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1981 1984 1986 1987 1988 1992

1981 Baccalauréat of Science

1981-1984 Schools preparing to «Gandes Ecoles» - Math option

1984-1987 ESIEA Electrical Engineering School

1986-1987 M. Sc. in Automatic and Signal Processing in Paris 11

1987-1988 Military Education and Training 

1988-1992
Ph.D. Thesis in Physic ONERA/Paris 6

(Signal Processing) : 
The Mellin Transform : A Tool for Broad-Band Signal Analysis

1992 Research Engineer in l’ONERA

Education Background
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1992 1997 08 10 11

1992-1997 Research Engineer in the  Future Radars Unit of the Radar Systems 
Division in the Direction of the Synthesis Studies in ONERA

1997-2011 Research Engineer in the Signal Processing Unit in the 
Electromagnetism and Radar Department (DEMR) in ONERA

since 2008 Attached Scientist (40%) in SONDRA Lab in Supelec :
Responsible of Signal Processing activities 

2010

One Year Attached Scientist (DGA grant) 
in DSO National Laboratories in Singapore

Robust Estimation Methods in Compound Gaussian Processes. 
Application to Radar

Professional Background

8

Personal Background
Thematics and Research Works 

Synthesis of Research Activities
Perspectives



/ 41 Jean-Philippe Ovarlez, HDR, Orsay, 14/02/2011

 Radar Imaging, SAR and ISAR

 New Radar Concepts (ex : ROMULUS)

 Analysis and Clutter Modelling

 Detection and Estimation (ex : MODEM)

 Radar and SAR Simulators

9

Main Axes of Contractual 
Studies in ONERA

Personal Background
Thematics and Research Works 

Synthesis of Research Activities
Perspectives

Contractual Activities

Researches Experimental Data

Test beds
ROMULUS

Radars Orbitaux 
MULtisatellites

à Usage de Surveillance

MODEM
MOdélisation de la 

DEtectabilité des Missiles

J
e

a
n

-P
h

ili
p

p
e

 O
V

A
R

L
E

Z
 -

 P
ré

s
e

n
ta

ti
o

n
 T

4
 -

 0
9

/1
2

/2
0

0
3

MODEM ET ATHOS

Probabilité de détectionTrajectoire missile
h= 50 m/sol

Objectif

Radar

Zone 
d ’intervisibilité

radar/missile

MODEM (ONERA) : Outil de simulation numérique simple pour évaluer, de façon réaliste, la détectabilité d’un missile volant 
à basse altitude face à un radar sol.

Analyse de la sensibilité de la détection:

• à la SER, aux caractéristiques du radar

• à l’altitude et la vitesse de vol du missile

• à la nature du terrain et aux conditions météorologiques

ATHOS (AERO-CAD) : Logiciel de simulation (Implantation du logiciel à ETCA/CAD en 1997) permettant d’évaluer la 
capacité de pénétration d’un raid de missiles APACHE en tenant compte de façon réaliste :

• du fonctionnement des défenses Sol-Air

• des trajectoires APACHE à basse altitude

• des interactions avec le terrain

Missile

Missile de référence

Apache sur Territoire Hostile

ATHOS
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Thematics and Research Works
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1992

2001

2004

1998

1995

2003

2007 2007

2008
2009

2011 2011

2008
2009

Polarimetric 
Classification 
of SAR Images

Statistical Analysis 
and Classification 
in Polarimetric 
SAR Images

Time-Frequency Analysis 
and Radar Imaging

Time-Frequency 
Analysis for SAR 
Imaging

Time-Frequency 
Analysis for 
Polarimetric SAR 
Imaging

Detection - Estimation

Robustness of  M-estimates 
in the Radar Context

MODEM

Detection in the SIRV 
context

Estimation in the SIRV 
context

Structured Covariance Matrix 
Estimation in Adaptive 
Detection

MIMO and SIRV

Ph.D. thesis works
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Research Chronology
Personal Background

Thematics and Research Works 
Synthesis of Research Activities

Perspectives

 SAR Images Analysis: Interferometry, Polarimetry, Multi Passes, Multi Band, Multi-Looks, 
 Radar Detection : STAP, MIMO, SAR Détection, Hyperspectral Detection
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Thematics and Research Works
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MODEM ET ATHOS

Probabilité de détectionTrajectoire missile
h= 50 m/sol

Objectif

Radar

Zone 
d ’intervisibilité

radar/missile

MODEM (ONERA) : Outil de simulation numérique simple pour évaluer, de façon réaliste, la détectabilité d’un missile volant 
à basse altitude face à un radar sol.

Analyse de la sensibilité de la détection:

• à la SER, aux caractéristiques du radar

• à l’altitude et la vitesse de vol du missile

• à la nature du terrain et aux conditions météorologiques

ATHOS (AERO-CAD) : Logiciel de simulation (Implantation du logiciel à ETCA/CAD en 1997) permettant d’évaluer la 
capacité de pénétration d’un raid de missiles APACHE en tenant compte de façon réaliste :

• du fonctionnement des défenses Sol-Air

• des trajectoires APACHE à basse altitude

• des interactions avec le terrain

Missile

Missile de référence

Apache sur Territoire Hostile

ATHOS

At the beginning

 Model mainly based on Gaussian assumptions,
 Only few clutter measurements available [Ulaby 1989],
 First publications [Billingsley 1993] rejecting the Gaussian behavior of the clutter.

Problem under study to improve MODEM reliability:

 Realistic clutter data and clutter models support for radar simulators,
 Conventional radar performance quantification against realistic clutter ?
 Derivation of optimal detectors.

13

Detection and Estimation for 
Radar

Personal Background
Thematics and Research Works 

Synthesis of Research Activities
Perspectives

MODEM Simulator

1992 : MODEM Study: Simulator evaluating the grazing-
angle moving targets detection performance 
(sensitivity) of a radar and taking into account:

 the terrain
 the target,
 the radar and the propagation.
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[Billingsley]

14

Existing Problems in Radar 
Detection

Personal Background
Thematics and Research Works 

Synthesis of Research Activities
Perspectives

«High Resolution» Radars: small number of 
scatterers per cell. Random number from cell to cell,
Masking phenomena due to relief and above ground.

Clutter Non-Gaussianity (Limit 
Central Theorem not valid),
Heterogeneity of clutter areas.

Classical Radar Performance Decreasing.
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 x is a complex circular Gaussian m-vector (speckle) with covariance matrix M,
  is a positive random variable (texture) well defined by its pdf p().

