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Data Description

700

m "Range-azimuth” map from ground clutter data collected by a radar from THALES Air
Defense, placed 13 meters above ground and illuminating area at low grazing angle.

m Ground clutter complex echoes collected in 868 range bins for 70 different azimuth angles
and for m = 8 pulses.
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Data processing

m Rectangular CFAR mask 5 x 5 for 0 < k < m different steering

vectors py.
Cell under test : y

1

A <2i7'[(k71)>

P 7 m

2im(k—1)2

5 pr=| XP\7m
‘\ :

\/ exp (2i7t(kfr173 (mfl))

Reference cells (CFAR mask)
m For each y, computation of associated detectors Aannir(Z7ye-) and

Aanvir (Znscm)

m Mask moving all over the map.
6/50

Jean-Philippe Ovarlez 128Me Ecole d’Eté de Peyresq



Surveillance Radar
Applications and Results in Radar ... STAP Applications

SAR Imaging

Hyperspectral Imaging

False Alarm Regulation Results on Experimental Data
(Surveillance Radar)

Curves "PFA-threshold" - CFAR property

FP

A \ Theoretical

NSCM
0 \,
True M /

10 10"

10 10* 10° 107 10
threshold 7.

Azimut/range bins map Relationship " Py,-threshold"

Figure: ANMF with Tyler's M-estimate - False alarm regulation for pg = (1...1)7.

Black curve fits red curve until PFA = 103 [Ovarlez et al.] in
[Greco and Maio, 2016].
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False Alarm Regulation Results on Experimental Data
(Surveillance Radar) [Pailloux et al., 2011, Pailloux, 2010]
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Persymmetric Tyler-ANMF and Tyler ANMF on THALES dataset - m=8, n =38

=
X
§

Persymmetric Tyler-ANMF and Tyler ANMF on THALES dataset - m =8, n=20 ,
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Space Time Adaptive Processing: Principles

Slow tima (CPI)

(a) STAP principles (b) STAP datacube
1 1
exp(—2imtd sin(0)/A) exp(—2imtfy T,)
p(e) fd) = . ® .

exp(—2imt(N — 1) dsin(0)/A) ) \exp(—2intfy (M —1) T,)
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STAP Principles [Ovarlez et al., 2011b]

Problem: Using joint spatial and time measurements, estimate the
position (angle) and the Doppler frequency (speed) of the target
= use of the ANMF with a particular steering vector

Data parameters: real clutter with synthetic target

X-Band ~ 10° Hz, wavelength A = 0.03m, flight speed v =100m/s, distance to the
scene 30km, 5deg of incidence, PRF (Pulse Repetition Frequency) of 1 kHz, inter-sensor
distance d = 0.3m, 12 trials with n = 410 range bins, M = 64 pulses and N = 4 sensors.

This means observations of size m = 256 while n < 410!

Clutter more or less homogeneous BUT some targets (outliers)
could be present in the secondary data
11/50
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No target is present in the secondary data - homogeneous noise

‘STAP AMF+SCM, data 3, burst 6, range bin 255

‘STAP ANMF-FP, Essai 3, burst 6, range bin 255

0
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o 0
Speed (mis) Speed (mis)

(c) AMF detector with the SCM  (d) ANMF detector with Tyler's est.

Figure: Doppler-angle map for the range bin 255 with n = 404 secondary data
(targets and guard cells are removed) and m = 256
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Two targets (4m/s and -4m/s) are present in the secondary data -
homogeneous noise

STAP AMF+SCM, data 3, burst 6, range bin 255 STAP ANMF-FP, Essai 3, burst 6, range bin 255

Angle (deg)
Angle (deg)

[]
Speed (ms)

(a) AMF detector with the SCM  (b) ANMF detector with Tyler's est.

