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Radar Detection

RADAR = RAdio Detection And Ranging

e emits and receives electromagnetic waves,

e detects the presence of targets,

Cartes de détection Image ISAR Image SAR Classification SAR

e but also: estimates parameters (range, radial velocity, angles of presentation, acceleration, amplitude (related to Radar
Cross Section), etc.),
e images, classifies, recognizes.

Note : Almost all the conventional Statistical Signal Processing methodologies and background
modelling tools are based on Gaussian hypothesis (standard conditions).
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Radar and Imaging Sensors - New challenges

conditions

e Complex Environments: ground, dynamic environments (sea, ionosphere), heterogeneous, non-Gaussian, reverberating.
o Complex targets: small RCS, extended targets, fluctuating, dispersive, anisotropic.

e Sensor Diversity: temporal, spatial, polarimetric, interferometric, spectral.

e Improvement of sensor resolution: spatial, spectral, angular.

o Outliers, jamming

e Increase of the dimension and the size of signals to analyze.

Non-Gaussianity élévation 30° élévation 50°

res < 0.5m

@ONERA SETHI

Sous-bande  Sous-bande2 Sous-bande 3
Heterogeneous Non-Gaussian Non-Stationary Targets

. . . Curse of Dimensionali
Environments Environments and Environments ty
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Applicative Context

Air, ground, sea Surveillance
¢ Radar Detection, Space-Time Adaptive Processing
¢ Synthetic Aperture Radar

@ Sources Localization

¢ Interferometric, Polarimetric Classification

@ Change Detection, Infrastructure Monitoring

<A ly Detection in Hypersp: I Imagi

y
¢ MIMO Radar
¢ Tracking

Robust Estimation and Detection

O0000000000000

Big Data

¢ Recognition

¢ Classification, Clustering

¢ Dimension Reduction

@ Machine Learning, Deep Learning
@ Graphes Analysis

¢ Learning Techniques

Finance

¢ Time Series

¢ Portofolio Optimization
¢ Risk Management

¢ Classification

¢ Prediction

ONERA
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Methodological Context

To model thanks statistics the variability of the unknown environment and data,
e To estimate the spectral properties of the environment (ionosphere, sea, wind through forest, etc.),
e To elaborate estimators and detectors that are robust and adaptive to these environments,

e To regulate the False Alarm on these heterogeneous, non-stationary, non-Gaussian environments,

e To improve the classification, the clustering techniques.
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Methodological Context

Goals: Impro t of sensors performance and t

e To model thanks statistics the variability of the unknown environment and data,

e To estimate the spectral properties of the environment (ionosphere, sea, wind through forest, etc.),
e To elaborate estimators and detectors that are robust and adaptive to these environments,
e To regulate the False Alarm on these heterogeneous, non-stationary, non-Gaussian environments,

e To improve the classification, the clustering techniques.

|

Methods: Statistical Signal Processing

e Robust Estimation Techniques of spectral and statistic characteristics of the environment and targets: adaptivity,
statistic learning, cognitive, maximal exploitation of the a priori,

e Optimal Detection Schemes (Likelihood, Bayesian) for stealthy target embedded in these complex environments,

e Exploitation of emerging statistical Signal Processing techniques: Time-Frequency Analysis, Random Matrix Theory,
Clustering, Compressive Sensing, etc.

Special issue: Greco et al., Introduction to the Issue on Advanced Signal Processing Techniques for Radar Applications, IEEE
Journal of Selected Topics in Signal Processing, 2015.
Book: Greco and De Maio, Modern Radar Detection Theory, Scitech Publishing, IET, 2015.
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Problem Statement

@ In a m-vector z, detecting an unknown complex deterministic signal s = Ap embedded in an
additive noise y can be written as the following statistical test:

Trsining Cots Collmer Test Guard cals
7

s

I i B

T

T

Hypothesis Hy: z =1y zi=y; i=1,...,n
Hypothesis Hi: z=s+4+y zi=y; i=1,...,n [

[ N

£ ; =1
T  —
I —
T T

where the z;'s are n "signal-free" independent secondary data used to estimate the noise
parameters. = Neyman-Pearson criterion [Kay 93]

@ Detection test: comparison between the Likelihood Ratio A(z) and a detection threshold A:

2(z/Hh) H
Az) = pe(z/Fh) 22,
p:(z/Ho) 1y
@ Probability of False Alarm (type-l error): P, = P(A(z) > \/Ho)
@ Probability of Detection: Py = P(A(z) > A\/H1) for different Signal-to-Noise Ratios (SNR),

@ When Pg, does not depend on the noise/clutter parameters, the detector is said to be CFAR
(Constant False Alarm Rate).