Powerful Modelling that allows :

 to extend the Gaussian model (K pdf, Weibull, Alpha-Stable, ...),
 to take into account the heterogeneity of the clutter power with the texture,
 to take into account possible correlation existing on the m-channels of observation,
 to derive optimal or suitable detectors

15

SIRV for Radar Clutter 
Modelling

Personal Background
Thematics and Research Works 

Synthesis of Research Activities
Perspectives

 SIRV Clutter Modelling

Spherically Invariant Random Vector : Compound Gaussian Process

c =
√
τ x
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SIRV Detectors
Personal Background

Thematics and Research Works 
Synthesis of Research Activities

Perspectives

 SIRV texture p() modelling with Padé Approximants [E. Jay Ph.D Thesis 2002],

 Normalized Matched Filter [Picinbono 1970, Scharf 1991], GLRT-LQ [Gini-Conte 1995], 

 Bayesian estimation of the SIRV texture p() (BORD) [E. Jay Ph.D Thesis 2002].

Detectors developed in the SIRV context 

Detection Test
When M is known and τ is a random variable, the resulting detection test is the GLRT-LQ [Conte, Gini,

Jay] :

Λ(M) =
|p†M−1y|2

(p†M−1p)(y†M−1y)

H0
<
>
H1

λ .

• The Likelihood Ratio Λ(M) statistic is independent of
the texture statistic p(τ) under hypothesisH0,

• Thus the relationship between Pfa and the detection

threshold is independent of the texture statistic p(τ)
under hypothesisH0 and is expressed as:
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Texture-CFAR property for the GLRT-LQ

LIMITATION: SIRP COVARIANCE MATRIX M IS GENERALLY

UNKNOWN.

(y) is SIRV CFAR 
but needs to know the true 

covariance M

Normalized Matched Filter

Λ(y) =
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New detectors called Adaptive Detectors can be derived by replacing in the NMF 
a «good estimate» of the covariance matrix. 

These detectors are SIRV-CFAR only for some particular estimates of M !
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Adaptive Detectors in SIRV 
Noise

Personal Background
Thematics and Research Works 

Synthesis of Research Activities
Perspectives

ACE : Adaptive Cosine Estimator
ANMF : Adaptive Normalized Matched Filter

Λ(y) =

���pH M̂−1 y
���
2

�
yH M̂−1 y

� �
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Gaussian MLE
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For an unknown but deterministic texture parameter, the Maximum Likelihood Fixed Point 
estimate MFP (FP) of the Covariance M is found [Conte-Gini 2002] to be the solution of the 
following implicit equation:

Consistent, unbiaised, robust, asymptotically Gaussian estimate and supposed 
to be, at a fixed number K, Wishart distributed with mK/(m+1) degrees of 
freedom,
Existence and unicity of the solution are proven. The solution can be reached 
by recurrence Mk=f(Mk-1) whatever the starting point M0 (ex: M0=I, M1=MNSCM),
Closed-form relationship between PFA and detection threshold.

18

Estimation in SIRV Noise
Personal Background

Thematics and Research Works 
Synthesis of Research Activities

Perspectives

M̂FP =
1

K

K�

k=1

ck cHk
cH
k
M̂−1

FP
ck

Fixed Point (FP)

This estimate is an approached MLE in the general SIRV context,

[F. Pascal Ph.D. Thesis 2006]
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 ANMF-FP Texture-CFAR property
 ANMF-FP Matrix-CFAR property

Application : Adaptive Detection Performances of the GLRT-LQ on

radar data
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Azimut/range bins map Relationship "Pfa-threshold"

The set of parameters ism = 8 pulses and N = 24 secondary data .

THEORY AND REALITY PERFECTLY CORRESPOND.

NSCM

Theoretical

FP

True M

Very good fit between theory and experimentation

Radar azimuth-range bins map from
THALES AIR DEFENCE        Pfa-threshold relationship       

SIRV and Experimental Data
Personal Background

Thematics and Research Works 
Synthesis of Research Activities

Perspectives
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Research around SIRV and Fixed 
Point Methodology

SIRV - FP
 Regulation of the false alarm in spatial ly 

heterogeneous and non-Gaussian areas,

 Detector Performance Improvement

Extension 
to Space Time 

Adaptive 
Processing 

[G. Pailloux Ph.D. 
Thesis 2007, G. 
Ginolhac 2009]

Extension to 
MIMO radar
[C.Y. Chong 

Ph.D.Thesis 2008]

Statistical 
Analysis of SAR 

images
[G. Vasile Post-doc 2008, P. 

Formont Ph.D. Thesis 
2009]

Robustness of 
Estimates

[M. Mahot Ph.D. Thesis 
2009]

Extension to 
Detection in 

Hyperspectral 
Images

STAP CLUB

Personal Background
Thematics and Research Works 

Synthesis of Research Activities
Perspectives
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 To propose STAP data (synthet ic and 
experimental) for STAP algorithms evaluation,

 To gather existing experimental STAP databases 
and simulators

 To develop fruitful exchanges between 
researchers and Ph.D. students.

Organizer and leader since February 2007

Goals: Open collaborative project

BILAN
 4 meeting / year, 1 Web site: http://clubstap.free.fr,

 Special Issue «Traitement du Signal » in preparation,

 Extension to Europe,

Chapitre 2. Synthèse des Activités de Recherche
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Figure 2.34 – Carte Doppler-distance d’un des capteurs

4.6. Méthode du rang réduit persymétrique : application sur les données STAP CELAR.
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FIG. 4.33 – Résultats de détection en rang réduit classique en case 256 pour une cible de 19 dBm2 et de
vitesse 4 m/s sans contamination. Cas des détecteurs Gaussiens avec K = 200 et r = 46.
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4.6. Méthode du rang réduit persymétrique : application sur les données STAP CELAR.
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(b) Détection avec le PAMF

FIG. 4.33 – Résultats de détection en rang réduit classique en case 256 pour une cible de 19 dBm2 et de
vitesse 4 m/s sans contamination. Cas des détecteurs Gaussiens avec K = 200 et r = 46.
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Figure 2.35 – Résultats de détection en rang réduit dans la case distance d’une cible de vitesse 4 m/s.
Cas des détecteurs gaussiens AMF (à gauche) et PAMF (à droite) avec K = 200 et r = 46

résultats de détection pour les même détecteurs mais avec seulement K = 46 données secondaires ce qui
correspond donc au rang r même du clutter. Dans ce cas, la SCM est mal estimée et le fouillis est donc mal
rejeté par l’AMF. Dans le cas du PAMF, le doublement virtuel du nombre de données secondaires fait que
le faible nombre de données secondaires d’origine est suffisant pour une bonne estimation de la matrice
PSCM. Le fouillis est correctement rejeté et la cible, bien visible, est parfaitement détectée. Enfin, la figure
(Fig. 2.37) montre que, même dans le cas d’un nombre de données secondaires K = 400 très supérieur à
r = 46, l’emploi de la persymétrie avec le PAMF améliore encore les résultats en comparaison avec l’AMF.