0
Speed (mfs)

Figure: Doppler-angle map for the range bin 255 with n = 404 secondary data
(guard cells are removed) and m = 256
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Figure: Doppler-angle map for the range bin 255 with n = 404 secondary data
(guard cells are removed) and m = 256
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Extended Low Rank Detectors
[Ginolhac et al., 2012, Ginolhac et al., 2013]

No target-contamination, Target at 4 m/s, 0 deg

© Only one target detection
@ Non contaminated secondary data

H " Classical STAP
N=4, M =64 n=408 |

n<2MN, n>2r

Figure: Doppler-angle map for the range bin 255 with n = 100 < m secondary
data (guard cells are removed) and m = 256
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Extended Low Rank Detectors [Ginolhac et al., 2011]

'r’mL ‘(ﬂr I

& Only one target (4m/s) in the CUT |
kI
N =4, M =064, n=410

e o} dw 1“1 Ih—

Low Rank AMF with SCM Low Rank ANMF with NSCM

(two targets at 4m/s and -4m/s)

@ Contaminated secondary data r
|I Classical STAP

Target in the CUT

Whitened
target

Target sidelobe |

Figure: Doppler-angle map for the range bin 255 with n = 100 < m secondary
data (guard cells are removed) and m = 256
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Application of Shrinkage to STAP [Pascal et al., 2014]

Applications and Results in Radar ...

Applications to STAP data for # values of 3, m =256 and n =400

(Trial 10, beta= 0.5, 400 secondary data) (Trial 10, beta= 0., 400 secondry data)
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Application of Shrinkage to STAP [Pascal et al., 2014]

Applications to STAP data for # values of 3, m =256 and n =200 < m

(Trial 10, beta= 0.5, 200 secondary data) (Trial 10, beta= 0.6, 200 secondary data) (Trial 10, beta= 0.5, 200 sscumary data) (Trial 10, beta= 0.6, 200 secondary data)
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m SAR Imaging

19/50

Jean-Philippe Ovarlez 128Me Ecole d’Eté de Peyresq



Surveillance Radar
Applications and Results in Radar ... STAP Applications

SAR Imaging

Hyperspectral Imaging

Background on SAR and Radar Imaging
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Radar Imaging allows to build more and more precise images:

e Current use of very high spectral bandwidth and very high angular bandwidth leading to
very high spatial resolution,

e Application to monitoring (detection, change detection), classification, 3D reconstruction,
EM analysis, etc.

These applications require some physical diversity to reach good performances. )
20/50
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Multi-Channel SAR Images

Multi-channel SAR images automatically propose this diversity through:

e polarimetric channels (POLSAR), interferometric channels (INSAR), polarimetric and
interferometric channels (POLINSAR),

e multi-temporal, multi-passes SAR Image, etc.

Pauli Decomposition

Range X, meters

300 200 100 200 -300

100 0
Cross-range Y, meters

EM behavior of the terrain Estimation of the height Analysis of the structures displacement in
in POLSAR images in POLINSAR images Shangai with multi-temporal SAR images
(@Telespazio)

Almost all the conventional techniques of detection, parameters estimation, speckle filtering
techniques, classification in multi-channel SAR images (e.g. polarimetric covariance matrix,

interferometric coherency matrix) are based on the multivariate statistic.
21/50
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Mono-Channel SAR Images

For mono-channel SAR Images, each pixel of the spatial image is only characterized by a
complex amplitude and we don’t have directly access to this diversity. Moreover,
e very high resolution SAR images are more and more complex, detailed, heterogeneous,
e the spatial statistic of SAR images may be not at all Gaussian !
e SAR pixels may be dispersive (or colored) and anisotropic.

Speciral diversi

Non-Gaussianity

res < 0.5m

@ONERA SETHI

L

Sub-band 1 Sub-band 2 Sub-band 3

Challenging Problems

e How to retrieve, how to exploit this diversity (dispersive and anisotropic information) from
mono-channel SAR image ?

e How to derive Multivariate Adaptive Detectors on a mono-channel complex SAR image ?

