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Dans la mise en œuvre, il existe certains éléments d’incertitude car l’estimation de la

distribution du bruit de l’HPE n’est pas parfait et σp est obtenu à partir d’un modèle

de variance de PR qui est différente de la σε du bruit d’HPE estimé. Par conséquent,

le sigma doit être gonflé pour compenser ces incertitudes et de veiller à ce que le bruit

d’HPL délimite le bruit d’HPE.

Dans ce travail, l’inflation du bruit HPL est mis en œuvre dans le domaine de position

avec un facteur d’inflation A tel que:

HPLnoiseinflated = A.KHσp (70)

Pour estimer l’A, nous égalons l’HPLnoiseinflated à la distribution de délimitation de

εt de sorte que:

A.KHσp = KHσε (71)

et donc

A =
σε
σp

(72)

où σε est l’écart-type du bruit de HPE et σp est l’écart-type de l’erreur de la position

prédite basé sur le modèle de la variance de PR.

b. HPL pour la composante du biais. L’HPL de biais est basé sur le résidu de

la position (qui est observable en temps réel) et ensuite gonflé/adapté statistiquement

afin de borner l’ECDF de biais d’HPE. L’adaptation de CDF est fait en utilisant des

paramètres de transformation de CDF similaire à l’approche de l’inflation sigma dans le

délimitation de CDF. La CDF du résidu de la position est:

HPEr = µr +KHσr (73)

En gonflant l’HPEr:

HPLbiasinflated = µr +B + C.KHσr (74)

En réorganisant et en substituant 73 en 74,

HPLbiasinflated = HPEr −KHσr +B + C.KHσr (75)

HPLbiasinflated = HPEr +B + (C − 1).KHσr (76)

Pour estimer les paramètres B et C, nous laissons

µr +B = µb
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Figure 30: Délimitation gonflé de CDF du bruit (Ublox)

et

C.KHσr = σbKH

où µb et σb sont des paramètres de 68. De ce fait,

B = µb − µr (77)

ce qui signifie que, la moyenne de HPLbiasinflated est réglé pour correspondre à la

moyenne de HPEbias, et

C =
σb
σr

(78)

ce qui signifie que, le sigma de HPLbiasinflated est gonflé pour correspondre au sigma

de HPEbias.

Les figures 30, 31 et 32 sont le tracé de l’HPL gonflé délimitant les CDF des bruits pour

les récepteurs uBlox, Novatel et Septentrio, respectivement. Dans les tracés, l’HPL

gonflé est représenté par une ligne pointillée bleue. La CDF initiale observée à partir

du modèle de la variance est représentée par la ligne bleue. La CDF de la distribution

de bruit est représentée en rouge solide alors que sa limite est tracée par une ligne rouge

pointillée. Dans tous les trois figures, on constate que l’HPL gonflé est en mesure de

borner la CDF de la distribution du bruit.

La délimitation des CDF des biais par l’HPL gonflé dans le cas des récepteurs uBlox,

Novatel et Septentrio sont présentées dans les figures 33, 34 et 35 respectivement. Parce

que l’HPE est défini comme une norme des erreurs 2D, les biais de l’HPE restent en

valeur positive. Par conséquent, la délimitation de biais ne concerne que le côté positif

de la CDF. Dans les figures 33, 34 et 35, après l’inflation, les distributions de biais
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Figure 31: Délimitation gonflé de CDF du bruit (Novatel)

Figure 32: Délimitation gonflé de CDF du bruit (Septentrio)

Figure 33: Délimitation gonflé de CDF du biais (Ublox)
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Figure 34: Délimitation gonflé de CDF du biais (Novatel)

Figure 35: Délimitation gonflé de CDF du biais (Septentrio)

sont respectivement limitées par leur HPL gonflés. Il est intéressant de noter que tandis

que le récepteur multi-constellation Septentrio a une meilleure précision dans des envi-

ronnements urbains, sa performance d’intgrité en raison de biais n’est pas très différent

que celui du récepteur uBlox. Au 90% de confiance, l’HPL gonflé pour Septentrio est

d’environ 19 mètres alors que pour le uBlox est d’environ 13 mètres. Par conséquent,

il montre que l’effet de biais dépend de l’environnement plutôt que la précision du

récepteur.

En obtenant la majoration de CDF d’HPE, l’approche directe de domaine de position

est en mesure de contourner les difficultés et la complexité de la modélisation des erreurs

de PR dans les milieux urbains que la majoration dans le domaine de la distance doit
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affronter. Cependant, il y a une limitation dans cette approche directe de domaine de

position en ce que chaque canal de satellite n’est pas surveillé.