En ce qui concerne le cas des détecteurs non-gaussiens, nous fumes confrontés au problème de comment
estimer le sous-espace fouillis à partir des matrices NSCM ou FP des données STAP. Un des résultats
assez surprenant est que la construction de la matrice NSCM garantit la conservation du sous-espace
fouillis ([J8]. Plus encore, elle assure l’ordre des valeurs propres liées au fouillis. Ces propriétés n’ont pas
encore été démontrées pour la matrice du point fixe.

74

DGA/CELAR data

21

ONERA Data

STAP CLUB
Personal Background

Thematics and Research Works 
Synthesis of Research Activities

Perspectives
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STAP CLUB
Personal Background

Thematics and Research Works 
Synthesis of Research Activities

Perspectives
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Main Participants

 ONERA, THALES (F. Le Chevalier, L. Savy, M. Montécot), DGA (J. Samson CELAR)

 ENS Cachan (P. Forster, G. Ginolhac)

 LSS (S. Marcos)

 SONDRA (F. Pascal)

 ENSEIRB (Y. Berthoumieu, E. Grivel)

 ISAE (O. Besson, S. Bidon)

 IETR (L. Ferro-Famil)

 ...

 STAP Club is a catalyzer for «STAP» Ph.D. students: 
G. Pailloux (ONERA), S. Beau (LSS), S. Bidon (ISAE), J. Petitjean (ENSEIRB)
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SIRV for STAP

SIRV - FP

Extension 
to Space Time 

Adaptive 
Processing

Fit of SIRV + FP to STAP : detectors + estimators

Reduction of number of secondary data (K >> 2m):
Exploiting persymmetric structure of the Covariance [G. Pailloux 
Ph.D. Thesis 2009],
Sub-spaces techniques [Ginolhac et al 2009].

Robustness of       to  secondary data contamination:
Robustness of the NSCM and FP estimates [M. Mahot Ph.D. Thesis 
2009] : Robust Statistics [Huber 1972] - M-Estimateurs 
[Maronna 1976].Simulations  

Target-contamination, Target at 4 m/s, 0 deg 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Simulations  

Target-contamination, Target at 4 m/s, 0 deg 
Rank 45  

LR-AMF based on the SCM LR-AMF based on the NSCM 

Simulations  

Target-contamination, Target at 4 m/s, 0 deg 
Rank 45  

LR-AMF based on the SCM LR-AMF based on the NSCM 

Example : Secondary Data contaminated by a target with velocity -4m/s (K = 410 << N=512, r = 46)

AMF + SCM Low Rank AMF + SCM Low Rank ANMF + NSCM

M̂

Personal Background
Thematics and Research Works 

Synthesis of Research Activities
Perspectives



/ 41 Jean-Philippe Ovarlez, HDR, Orsay, 14/02/2011

Thematics and Research Works

Radar/SAR Imaging

Chronology
Radar Detection and Estimation
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Radar Imaging allows to build more and more precise images :

Need to use very high bandwidth and long integration time (high 
azimuth bandwidth)
Spectral, Angular, Polarimetric Non-stationarity of scatterers
Complexity of Scene Analysis - Classification becomes difficult

25

Radar/SAR Imaging
Personal Background

Thematics and Research Works 
Synthesis of Research Activities

Perspectives

ONERA RAMSES Image

ONERA RAMSES Image

R
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ONERA ISAR Image
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Physical Characterization of 
SAR Scatterers

Personal Background
Thematics and Research Works 

Synthesis of Research Activities
Perspectives

 Assumptions of white and isotropic 
bright points

 does not exploit the potential non-
stationarity of the scatterers

2.1. Poursuite des Travaux de Thèse

contraire, d’amplifier les échos de certaines parties de cette cible.

• Dans le cas de l’imagerie ISAR (Inverse Synthetic Aperture Radar), l’objectif est d’imager, à partir
de l’émission d’une station radar fixe, une cible en évolution par la seule analyse du signal reçu.
Cette analyse permet, à partir de l’image formée, de lancer des processus de reconnaissance et
d’identification des cibles analysées.

• Dans le cas du SAR aéroporté (Synthetic Aperture Radar), l’image du sol est construite à partir
du signal reçu par un radar imageur évoluant sur une trajectoire et éclairant le sol. Les applications
relatives à cette imagerie portent principalement sur l’aspect reconnaissance et identification de
cibles ou de zones de terrain.

Angle

F
ré

q
u

en
ce

Figure 2.1 – Imagerie bidimensionnelle conventionnelle d’une maquette de missile.

On attend souvent du processus d’imagerie radar qu’il fournisse une information qui s’apparente à
la notion d’image optique (imagerie infrarouge, imagerie classique par capteur CCD, . . . ). Les procédés
de reconnaissance ou d’identification automatique radar en étant encore à leurs balbutiements, le seul
moyen utilisé aujourd’hui est d’analyser ”̀a l’oeil” les images délivrées par le moyen d’imagerie. On oublie
alors que la réflexion électromagnétique est très différente de l’imagerie optique du fait de la complexité
du comportement des ondes électromagnétiques dans la gamme de fréquence des radars (HF-W). Pour
améliorer le procédé de reconnaissance ou d’identification, il est possible d’étendre la notion d’imagerie
en fournissant d’autres éléments caractérisant la cible. Cela permet de conférer au terme image un sens
beaucoup plus général que le sens optique auquel on se réfère souvent.

Ainsi, une première démarche permet de décrire la répartition spatiale des points de la cible dans un
domaine angulaire, spectral ou polarimétrique restreint. Si l’on étend cette démarche, il est possible de
décrire également, à l’aide d’une image, le comportement cinématique [Bert97],[Vig96] ou la stationna-
rité de ces points brillants (vitesse, accélération, réflecteurs variant dans le temps, . . . ). L’apport de la
polarimétrie, nous le verrons, permet également d’enrichir les images d’informations sur le comportement
électromagnétique des cibles ou des fonds, voire des informations de type interférométrique (hauteur)
[Titin99], [Titin00a], [Titin00b]. L’image radar doit ainsi être prise au sens large du terme car elle peut
s’étendre sur des dimensions autres que la largeur, la longueur ou la hauteur.

L’axe de recherche que nous avons initié s’inspire de ces réflexions et s’inscrit dans la description et
le développement de nouvelles distributions temps-fréquence et ondelettes continues pour l’analyse des
images SAR et plus particulièrement pour l’analyse de réflecteurs dits dispersifs (ex : non isotropes, co-
lorés, . . . ) présents dans une zone de terrain imagée par un radar SAR.