J
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Conventional Principle of Radar/SAR Imaging

Conventional Fourier Imaging (laboratory, SAR, ISAR):

e Assumptions of white and isotropic bright points

e |t does not exploit the potential non-stationarities
or diversities of the scatterers

e Hypothesis of bright points modeling: all the scatterers localized in x and characterized
by the complex spatial amplitude distribution /(x) have the same behavior for any wave

2
vector k = — (cos 0, sin 9]T. After some processing, the backscattering coefficient H(k)

c

acquired by the radar is simply related to the SAR image /(x) through:
H(k) = J I(x) exp (72 kax) dx

e The SAR image /(x) is then obtained through the Inverse Fourier Transform:

I(x) = LD H(K) exp (2 ik’ x) dk
k

With this model, all information relative to frequency f and angle 0 are lost. Hence, spectral
and angular diversities are lost. J
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Time-Frequency Distributions for SAR Imaging - Key Idea

Time-Frequency Distributions are generally devoted to non-stationary time signals analysis (e.g.
spectral components varying with time). They can be easily extended in 2D.

Key idea: In the context of SAR Imaging, Time-Frequency Analysis allows:
e to highlight the coloration and anisotropy properties of monodimensional SAR scatterers,

e to characterize each pixel of the complex SAR image with a vector of information related
to angular or/and frequency behaviors.

LTFD analysis and the physical group theory (Heisenberg or affine group) allow to construct
hyperimages [Bertrand et al., 1991, Bertrand et al., 1994, Bertrand and Bertrand, 1996]
through:

T(r0, ko) =< H(.), ¥y g ) >= L; H(k) W, 4 (k) dk,

ro,Ko

where W0 1 (k) is a family of wavelet bases (Gabor, wavelet) generated from a mother wavelet
¢(f,0) through the chosen physical group of transformation (translations, scale in frequency,
etc.) and where Dy is the spectral/angular support of the wavelet V.
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Highlighting the Spectral and Angular Behaviors of
Scatterers

Some examples of synthetic hyperimages I(ro, ko):

Isotropic and white scatterers. Anisotropic and colored
scatterers.

e An isotropic and white scatterer is mainly located on a pixel of SAR image,
e An anisotropic and colored scatterer may naturally spread out in spatial domain ! J

J
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From Mono-Channel to Multi-Channel SAR Image

Example of Ny = 3 sub-bands and Ng = 3 sub-looks image decomposition:

H=TF(I 1

Exploitation of the diversity

Each pixel i of the mono-channel SAR image can now be characterized by a N-vector

Xj = [Wli,v ey Wl(lf‘No] ! of information (N = N¢ Np) related to dispersion in frequency
domain and anisotropy in angular domain. Which multivariate statistic can characterize the

vector x; ?
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SAR Imaging

Hyperspectral Imaging

Robust Detection Schemes for CES distributions

In CES distributed noise, a well known two-step detector with nice properties have been derived
[Conte et al., 1995, Kraut and Scharf, 1999]:

‘P iTEX H1

AanmEe (%) = < AANMF

’xH 2 TE X) ‘PH iTE p‘

where ﬁTE stands for Tyler's estimator.

m The ANMEF is scale-invariant (homogeneous of degree 0), i.e
Yo B € R,y Aawmr(ax, B £7e) = Aawmr(x, £7€),

e It is CFAR w.r.t the covariance/scatter matrix, CFAR w.r.t the texture,

e Under Hy hypothesis, Pr and Aanmvre are related to a theoretical closed-form
expression [Pascal, 2006, Pascal et al., 2006, Pascal et al., 2008]. This allows to
set up a fixed detection threshold Aaymr anywhere in the heterogeneous and

non-Gaussian SAR image.
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Results - SANDIA Dataset

Dataset from SANDIA National Laboratories Artlflaal embedded target
Left: Original SAR Image without target. Left: SAR Image of the target. Right: True
Right: SAR image with specific embedded target response p in angular and spectral
target. spaces (Ng = 5 sub-looks, Nf =5 sub-bands).

Analysis of Performance

e Evaluation the CFAR property of the AMF and ANMF detectors,
e Comparison of the target detection performance between AMF and ANMF.

28/50
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Analysis of performance

Perfect PFA regulation with ANMF-TE but poor PFA regulation for AMF-SCM J

Left: FA Regulation with ANMF-Tyler. Right: FA Regulation with AMF-SCM. Ng =5, Nf =5, K = 88.