J.-P. Ovarlez - 20 novembre 2019 - Séminaire Physique
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Problem to solve in Gaussian environment

Ho: z=y zi=y; i
Hi: z=s+4+y zi=y; i

. 1 H—1
where y and y; ~ CN (0, X), i.e. p,(z) = 71""_|z| exp (—z > z)

Goal: to choose the best hypothesis while minimizing the risk of being wrong (False Alarm) from an observation vector z
=—> All is known for Gaussian assumption!

Sample Covariance Matrix (SCM)

When X is unknown, the Gaussian environment is modeled through the SCM:

» 1
S, = - E z,-zf-_"
n

i=1

@ Simple Covariance Matrix estimator, Very tractable,

@ Wishart distributed, Well-known statistical properties: unbiased and efficient.

@ The SCM is the most likely covariance matrix estimate (MLE) and is the empirical mean of the cross-correlation of n
m-vectors z; where n can represent any samples support (range, time, spatial, angular domain)

varlez - 20 novembre 2019 - Séminaire Physique
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Examples of CFAR Detection Schemes Under Gaussia

. . P n Z 1
e Adaptive Matched Filter [Robey et al. 92]: Namr(z) = —5——

pH 8.1 p 50 AAMF
Pﬁ:25("—m+4nvﬂn+zn+n_§%ﬁ>7 J
|PH gn—1 Z|2 Hy
e Adaptive Kelly Filter [Kelly 86]: Axen (z) =

- ~ 2 AKelly
(p"S:'p) (n+2"8.72)

n+l—m
1
Pr = 1 :
f <)\Kelly > J

‘ 2

He&-1
S,z H
e Adaptive Normalized Matched Filter [Scharf 94]: Nanmr(z) = (p"’ g|p1 p) (z"’ = z) % AANMF
n n 0

Po= (1= Aawme)" ™ R (n—m+2,n— m+1;n+ 1; Aawmr) - J

1 1/50 J.-P. Ovarlez - 20 novembre 2019 - Séminaire Physique
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Examples of Gaussian Hypothesis Failure

High Resolution Radars

e Small number of scatterers in the cell under test - Varying number of scatterers from cell to cell - Central Limit Theorem
non valid = non-Gaussianity

e No validity of conventional tools based on Gaussian statistics [Farina 87, Ovarlez 96, Thesis Jay 02].
v

Low-Grazing angles lllumination Radar

e Microshadowing = impulsive clutter [Billingsley 93,

e Transitions of clutter areas, heterogeneity of spatial area under test = difficulty to set up the detection test Ayt and the
Probability of False Alarm depending on the area [Ovarlez 95].

ot S D Likelinood Rato
T

Lobing o |- ot
Free Spacey ™~y *~ N § ow [ — e
\ Ny~ 1 g e
g x | Depression L o |
Angle aomazs
Multipath v [
,M

) ~ s
Microshadowing

Thermal Noise

Likelivood

Probabily That o°F*
g
2

R AR

Low-Grazing angle surveillance : o e E—
Non-Gaussian behavior False Alarm regulation problem
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Examples of Gaussian Hypothesis Failure

@ The SAR images are more and more complex, detailed, heterogeneous. The spatial statistic of
SAR images is not at all Gaussian,

@ In polarimetry research field, almost all Non-Coherent Polarimetric Decomposition and
classification techniques [Lee and Pottier 09] are generally based on conventional covariance
matrix estimate (covariance or coherency matrix), typically the Sample Covariance Matrix (SCM),

@ All these techniques may give very different results when using another estimates [Formont 12]

that may fit better to the reality! Are they more physically valid? Which one to choose?

13/50 J.-P. Ovarlez - 20 novembre 2019 - Séminaire Physique O4N,E RA
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Examples of Gaussian Hypothesis Failure

RXD CDF
0 100 £
o » E Cauchy 3
SRR Blocks._
B E ixture of t-Distributions|| =
s 8 102f W
4 [ N 3
]
L N
o E 104 ?\lormg’ Mixed ——
Foc(144y, Trees 2
F CGrass 2
| 1 L | 1 T t
s 0 100 200 300 400 500 600 700 800 900 1000
Mahalanobis Distance
2
DSO data 2010 [Manolakis 2002]

@ Anomaly Detection (e.g. RXD [Reed and Yu 90]) in Hyperspectral Images: detection of all that is
different from the background (Mahalanobis distance) - Regulation of False Alarm. Application to
radiance images.

@ Detection of targets in Hyperspectral Images: To detect (GLRT) targets (characterized by a given
spectral signature p) - Regulation of False Alarm. Application to reflectance images (after some
atmospheric corrections).