Le modèle le plus couramment utilisé en imagerie radar est celui des points brillants ([Pouit80],
[Men81], [Men92], [Aus84]). On modélise la cible par un ensemble de points brillants, c’est-à-dire des
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 Imaging in laboratory : Highlighting 
of Coloration and Anisotropy of 
reflectors [J.P. Ovarlez Ph.D. Thesis 
1992],

 Same ascertainments on Very High 
Resolution SAR images !

angle

fr
eq

ue
nc

y

Sous-bande 1      Sous-bande 2     Sous-bande 3

Introduction
Imagerie Classique

Imagerie Radar par Ondelettes
Application des ondelettes à l’imagerie SAR Polarimétrique

Conclusions - Perspectives

Hypothèses et Principe Généraux
Mise en défaut de l’imagerie classique

Campagne SPA3 2004 - vol 2 - cap 320 - bande X

(a) dépression 30°(passe 7) (b) dépression 50°(passe 15)

Rouge : λ = 3.4cm (dernière agilité) - Vert : λ = 3.2cm (agilité centrale) - Bleu :
λ = 3.cm (première agilité)

Analyse polarimétrique d’images SAR par ondelettes - 9/27

Nevertheless :

Conventional Fourier Imaging (laboratory, 
SAR, ISAR) : 
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ATF Applications on SAR images [M.Tria Ph.D. 
Thesis 2004] :

 RCS Analysis
 EM Phenomena Analysis,
 Signatures Extraction,
 Classification,
 Maximization of interferometric entropy by 

wavelets [M. Tria - E. Colin].
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Time-Frequency Analysis for 
SAR Imaging

Personal Background
Thematics and Research Works 

Synthesis of Research Activities
Perspectives

  Classical Entropy     Entropy and Wavelets

Time-Frequency Analysis allows to highlight the coloration and 
anisotropy properties of  SAR reflectors.

2.1. Poursuite des Travaux de Thèse
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Figure 2.9 – Extraction des sommets des bâtiments latéraux en appliquant l’algorithme pour la dis-
tribution énergétique du réflecteur localisée dans l’image en (xref , yref ) = (4.55 m,−10.40 m) comme
distribution de référence.
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2.1. Poursuite des Travaux de Thèse

Figure 2.3 – Mise en évidence de la dispersion spectrale des diffuseurs sur des images THR

ondelette mère φ(k) = φ (k,Ω,Ω0) caractérisant la rétrodiffusion d’une cible de référence localisée autour

de l’origine x = 0 et réfléchissant essentiellement dans la direction du vecteur unitaire Ω de k autour de

|k| = 1 :

C(x0,k0) =

�
H(k)Ψ∗

x0,k0
(k) dk. (2.2)

où,

Ψx0,k0
(k) =

1

k0
e
−2iπk.x0 φ

�
k

k0
,Ω,Ω0

�
. (2.3)

L’hyperimage d’énergie étant définie comme le carré du module de C(x0,k0), on peut, par ce type de

représentation, suivre l’évolution de la position des points brillants en fonction de la fréquence et de la

direction d’illumination. La figure (Fig. 2.4) montre l’association du comportement angulaire et spectral

pour les points brillants de la cible.

F
ré

q
u
en

ce

Angle

Figure 2.4 – Imagerie par ondelettes continues d’une maquette de missile.

La série des deux figures (Fig. 2.5) et (Fig. 2.6) représente l’analyse d’un avion d’armes et montre la

sensibilité de l’image SAR pour deux angles de visée particuliers du domaine [−6 deg, 6 deg]. L’extension
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Polarimetric SAR Imaging
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2.1. Poursuite des Travaux de Thèse

Figure 2.13 – Best Paper Award Eusipco 2009

Freeman Durden, ...). Elles seront ici appliquées aux hyperimages SAR par ondelettes.

2.1.2.4 Décompositions Polarimétriques Cohérentes

Le but des décompositions polarimétriques cohérentes est de décomposer le vecteur k d’information
polarimétrique sur une base (impropre et incomplète) de N vecteurs ou matrices caractérisant la réponse
polarimétrique de réflecteurs de référence (sphère, dièdre, trièdre, hélice, ...) :

k =
N�

i=1

ci [S]i (2.7)

où les [S]i sont les réponses des objets canoniques et où les ci indiquent le poids des [S]i dans la com-
binaison menant à k mesurée par le radar. Ainsi, les propriétés physiques de la cible sont extraites et
interprétées à travers l’analyse de réponses simples [S]i et de leurs coefficients correspondants ci. Il est
souhaitable que les [S]i soient indépendantes entre elles, de telle manière qu’un phénomène de rétrodif-
fusion ne soit contenu que dans une cible canonique. D’ailleurs, la condition d’orthogonalité entre les
[S]i est souvent requise. Il existe une infinité de familles d’objets canoniques sur lesquelles nous pouvons
décomposer la matrice de Sinclair [Sinc48].

Le papier suivant présenté en Annexe C, qui doit parâıtre en juin 2010, explique cette méthodologie :

[J11] M. Duquenoy, J.P. Ovarlez, L. Ferro-Famil, L. Vignaud and E. Pottier, ”Scatterers Characte-
risation in Radar Imaging Using Joint Time–Frequency Analysis and Polarimetric Coherent Decomposi-
tions”, IET Proc. Radar Sonar and Navigation, Vol.4, No.3, à parâıtre, Jun. 2010.

Dans un premier temps, pour des nécessités de validation à partir d’une véritable connaissance de la
vérité terrain, elles ont été appliquées sur des signaux très bien connus provenant des mesures de chambre
anéchöıque effectuées sur la maquette Cyrano présentée à la figure (Fig. 2.14). Cette figure montre égale-
ment l’analyse par ondelettes de l’énergie totale provenant des quatre voies polarimétriques (SPAN). Cette
information énergétique peut être alors synthétisée à l’aide de différentes représentations (par exemple,
marginales sur la fréquence, marginales sur le domaine angulaire) pour qualifier les non-stationnarités
spectrale et angulaire des points (figure (Fig. 2.15)) : la dispersivité et l’anisotropie des réflecteurs. Lors-
qu’on utilise les décompositions cohérentes pour classifier le type de mécanisme polarimétrique, on peut
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 TFA application to non-coherent polarimetric decompositions 
(Best Student Paper Award Eusipco 09 - M. Duquenoy)

 Moreover, Time-Frequency Analysis allows to highlight the 
polarimetric (coherent) non-stationarity of SAR scatterers. 

Natural Extension of Time Frequency Analysis for SAR imaging to 
coherent (Pauli, Krogager, Cameron) and non-coherent (H/alpha, 
Freeman Durden) polarimetric decompositions [M. Duquenoy Ph.D. 
Thesis 2009]

Krogager Coherent 
Decomposition with 

Wavelets
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 Polarimetric Covariance Matrix and texture estimation on 
spatially non Gaussian or heterogeneous areas,

 Extension of Polarimetric Whitening Filter used in image 
«unspeckeling» to SIRV context (related in fact to the SIRV 
texture estimate). 