Better target detection for ANMF-TE [Ovarlez et al., 2017, Mian et al., 2017] J

Left: Full AMF-SCM detection test, Pg, = 1. Right: Left: ANMF-TE detection test, Pr, =-1. Right: 29/50
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Outline

Applications and Results in Radar, STAP and Array Processing, SAR
imaging, Hyperspectral Imaging

m Hyperspectral Imaging
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Hyperspectral Imaging (HSI)

Reflectance

Spectal dmension

I
20 40 60 80 100
Wavelength

Spatatdmension

Spatial cimersion

e Anomaly Detection
To detect all that is "different” from the background (Mahalanobis distance) -

No information about the targets of interest available [Frontera-Pons et al., 2016].
e "Pure” Detection
To detect targets characterized by a given spectral signature p - Regulation of
False Alarm [Ovarlez et al., 2011a, Frontera-Pons et al., 2017].
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The hyperspectral data are real and positive as they represent radiance or
reflectance.

* A mean vector has been included in the model and estimated jointly with the scatter
matrix,

The real data has been transformed into complex ones by a linear Hilbert filter and then
be decimated by a factor 2 (principle of analytic signals)

Original data set (Hymap data)

32/50
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Problem
Now, the statistical mean is non null = M-estimator of the
mean is required

ZU1(ti)Z; L
ﬁ:"zii and EZEZUQ (l’,2) (zi — ) (zi — )",
> () =

i=1

where t; = ((z,- — ﬁ)”f‘l (z; — ii))l/2 and uy(.), us(.) denote any
real-valued weight functions (following the conditions of Maronna).

A\No proofs of existence, uniqueness, consistency and
convergence of the recursive algorithm!

33/50

Jean-Philippe Ovarlez 128Me Ecole d’Eté de Peyresq



Surveillance Rada
Applications and Results in Radar ... STAP Applications

SAR Imaging

Hyperspectral Imaging

Po=(1-N"= "R <n717m+2,n717m+1;n71 71;?\)»

01 01 01
where the parameter o7 is very close to 1 but depends on the M-estimator:
for Tyler's estimate, 01 = (m+1)/m.

ANMF

m This two-step GLRT test is homogeneous of s

degree 0: it is independent of any particular o

Elliptical distribution: CFAR texture and CFAR .

Matrix properties, g SCM
m Under homogeneous Gaussian region, it =5 /

reaches the same performance than those of e \ Huber

the detector built with the SCM estimate.

5 s 10 .
Threshold (9 50

Jean-Philippe Ovarlez 128Me Ecole d’Eté de Peyresq



Surveillance Radar
Applications and Results in Radar ... STAP Applications

SAR Imaging
Hyperspectral Imaging

Selected bands

Extracted region :
»100 x 100 pixels,

5

»5 bands, Adaptive Nommalized Matched Fiter
» Sliding Window: 19x19 : : : Theoretical SCM
: : ——MC-5CM
- A0S He N PP PP Theoretical-FP
MC-FP
= p» &
Ak ]
2 -15¢

i
0 05 1 15 2 25 3 35

Threshold (dBs)
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Hy : c=b Ciy...,Cn
Hi : c=Ap+b ci...,c,
ci ~CN(0,M), A known and p unknown

Binary Hypotheses test: where b ~ CN'(0,M) and

600 T T T T T T T
1 n
500 |- Anomalies % | denotin —— .
. g - Z Ci
400 - B i=1
H a-1 h
] RXDscm(c) = (e — ) 8, (¢ — 1) = A
200 |- Background B HO
; (Hotelling T2 distributed)
100 - -
n—m

00 60 700 800 900 1000 1100 m (I‘I ¥ 1) RXDSCM (C) ~ Fm;"*m

Band 30

m Derived and valid only under Gaussian hypotheses,

m lts false alarm rate is independent of the covariance matrix: CFAR-matrix property
in homogeneous Gaussian data.
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Ho : c=b Ciy...,Cpn
Hi : c=Ap+b ci,...,c,
and ¢; ~ CE(u, X, gz), A known and p unknown

Binary Hypotheses test: where b ~ CE(u, X, g5)