D’autre part, si les biais multiples de la PR mesurée combinés avec la géométrie dans une

telle manière que les résidus de PR restent faibles, mais les erreurs de position devient

grande, il est l’approche de domaine de position qui pourrait détecter l’erreur et pas

dans la domaine de distance. En tant que tel, une combinaison de ces deux domaines de

la distance et de position peut être mise en œuvre en tant que le concept de surveillance

de l’intégrité multicouche.

En variante, des systèmes parallèles peuvent être mises en œvre où plusieurs estimations

de position sont calculées en même temps avec chacun ayant une de la PR exclu. De

cette façon, il est également possible d’identifier ce qui est la cause de la PR erreur

inacceptable dans le positionnement.

Une des questions pertinentes de majoration d’erreur dans le secteur de l’aviation est la

rareté des données observantes de la queue de la distribution d’erreur. Par conséquence,

les techniques d’extrapolation tels que la théorie des valeurs extrêmes a été mis en œuvre

pour faire face à le problème. Toutefois, cette question pourrait être détendit un peu dans

les applications terrestres considérant que toutes les applications ne nécessiteraient une

telle petite valeur de PHMI . Par exemple, un PHMI de 10−2 peut déjà être acceptable

pour certaines des applications terrestres.

En outre, cet exercice de caractériser les erreurs de position des récepteurs différents

en milieu urbain peut également bénéficier de l’effort de catégoriser et de certifier les

récepteurs. En ayant les caractéristiques de HPE des récepteurs, les récepteurs peuvent

être classés en différentes qualités de performance et cela doit permettre une sélection

correcte d’un récepteur approprié pour un certain type d’applications terrestres.

Conclusions et Perspectives

Cette thèse porte sur les défis en matière de contrôle de la fiabilité de la navigation par

GNSS pour les applications de véhicules terrestres dans les milieux urbains. L’objectif

principal de cette recherche est de développer des méthodes de positionnement avec

confiance en utilisant des mesures GNSS et d’autre mesures exterieurs pour l’utilisateur

dans des environnements urbains contraintes. Essentiellement, la confiance de position-

nement est identifiée avec la capacité de faire confiance à la position estimée.
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Dans la première partie de nos travaux de recherche, les erreurs NLOS dans les milieux

urbains sont caractérisés par l’aide d’un modèle 3D de l’entourage urbain. Dans un envi-

ronnement avec un nombre limité de satellites visibles, l’exclusion des signaux dégradés

pourrait aboutir à ne pas avoir assez de mesures acceptables pour une solution de position

ou de nuire à la géométrie des satellites. Par conséquent, si le signal dégradé peut être

identifié, et si son biais peut être estimé, le signal peut être corrigé et efficacement utilisé

pour le positionnement. A cet effet, un simulateur de GNSS est utilisé conjointement

avec le modèle 3D afin d’identifier les signaux NLOS et de prédire leurs biais. De cette

prédiction, les signaux NLOS sont corrigées et utilisées pour améliorer la précision et

l’intégrité des positions estimées. La capacité du modèle 3D à prédire l’état de réception

du signal soit dans LOS ou NLOS a été jugée encourageante. Néanmoins, en raison

des limites du modèle 3D en termes de la grande variabilité des facteurs géométriques

et la capacité de prédire le biais NLOS instantan a été jugé modeste et pas concluante

pour les données traitées. De même, quand les biais prédits ont été utilisées pour les

corrections de PR dans le filtre de Kalman d’estimation de la position, les résultats ont

montré que les erreurs de positionnement sont généralement presque similaires à celles

calculées en utilisant le biais calculé à partir de la trajectoire de référence.

Dans cette thèse, la deuxième partie du travail propose une technique de surveillance

de la fiabilité de les environnement urbain à l’aide d’un capteur de vitesse de confiance.

L’approche prend une prédiction de pseudodistances déduites en utilisant l’hybridation

avec d’autres capteurs pour maintenir la continuité de positionnement, même dans la

situation de la réduction du nombre de satellites visibles. Un odomètre et un gyroscope

sont utilisés comme des capteurs de DR qui sont couplés avec le récepteur GNSS pour

obtenir une position de référence pour le contrôle de la fiabilité de la pseudodistance

GNSS. En utilisant l’approche hybride, les résidus sont générés pour formuler un test

statistique testé contre un seuil. Quelques formes de résidus ont été obtenues sur la base

de plusieurs observables, à savoir le PR, le taux de la distance et la vitesse. Pour la

vitesse résiduelle, l’odomètre a été étudié en tant que capteur de référence. Le résultat

de la représentation résiduelle de la PR sur les erreurs varie d’un satellite à un autre.