 Extension to SIRV context of Polarimetric SAR image 
classifications (unsupervised H/α, Freeman Durden, ...),

 Analysis of new Riemannian distances for deriving the 
covariance matrix of the H/α centers of class (Geometry of 
Information)
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2

Classification Wishart H/α 
avec SCM

SIRV + FP

Extension to 
SAR 

Polarimetric 
Classification

Natural Extension of SAR Images statistical to 
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2.4. Autres Thématiques en Bref

Fig.1 represents the span of the backscattering signal. The

polarimetric diversity on this image is high. This means

that one can observe several buildings, different kinds of

fields, forest areas and a parking lot.

Fig.2 shows the result of the Wishart Classifier, built with

the SCM estimate, the Wishart distance dW and a H/α
initialization. Notice that Gaussian-distributed areas are

clearly identified (yellow and blue areas at the bottom of

the picture).

Figure 2: Wishart Classifier with SCM, Wishart distance

dW and H/α initialization

Figure 3: Wishart Classifier with SCM, Wishart distance

dW and random initialization

Moreover, Fig.3 presents the same classification as on

Fig.2 but for a random initialization of the algorithm. This

original result shows the robustness of the Wishart clas-

sification to the initialization scheme. However, in non-

Gaussian areas, like buildings, the parking lot and even the

forest areas, the classification scheme is degraded and it

does not separate each mechanism, see [9] for more details.

The Wishart classification results are totally corrupted by

the presence of the texture in the SAR image. This span de-

pendency can be eliminated by using the FP estimate (Eq.

(6)) with the SIRV distance (Eq. (8)). This is the purpose

of Fig.4.

Figure 4: Wishart Classifier with FP, SIRV distance dS

and H/α initialization

Fig.4 provides a better classification of the non-Gaussian

areas (the building in dark blue, building, parking and ur-

ban area in orange/red) while the classification of Gaussian

parts still remains satisfactory.

4 M-Box test
In previous section, the number of classes has been fixed to

8 according to the H/α decomposition. We now propose

an original approach, by testing the equality of two co-

variance matrices associated to two different pixels, which

does not require a predefined number of classes. This is

one of the main contribution of this paper.

The procedure is to test if the covariance matrices of two

different pixels populations are equal. For that purpose, we

consider two pixels, k(1)
and k(2)

of covariance matrices

T1 and T2, randomly chosen. The resulting hypothesis

test is thus: �
H0 :T1 = T2

H1 :T1 �= T2

In opposite to the test defined by Eq. (3), both matrices T1

and T2 are unknown and an estimate is required. The test

statistic t is a modification of Bartlett’s criterion [10] and

is defined as follows:

t =
|�T1|

ν1
2 |�T2|

ν2
2

|�Tt|νt

where νi is the degree of freedom of �Ti. For the SCM,

ν1 = ν2 = N , νt = ν1 + ν2 and �Tt is the pooled sample

covariance matrix defined by:

�Tt =
ν1 �T1 + ν2 �T2

ν1 + ν2

Box [11] proposes the following approximation for the dis-

tribution of t:

u = −2(1− c1) ln(t) ∼ χ2

�
1

2
m(m+ 1)

�
(9)
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Figure 2.42 – a) Classification de type Wishart avec SCM et initialisation H-α. b) Classification de type
Wishart avec SCM et initialisation aléatoire. c) Classification de type Wishart avec FP et initialisation
H-α

La collaboration active de recherche avec Gabriel Vasile du Gipsa Lab nous a conduit à accueillir à
SONDRA pour six mois (octobre 2009 - avril 2010) un post-doctorant, Lionel Bombrun [PD2] ayant
déjà travaillé durant sa thèse sur la segmentation statistique des images SAR. Nous avons ainsi initié un
certain nombre de travaux en commun [C45], [C53], toujours en connexion avec notre problématique
actuelle de la classification polarimétrique basée sur le SIRV. Un des résultats prometteurs [C55], [C54]
de Lionel Bombrun est d’avoir élaboré un détecteur polarimétrique dans les images SAR de cibles basé
sur les SIRV et la matrice de covariance du point fixe mais également sur un modèle de steering vector,
appelé TSVM (Target Scattering Vector Model [Touz07]) adapté à l’invariance de présentation de la cible
dans l’axe de visée. Lionel Bombrun a montré que les performances de détection peuvent être également
tributaires du choix des paramètres des caractéristiques de cibles. Ces travaux font encore activement
l’objet de recherches.

2.4 Autres Thématiques en Bref

Dans le cadre de mes études contractuelles, il m’est arrivé, de publier quelques résultats intéressants
ou prometteurs. J’en citerai ici deux :

• le calcul des bornes de Ziv-Zakäı [C35] pour l’estimation de retard construit sur un GLRT qui a
permis de mieux cerner la zone de SNR (voir figure (Fig. 2.43)) permettant à des techniques de type
Track Before Detect (Intégration longue radar, filtrage particulaire [I38], [I39]) de mieux converger.
Le calcul de cette borne a été mené en utilisant des techniques intéressantes de calcul de densité de
probabilité de type Point-Selle (Saddlepoint). Cette technique est également actuellement utilisée
dans la thèse de Julien Totems [T6] pour comparer, dans la zone de transition du décrochement de
la borne de Cramèr Rao, les techniques d’estimation de fréquence qui montrent une supériorité de
la vibrométrie impulsionnelle par rapport à la vibrométrie continue.

• l’utilisation de la technique du Saddlepoint pour calculer des lois de rapports de formes quadratiques
(encore appelé Quotient de Rayleigh) de processus gaussiens aléatoire [C18] de la forme :

xH Ax

xH Bx
(2.73)

avec A et B deux matrices quelconques et x processus multidimensionnel gaussien.
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Figure 2: Comparison of unsupervised H/α classifications after 10 iterations for arithmetical and geometrical mean
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   Behavior analysis of SAR image scatterers

Target classification (coherent polarimetry) - Recognition

Clutter classification (texture, non-coherent polarimetry)

Coherency analysis for interferometry

Change detection (multi temporal)

Target detection (stationary or moving) in SAR images

SIRV and Time-Frequency Analysis for SAR Imaging
 

Synthesis

31

Personal Background
Thematics and Research Works 

Synthesis of Research Activities
Perspectives

Radar/SAR Imaging

Potential Applications



/ 41 Jean-Philippe Ovarlez, HDR, Orsay, 14/02/2011

Perspectives

Synthesis of Research Activities
Teaching Activities

32

Outline

 Personal Background
Education Background
Professional Background
Main axes of Contractual Studies

Thematics and Research Works
Chronology
Detection and Estimation for Radar
Radar/SAR Imaging

Publications and Reports 
Supervisions
Scientific and Administrative Responsibilities



/ 41 Jean-Philippe Ovarlez, HDR, Orsay, 14/02/201133

Teaching Activities
Personal Background

Thematics and Research Works 
Synthesis of Research Activities

Perspectives

!"

#"

$!"

$#"

%!"

%#"

&!"