600 T T

500 |- Anomalies + ¢

400 - b

RXDur_ex(€) = (e — ) £ (c— 1) = A

300 B HO
1 where £ and i are M-estimates
, of the location and scale

200

100

0 I I I I I |
400 500 600 700 800 900 1,000 1,100

Band 30
m Derived and valid for any Elliptical Contoured Distributions,

m lts false alarm rate unfortunately depends on texture statistic of the data.
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Anomaly Detection Results on Artificial Targets

of 7

§ 30F Q%
5 51 %
20f
15F
10l ‘
st f
v
600 800 1000 1200 1400 1600 1800 2000 2200 2400
‘Wavelength
Original image (Forest Region) Target Spectrum

50 x 50 pixels, 126 spectral bands
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Anomaly Detection Results on Artificial Targets

(a) Original (b) SCM (c) Shr-SCM (a) FP (b) Shr-FP

Extended Kelly AD built with conventional and robust estimates for artificial targets in real HSI
with all the bands (m =9, n =80, same PFA = 0.03).

(a) Original (b) SCM (c) Shr-SCM (a) FP (b) Shr-FP

Extended Kelly AD built with conventional and robust estimates for artificial targets in real HSI
with all the bands (m = 126, n = 288, same PFA =0.03): 39/50
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Galaxies Anomaly Detection Results on MUSE data

Problem of detecting galaxies in HS MUSE (Multi Unit Spectroscopic Explorer) data
(465- 930 nm)

Classical RXD Muse Image Extended RXD
Il o e

300 x 300 pixels
3578 spectral bands
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Conclusions and Perspectives

Conclusions

When the background is non-Gaussian and/or heterogeneous, the
conventional detectors (AMF or sub-optimal CFAR tests) are not at all
optimal and lead to poor false alarm regulation and poor detection
performance,

The SIRV and CES background modeling allows to take into account the
background complexity: the non-Gaussianity, the temporal background
fluctuations and the spatial background power fluctuations,

Using this model, the ANMF detector built with the Fixed Point (or other
M-estimators) background covariance matrix estimator is shown to be
CFAR-texture, CFAR-matrix and exhibits nice properties (robustness) and
very good detection performance,
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Conclusions and Perspectives

Conclusions

Taking into account additional a priori properties on the covariance
matrix structure (low rank, persymmetry, Toeplitz, ...) can lead to
a appreciable gain for small numbers of secondary data,

These methods have been applied for many problems involving
covariance matrix estimation: STAP detection, SAR detection
(FOPEN), Polarimetric/Interferometric SAR detection and
classification, SAR and Hyperspectral Change Detection, SAR and
Hyperspectral time-series analysis, Hyperspectral Anomaly
detection, Hyperspectral detection.
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On-going works and Perspectives

Link with Random Matrix Theory: for high dimensionality data (ex:
hyperspectral, STAP), strong statistical connection with Robust
Estimation theory: see current works of R. Couillet, and F. Pascal,

Robust estimation of structured covariance matrices [Y. Sun, D. P.
Palomar, A. Breloy, G. Ginolhac, F. Pascal, P. Forster|,

Joint location and scale with M-Estimators (non-centered multivariate
data, e.g. hyperspectral data) [J. Frontera, F. Pascal, J.P. Ovarlez],

How to deal with non i.i.d secondary data? RMT approach: [R. Couillet,
F. Pascal, J.P. Ovarlez], VARMA approach: [W. Ben-Abdallah, P.
Bondon, J.P. Ovarlez],
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On-going works and Perspectives

No secondary data: [C. Ren, N. El-Korso, P. Forster, A. Breloy, J.P.
Ovarlez],

M-Estimators and Riemannian Geometry: [F. Barbaresco], [F. Pascal, G.
Ginolhac, A. Renaux],

Shrinkage of M-Estimators: [A. Wiesel, Y. Abramovitch, O. Besson, F.
Pascal, E. Ollila, ...], [Q. Hoarau, G. Ginolhac],

Sparsity and high dimension: [A. Bitar, J.P. Ovarlez]. J
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