Le résiduel a une bonne représentation pour les satellites avec grande valeur de défaut.

Puisque dans un tel cas, les résidus de PR ont été en mesure de détecter les erreurs de

mesure avant qu’ils ne soient acceptés comme mesures valides pour le positionnement.

En ce sens, le résiduel de PR peut être utilisé comme la première couche dans les couches

multiples de métrique de surveillance de la fiabilité. Potentiel similaire a également

été mise en évidence par la technique FDE qui est basé sur le résiduel de taux de la

distance. Cependant, son inconvénient dans ce travail par rapport à l’approche basée

sur PR résiduelle est qu’il ne peut pas être mis en œuvre pour corriger ou remplacer

la mesure défectueuse. D’autre part, nous avons constaté qu’il est très difficile de lier
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le résiduel de vitesse à l’erreur de positionnement. Au contraire, il serait utile pour la

détection d’erreur de vitesse. Nous avons examiné le modèle 3D et d’autres capteurs

parce que nous sommes convaincus que dans des environnements difficiles, la surveillance

de l’intgrité a besoin d’informations supplémentaires autres que du GNSS.

La recherche dans cette thèse a également conduit au développement d’une nouvelle

expérimentale de surveillance d’intégrité pour le positionnement dans les environnements

urbains. Travailler directement dans le domaine de position, les distributions d’erreurs

de position horizontale (HPE) sont caractérisés par la distribution de Pareto généralisée.

Puis, une statistique de test est dérivée basée sur les résidus de position (plutôt que des

résidus de pseudodistance) qui CDF sont adaptés ou gonflés pour correspondre à la

majoration de CDF d’erreur de position caractérisée. En surveillant la statistique de

test contre un seuil spécifique, l’intgrité et la continuité de positionnement sont remplies

à un certain niveau de confiance. Les résultats à l’aide de données recueillies dans les

zones du centre-ville de Toulouse montrent que la technique est assez prometteuse.

La méthode est ensuite étendue à calculer de manière autonome le niveau de protection

horizontale (HPL) en milieu urbain à l’aide d’une approche composite. La décomposition

des distributions HPE dans ses composantes de bruit et de biais a été mis en œuvre

avec un filtre AR. En ciblant la simplicité et la mise en œuvre directe, la distribution

gaussienne est utilisé comme les limites CDF tant pour le bruit et les distributions de

biais. Alors que la question des queues lourdes a été confrontée dans cette approche,

son application est potentiellement plus élevée pour les récepteurs multi-constellation,

comme indiqué dans les résultats.

Plusieurs perspectives sont notables résultant des travaux de cette thèse. Parmi eux, les

suivants présentent un intérêt particulier:

– Pour utiliser des échantillons de mesure obtenus dans de diverses villes pour

l’analyse des performances. Avec ces données, une évaluation plus approfondie sur

la robustesse de la distribution de surdélimitation de Pareto généralisée comme

l’approche de l’intégrité de positionnement de surveillance en milieu urbain peut

être effectuée. Autres types de distributions qui peuvent prendre en compte la

queue lourde des erreurs peuvent être étudié pour caractériser les biais GNSS.

– Chercher une technique plus efficace pour extraire le bruit gaussien aléatoire de la

distribution HPE. Cela contribuera à une délimitation plus efficace du bruit dans

l’approche composite de HPL calcul pour les environnements urbains.

– Identifier et de développer des techniques qui peuvent combiner de manière op-

timale les méthodes heuristiques, des approches des domaines de mesures et des
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domaines de la position dans une métrique de surveillance de l’intégrité. Il pour-

rait être en couches multiples, à exécuter de manière séquentielle ou en parallèle,

ou de manière sélective en fonction des situations particulières.

– Pour étudier plus avant l’efficacité de la technique résiduelle de vitesse pour le suivi

d’applications de vitesse. Il pourrait être également intéressant de rechercher des

méthodes permettant de relier la vitesse résiduelle à la position de sorte qu’elle

peut être utilisée pour le contrôle du positionnement.

– Étudier l’utilisation des approches statistiques non-paramétriques pour modéliser

les erreurs soit dans le domaine de pseudo-distance ou dans le domaine de la

position.
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