&#"

'!"

'#"

#!"

$((&" $(('" $((#" $(()" $((*" $((+" $(((" %!!!" %!!$" %!!%" %!!&" %!!'" %!!#" %!!)" %!!*" %!!+" %!!("

,-./0123245",6768"9:,;9"

<4-03/3"=71/>/6?@A7B25B"9:,9;"

<4-03/3",;9"C/D4?C7E70"

<4-03/3",;9"=71/>/6?FG"

<4-03/3",H"76"9<H"

<4-03/3"=71/>/6"76"9:,F"

<4-03/3",H"76"9,@9;"



/ 41 Jean-Philippe Ovarlez, HDR, Orsay, 14/02/2011

Publications Total
ONERA Technical Reports 42

Journals 16

International Conferences 52

National Conferences 11

Invited Conferences 4

Patent 1

Thesis 1

Journals in review 4

Invited Seminar(GDR, IEEE, SEE, CNES, ...) 15

Book Chapters 5
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Supervisions
Personal Background

Thematics and Research Works 
Synthesis of Research Activities

Perspectives

Ph.D. Students

Post-doc

 1998 - Emmanuelle Jay (ONERA/MNRT 50%)
 2001 - Mohamed Tria (ONERA 70% )
 2003 - Frédéric Pascal (ONERA 50%)
 2004 - Mickaël Duquenoy (ONERA 50%)
 2007 - Guilhem Pailloux (ONERA 50%)
 2007 - Julien Totems (ONERA 20%)
 2008 - Chin Yuan Chong (SONDRA, participation) 
 2009 - Mélanie Mahot (DGA 20%)
 2009 - Pierre Formont (DGA/ONERA 20%)

 2007 - Gabriel Vasile (CNES 100%)
 2009 - Lionel Bombrun (GipsaLab, participation)

 Patrick Duvaut - David Declercq (ENSEA)
 Messaoud Benidir (LSS), Frédéric Pascal (SONDRA)
 Philippe Forster, Pascal Larzabal (ENS Cachan)
 Eric Pottier, Laurent Ferro-Famil (IETR)
 Nadine Martin, Gabriel Vasile (GipsaLab)

University Supervisions - Coopérations
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 Emmanuelle Jay : Researcher in quantitative finance in QuantValley, Paris

 Mohamed Tria : Research Engineer in Noveltis, Toulouse

 Frédéric Pascal : Assistant Professor in Supelec/SONDRA, Paris

 Mickaël Duquenoy : Thales, DGA, unemployed

 Guilhem Pailloux : Engineer in DGA, Paris

 Julien Totems : Ph.D., to be defended 15/02/2011, ONERA Chatillon

 Chin Yuan Chong : Ph.D. in SONDRA - DSO National Laboratories 

 Mélanie Mahot : Ph.D., SONDRA/ONERA, Paris

 Pierre Formont : Ph.D., SONDRA/ONERA, Paris

 Gabriel Vasile : Researcher CNRS, GipsaLab, Grenoble

 Lionel Bombrun : Post-doc in ENSEIRB, Bordeaux
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2003 Principle Scientist

2004 - 2009

2009 - 2014

Member of the Scientific Committee of the ONERA Physic 
Branch 

Ph.D. students and Ph.D proposal evaluation in the ONERA Physic 
Branch, seminars, ...

2006 - 2007

2007 - 2008

Elected Scientific Council President of the DEMR Department 

Seminars proposals et organizations, Ph.D. students and Ph.D 
proposal evaluation in the DEMR department

since 2007 Organizer and Leader of the STAP Club

since 2008 Responsible of Signal Processing Activities in SONDRA

ONERA/SONDRA Responsibilities
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Other Scientific Activities

 Reviewer for Traitement du Signal (french), Signal Processing, IEEE 
Transactions on Signal Processing, IEEE Transactions on Image Processing, 
IEEE Transactions on Geoscience and Remote Sensing, IEEE-ICASSP, GRETSI, 
EUSIPCO,

 Member of the Scientific Committee of the IEEE-Radar 2004 conference,

 Member of the Scientific Committee of the IEEE-Radar 2009 conference,

 Member of the Scientific Committee of the CIP2010 conference, Second IAPR 
International Workshop on Cognitive Information Processing (Elba, Italy),

 Chairman for the IEEE-RadarCon 2008 (Rome) conference,

 Chairman for the IEEE-Radar 2009 (Bordeaux) conference.
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 Target Detection (stationary or moving) in the mono or multi-channels SAR 
images (with joint use of Time-Frequency Analysis and SIRV)

Fixed Point extension to Interferometry, Coherency

Change Detection (multi temporal)

Waiting FP7 decision: GipsaLab - ONERA - DLR - EDF - IREA : Non-Linear, Non-
Stationary, Non-Gaussian Multidimensional SAR Processing For Complex Scene 
Understanding 
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 Robust Statistic - Study of the M-Estimators, Non-stationarity of the clutter : M. 
Mahot

 Clutter Classification (texture, non-coherent polarimetry) : P. Formont

 Ph.D. Thesis scheduled for 2011 on Hyperspectral Detection (jointly with 
GipsaLab and DSO)

New Thematics of Research

Ph.D. Supervisions and Projects
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Small Wink on my Ph.D. Works 1992
The Mellin Transform: a Tool for Broadband Signal Analysis

 
 Invariant Transformation to any scale change a

 Allows to compute easyly and ingeniously broad-band radar ambiguity functions, 
affine Time-Frequency distributions (wavelet), Cramer Rao bound for scale 
estimator, ...

Z(f)
U−→ UZ(f) =

√
a Z(a f)

↓ ↓
M [Z](β) −→ M [UZ](β) = a−2iπβ M [Z](β)

M [Z](β) =

� +∞

0
Z(f) f2iπβ−1/2 df

(p1 ∗∗p2)(u) =
� ∞

0
p1

� u

u�

�
p2(u

�)
du�

u� −→ M [p1 ∗∗p2](β) = M [p1](β)M [p2](β)

See J.M. Nicolas’s works on the use of Mellin Transform for computing and deriving 
in a closed form the SIRV texture PDFin SAR images !!!

 Its multiplicative convolution property allows to factorize the SIRV PDF !!!!
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QUESTIONS

42

QUESTIONS ???

Fig. 2. Pixel locations in the H/α plan after 30 iterations in
the Gaussian case.

been shown in [8] and [9] that the estimation scheme from
(6), developed under the deterministic texture case, yields
also an Approximate ML (AML) estimator under stochastic
texture hypothesis. This study has been completed by the
work of Pascal et al. [10], which recently established the
existence and the uniqueness of the Fixed Point estimator of
the normalized covariance matrix, as well as the convergence
of the recursive algorithm whatever the initialization. This
matrix estimate is shown to be robust, unbiased, consistent
and asymptotically distributed as Gaussian probability den-
sity function [11]. One could suppose legitimately (not yet
proven) that it has the same behavior as a Wishart distributed
matrix with mN/(m+ 1) degrees of freedom.