14/50 J.-P. Ovarlez - 20 novembre 2019 - Séminaire Physique
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Going to Robust Adaptive Detection

Generally, some parameters (e.g. second order statistic ) are unknown and cannot be estimated

through Gaussian methodology

= Robust Covariance Matrix Estimation

Requirements:
@ Background modeling: SIRV (K-distribution, Weibull, etc.), CES (Multidimensional Generalized
Gaussian Distributions, etc.),
@ Estimation procedure: ML-based approaches, M-estimation, LS-based methods, etc.

@ Adaptive detectors derivation and adaptive performance evaluation.

ONERA
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Modeling the Background

Complex Elliptically Symmetric (CES) distributions:

Let z be a complex circular random vector of length m. z has a Complex Elliptically Symmetric
distribution (CE (u, X, gz)) if its PDF is [Kelker 70, Frahm 04, Ollila 12]:

g@)=m"|E[" h (- )" T (2 n)),

where h, : [0,00) — [0, 00) is the density generator, where p is the statistical mean (generally known
or = 0,,) and X is the scatter matrix. In general, E [z zH] = a X where « is known.

o Large class of distributions: Gaussian (h;(z) = exp(—z), SIRV, MGGD (h;(z) = exp (—z%)),
etc. Validated through several experimentations [Billingsley 93, Ovarlez 95],

@ Closed under affine transformations (e.g. matched filter),

@ Stochastic representation theorem: |z =, p + RAu !
where R > 0, independent of u® and ¥ = A A" is a factorization of X, where A € C™¥ with
k = rank(X).

ONERA
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Modeling the Background

Spherically Invariant Random Vector: a CES subclass

The m-vector z is a complex Spherically Invariant Random Vector [Yao 73, Jay 02] if its PDF can be
put in the following form:

gz(Z): 1lz|/0 Timexp<(2—,u') > (z_u))pT(T)dT, (1)

Tm

where p- : [0,00) — [0, 00) is the texture generator.

@ Large class of distributions: Gaussian (p-(7) = §(7 — 1)), K-distribution (p, gamma), Weibull
(no closed form), Student-t (p- inverse gamma), etc.
@ Main Gaussian Kernel: closed under affine transformations,

@ The texture random scalar 7 is modeling the variation of the power of the Gaussian vector x along
his support (e.g. heterogeneity of the noise along range bins, time, spatial domain, etc.),

@ Exploitation of the spectral information using the covariance matrix (scatter matrix) X,

, where 7 > 0 is the texture,

@ Stochastic representation theorem: ‘ z=gp+7TAX
independent of x and x ~ CA (0m, X).

ONERA
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Estimating the Covariance/Scatter Matrix: Conventio

Assuming n available SIRV secondary data zx = /7« Xk where x4 ~ CN (0, ) and where 74 scalar
random variable.

@ The Sample Covariance Matrix (SCM) may be a poor estimate of the Elliptical /SIRV
Scatter/Covariance Matrix because of the texture contamination:

n n n
1 1 1
& H H H
Sn:_g Zkzk:_g Tkxkxk;é—g Xk Xk
n n n
k=1 k=1 k=1

@ The Normalized Sample Covariance Matrix (NSCM) may be a good candidate of the Elliptical
SIRV Scatter/Covariance Matrix:

2.z} Xk xg!
Enscm = — E = E oo
Z Zk P Xk Xk

This estimate does not depend on the texture 7, but it is biased and share the same eigenvectors
but have different eigenvalues, with the same ordering [Bausson 07].

19/50 J.-P. Ovarlez - 20 novembre 2019 - Séminaire Physiqiie Eysres
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Estimating the Covariance/Scatter Matrix

Let (zi,...,2n) be a n-sample ~ CE,, (0m, X, g;) (Secondary data).

~ 1 = & (ZﬁEA Zi)
PDF g;(.) specified: MaximumLikelihood-estimator of X: ¥ = = Z e
i=1

PDF g;(.) not specified: M-estimator of X: T = % Z u (z,H )/f_l z,-) z 2!,

i=1

[Kent et al. 91, Maronna 06, Pascal et al. 08, Mahot et al. 13]
@ Existence, Uniqueness, Asymptotic Properties,
@ Convergence of the recursive algorithm, etc.

@ Several PhD ONERA thesis: E. Jay 02, F. Pascal 06, M. Mahot 12, E. Terreaux 18.

ONERA
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Examples of M-Estimators

SCM: Huber's M-estimator: Tyler:
ulr) =1 | K/eifr<=e m
() u(r)_{K/rifr>e u(r) =%

u(r) u(r)

Kle

e

@ Huber = mix between SCM and Tyler [Huber 64],
@ Tyler and SCM are “not" (theoretically) M-estimators,
@ Tyler is the most robust while SCM is the most efficient.