The generalized ML estimator for the τn texture for the
primary data kn is given by:

�τn =
k†
n
�M−1

FP kn

m
. (7)

One can note that this later equation is proportional to the
SIRV Polarimetric Whitening Filter.

PWFSIRV = k†
n
�M−1

FP kn . (8)

The role of the matrix �MFP is here to whiten the possible
correlation existing within the polarimetric channels without
being polluted by the power of the secondary data used to
estimate this matrix. A new ML SIRV distance DS between
two FP �Mi and �Mω has also been derived in [2]:

DS

�
�Mi, �Mω

�
= ln

|�Mω|
|�Mi|

+
m

N

N�

n=1

k†
n
�M−1

ω kn

k†
n �M−1

i kn

. (9)

This later equation depends on the secondary data (kn)n=1,N

but can nicely be simplified as:

DS

�
�Mi, �Mω

�
= DW

�
�Mi, �Mω

�
. (10)

This result shows that, again, the FP CM could be considered
as a Wishart CM.

The figure 3 shows, after 30 iterations, the locations of
all the pixels in the H-α plan (for height classes). The loca-
tion of the pixel belonging to a given class seems much better
ordered.

Fig. 3. Pixel locations in the H/α plan after 30 iterations in
the SIRV case for the classical mean.

3. RIEMANNIAN DISTANCE

Rigorously, the averaged covariance matrix Mωl (SCM or
Fixed Point) of a H/α/A cluster l can not be computed with
the Euclidean metric, i.e. usual arithmetic mean as:

Mωl =
1

K

K�

k=1

Ml
k , (11)

where Ml
k, k ∈ [1,K] are the K covariances matrices of all

pixels belonging to the class ωl in the H/α plane. It is well
known that after few iterations of the unsupervised classifica-
tion, all the class centers move significantly within the H/α
plane leading a more difficult physical interpretation to the fi-
nal classification. The mean associated with the Riemannian
metric corresponds to the geometric mean:

Mωl = arg min
Mω∈P(m)

K�

k=1

���
���log

�
Ml

k
−1

Mω

����
���
2

F
, (12)

where ||.||F stands for the Frobenius norm and P(m) is the
set of the Hermitian definite-positive covariance matrices of

3

C
hapitre
2.
S
yn
th`ese
des
A
ctivit´es
de
R
echerche

(
a
)

(
c
)

(
e
)

(
b
)

(
d
)

(
f
)

F
ig
u
r
e
2
.4
1
–
S
A
R

R
A
M

S
E
S
p
o
la
r
im
´e
t
r
iq
u
e
s
d
e
la
z
o
n
e
d
e
B
r
´e
t
ig
n
y
,
b
a
n
d
e
X

(
5
0
1
x
5
0
1
p
ix
e
ls
)
.
F
ig
u
r
e

(
a
)
:
S
p
a
n

� P
P
W
F
e
s
t
im
´e
p
a
r
la
c
o
h
´e
r
e
n
c
e
p
o
la
r
im
´e
t
r
iq
u
e
n
o
r
m
a
lis
´e
e
d
u
p
o
in
t
fi
x
e
.
F
ig
u
r
e
b
)
:
c
la
s
s
ifi
c
a
t
io
n

´e
n
e
r
g
´e
t
iq
u
e
n
o
n
s
u
p
e
r
v
is
´e
e
d
e
t
y
p
e
G
a
m
m
a
d
e
l’im
a
g
e
(
a
)
.
F
ig
u
r
e
(
c
)
:
d
´e
c
o
m
p
o
s
it
io
n
c
o
lo
r
´e
e
d
e
s
´e
l´e
m
e
n
t
s

d
ia
g
o
n
a
u
x
d
e
la
m
a
t
r
ic
e
d
e
c
o
h
´e
r
e
n
c
e
[� T
].
F
ig
u
r
e
(
d
)
:
c
la
s
s
ifi
c
a
t
io
n
n
o
n
s
u
p
e
r
v
is
´e
e
d
e
t
y
p
e
W

is
h
a
r
t
.
F
ig
u
r
e

e
)
:
d
´e
c
o
m
p
o
s
it
io
n
c
o
lo
r
´e
e
d
e
s
´e
l´e
m
e
n
t
s
d
ia
g
o
n
a
u
x
d
e
la
m
a
t
r
ic
e
d
e
c
o
h
´e
r
e
n
c
e
[� M
] F
P

n
o
r
m
a
lis
´e
e
d
u
p
o
in
t

fi
x
e
.
F
ig
u
r
e
(
f
)
:
c
la
s
s
ifi
c
a
t
io
n

n
o
n

s
u
p
e
r
v
is
´e
e
d
e
t
y
p
e
S
I
R
V
.

t
r
a
v
a
il
a
c
t
u
e
l
c
o
n
s
is
t
e

`a

´e
t
a
b
lir
d
e
s
n
o
u
v
e
lle
s
m
´e
t
h
o
d
e
s
d
e

s
e
g
m
e
n
t
a
t
io
n

e
t
d
e

c
la
s
s
ifi
c
a
t
io
n

b
a
s
´e
e
s
s
u
r

le
t
e
s
t
d
e
B
o
x

(
t
e
s
t
d
’´e
g
a
lit
´e
,
`a

d
is
t
a
n
c
e
fi
n
ie
,
d
e
d
e
u
x

m
a
t
r
ic
e
s
d
e
c
o
v
a
r
ia
n
c
e
)
q
u
i
p
r
e
n
d

e
n

c
o
m
p
t
e
le

fa
it
q
u
e
le
s
p
o
p
u
la
t
io
n
s
d
e
t
e
s
t
n
’o
n
t
p
a
s
le
m
ˆe
m
e
n
o
m
b
r
e
d
’´e
l´e
m
e
n
t
s
p
a
r
e
x
e
m
p
le
.
C
e
t
e
s
t
d
e
B
o
x

e
s
t

´e
q
u
iv
a
le
n
t
,
a
s
y
m
p
t
o
t
iq
u
e
m
e
n
t
,
a
u

t
e
s
t
d
e
W

is
h
a
r
t
.
D
a
n
s
le
c
a
d
r
e
n
o
n

g
a
u
s
s
ie
n
,
il
a
a
in
s
i
´e
t
´e
´e
t
e
n
d
u

`a
la

m
a
t
r
ic
e
d
e
c
o
v
a
r
ia
n
c
e
d
u

p
o
in
t
fi
x
e
q
u
i
s
e
c
o
m
p
o
r
t
e
´e
g
a
le
m
e
n
t
c
o
m
m
e
u
n
e
m
a
t
r
ic
e
d
e
W

is
h
a
r
t
.
L
e
t
e
s
t

d
e
B
o
x
,
a
p
p
liq
u
´e
a
u

c
a
s
g
a
u
s
s
ie
n

o
u

a
u

c
a
s
S
I
R
V

p
e
u
t
ˆe
t
r
e
´e
g
a
le
m
e
n
t
effi
c
a
c
e
m
e
n
t
a
p
p
liq
u
´e
`a
d
´e
t
e
c
t
io
n

d
e
c
h
a
n
g
e
m
e
n
t
d
a
n
s
le
s
d
o
n
n
´e
e
s
S
A
R

m
u
lt
i-p
a
s
s
e
s
e
t
m
u
lt
iv
o
ie
s
.

L
e
s
d
e
u
x

im
a
g
e
s
d
e
g
a
u
c
h
e
d
e
la

fi
g
u
r
e
(
F
ig
.
2
.4
2
)
m
o
n
t
r
e
n
t
u
n
e
c
o
m
p
a
r
a
is
o
n

d
e
r
´e
s
u
lt
a
t
s
o
b
t
e
n
u
s

p
a
r
la
c
la
s
s
ifi
c
a
t
io
n
d
e
W

is
h
a
r
t
s
u
r
la
m
a
t
r
ic
e
d
e
c
o
v
a
r
ia
n
c
e
S
C
M

a
v
e
c
o
u
s
a
n
s
in
it
ia
lis
a
t
io
n
d
u
p
r
o
c
e
s
s
u
s

d
e
c
la
s
s
ifi
c
a
t
io
n

p
a
r
la
m
´e
t
h
o
d
e
H
/α
/A
.
L
a
c
la
s
s
ifi
c
a
t
io
n

r
e
s
t
e
,
`a
la
p
a
le
t
t
e
d
e
c
o
u
le
u
r
p
r
`e
s
,
la
m
ˆe
m
e
.
L
a

c
a
r
t
e
d
e
d
r
o
it
e
,
eff
e
c
t
u
´e
e
a
v
e
c
la
m
a
t
r
ic
e
d
u

p
o
in
t
fi
x
e
,
m
o
n
t
r
e
u
n
e
m
e
ille
u
r
e
c
la
s
s
ifi
c
a
t
io
n
.
C
e
s
p
r
e
m
ie
r
s

r
´e
s
u
lt
a
t
s
,
b
ie
n

e
n
t
e
n
d
u
,
s
e
d
o
iv
e
n
t
d
’ˆe
t
r
e
v
a
lid
´e
s
.
U
n

d
e
s
p
r
in
c
ip
a
u
x

d
´e
fa
u
t
s
d
e
c
e
t
t
e
m
´e
t
h
o
d
o
lo
g
ie
e
s
t

l’´e
t
a
p
e
(
E
q
.
2
.1
5
)
q
u
i
c
o
n
s
is
t
e
`a
r
e
c
a
lc
u
le
r
le
c
e
n
t
r
e
d
e
c
la
s
s
e
p
a
r
m
o
y
e
n
n
a
g
e
d
e
s
m
a
t
r
ic
e
s
d
e
s
p
o
in
t
s
c
o
n
t
e
-

n
u
s
d
a
n
s
la

c
la
s
s
e
.
E
n

eff
e
t
,
r
ie
n

n
e
d
it
q
u
e
la

m
a
t
r
ic
e
S
C
M

o
u

F
P

d
u

c
e
n
t
r
e
d
e
c
la
s
s
e
s
e
s
t
la

m
o
y
e
n
n
e

d
e
s
m
a
t
r
ic
e
s
d
e
s
p
ix
e
ls
c
o
n
t
e
n
u
s
d
a
n
s
la

c
la
s
s
e
.
C
o
m
m
e
n
t
c
a
lc
u
le
r
a
lo
r
s
u
n

b
a
r
y
c
e
n
t
r
e

d
e

m
a
t
r
ic
e
s
d
e

c
o
v
a
r
ia
n
c
e
?
C
e
r
t
a
in
e
m
e
n
t
p
a
s
p
a
r
la
t
e
c
h
n
iq
u
e
d
u
m
o
y
e
n
n
a
g
e
.
E
n
eff
e
t
,
o
n
p
e
u
t
m
o
n
t
r
e
r
q
u
e
le
s
m
a
t
r
ic
e
s

d
e
s
c
e
n
t
r
e
s
d
e
c
la
s
s
e
c
h
a
n
g
e
n
t
d
e
z
o
n
e
s
d
a
n
s
le
p
r
o
c
e
s
s
u
s
it
´e
r
a
t
if
d
e
c
a
r
t
o
g
r
a
p
h
ie
d
u

p
la
n

H
/α
/A
.
U
n
e

d
e
s
p
is
t
e
s
p
o
t
e
n
t
ie
lle
d
e
r
e
c
h
e
r
c
h
e
e
s
t
la
g
´e
o
m
´e
t
r
ie
d
iff
´e
r
e
n
t
ie
lle
(
t
r
a
v
a
u
x

a
c
t
u
e
ls
d
e
F
r
´e
d
´e
r
ic
B
a
r
b
a
r
e
s
c
o

[B
a
r
b
0
9
])
q
u
i
e
x
p
lo
it
e
la
n
o
t
io
n

d
e
g
´e
o
d
´e
s
iq
u
e
d
a
n
s
l’e
s
p
a
c
e
d
e
s
m
a
t
r
ic
e
s
h
e
r
m
it
ie
n
n
e
s
d
´e
fi
n
ie
s
p
o
s
it
iv
e
s

e
t
fa
it
a
c
t
u
e
lle
m
e
n
t
l’o
b
je
t
d
’in
v
e
s
t
ig
a
t
io
n
s
[C
6
1
].

8
2

Simulations  

Target-contamination, Target at 4 m/s, 0 deg 
Rank 45  

LR-AMF based on the SCM LR-AMF based on the NSCM 
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MODEM ET ATHOS

Probabilité de détectionTrajectoire missile
h= 50 m/sol

Objectif

Radar

Zone 
d ’intervisibilité

radar/missile

MODEM (ONERA) : Outil de simulation numérique simple pour évaluer, de façon réaliste, la détectabilité d’un missile volant 
à basse altitude face à un radar sol.

Analyse de la sensibilité de la détection:

• à la SER, aux caractéristiques du radar

• à l’altitude et la vitesse de vol du missile

• à la nature du terrain et aux conditions météorologiques

ATHOS (AERO-CAD) : Logiciel de simulation (Implantation du logiciel à ETCA/CAD en 1997) permettant d’évaluer la 
capacité de pénétration d’un raid de missiles APACHE en tenant compte de façon réaliste :

• du fonctionnement des défenses Sol-Air

• des trajectoires APACHE à basse altitude

• des interactions avec le terrain

Missile

Missile de référence

Apache sur Territoire Hostile

ATHOS