21/50 J.-P. Ovarlez - 20 novembre 2019 - Séminaire Physique




Introduction Some Background on Detection Theory Robust Estimation and Detection

00000 0000000 0000000000000

Estimating the Covariance Matrix: Tyler's M-Estimat:
Let (z1,...,2,) be a n-sample ~ CEj, (Om,):,gz(_)) (Secondary data).

Tyler Estimator ([Tyler 87, Pascal 08])

Zy ZkH

N m
XrpE = — ——>

H
k=1 Zj 3 rpe 2k

@ The Tyler M-estimator does not depend on the texture (SIRV or CES distributions),

n H
@ Convergence of the algorithm: En+1 =f (f,,) with f(f) - m Z % and fo = lp.
gzl z
Existence, Uniqueness,

@ True Maximum Likelihood Estimate when considering textures {Tk}keu?n] as unknown
deterministic parameters.

@ Known asymptotic behavior: Any M-estimator behaves exactly as SCM but with ¢; more
more secondary data (o1 = (m+ 1)/m times more for Tyler): It implies that SCM can be
simply replaced by any M-estimate in previous detectors without changing performance in
Gaussian case (finite distance).

22/50 J.-P. Ovarlez - 20 novembre 2019 - Séminaire Physique
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CES distribution = two-step GLRT ANMF

H(E) = Aawwr(z, Z) =

== — < Aawwmr,
Gk

where £ stands for any M-estimators [Conte 95, Kraut 99].
@ The ANMF is scale-invariant (homogeneous of degree 0), i.e.
Va, ,8 eER, /\ANMF(az [‘32) /\ANMF(Z Z)
@ Its asymptotic distribution (conditionally to z!) is known [Pascal 15, Ovarlez 15].

Jn (H (?:) - H(:)) 5 CN (0,201 H(E) (H(E) — 1)) .

Recall for SCM:/n ( ( ) H(Z)) 45 eN (0, 2H(E) (H(Z) - 1)?) .
@ It is CFAR w.r.t the covariance/scatter matrix,
@ It is CFAR w.r.t the texture.

ONERA
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lllustrations of the Result on the ANMF
o A =var (H(f) - H(Z)). Here £ = complex Huber's M-estimator.

o Figure 1: Gaussian context, here o1 = 1.066.

o Figure 2: K-distributed clutter (shape

o4 == var(Agr ) 1

-26

var(Asca) 1

28 + var(Agy) for 0N datal o

-32
= -3.4

ogarithm of var(A)

~ 36
-3.8

1000

" ; ; ; ;
0 200 400 60 800
Num%er of snaps%ots n

Validation of theorem (even for small n)

parameter: v = 0.1 and 0.01).

- 4= var(Aguw), v = 0.01

——var(Ascar), v = 0.01

— == =var(Agu), v =0.1
% - var(Ascar), v = 0.1
=
wy -1.5
(=}
E -
=1
g
% -2.5 S
& Tl
R S
-3 R T
STIizziaoy
_SVSO 200 400 600 800 1000

o]
Number of snapshots n
Interest of the M-estimators

Performances are slightly the same in Gaussian case
but are clearly better in non-Gaussian case.

novembre 2019 - Séminaire Physique
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[llustrations of the Result on Pg

o Figure 1: Gaussian context :
Po = (1= Aanmr)” ™ 2Fi(n—m+2,n—m+1;n+ 1; Aanwr) -
o Figure 2: K-distributed clutter (shape parameter: v = 0.1), here o1 = 1.066 :
P = (1 — Aawme)” 7™ 2R (nfor — m+2,n/o1 — m+1;n/o1 + 1 Aawwe) -

w T T T T

o T T T

T =
\ b ith o N data
' , 5 )

L L L L w L L L

I L L L L L
0 05 8
Detection threshokd )

o7 08 09 [

L L
06 05 06
Detection threshold A

o Interest of the M-estimators for False Alarm
Validation of theorem (even for small n) .
regulation
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False Alarm regulation for ANMF built with Tyler's estimate

CFAR-texture property for the ANMF with Tyler's est.

— - Gaussian

~ K~distribution
Student-t

~ Cauchy

O Laplace

— X estimated, n=40, m=10

~ ~ % known (NMF)

PFA

10°

CFAR-matrix property for the ANMF with the Tyler's est.
T peace e

01

10°
Detection thres|

o "

10 10 10

hold

(a) CFAR-texture

1
: s
Detection threshold *©

(b) CFAR-matrix

Figure: lllustration of the CFAR properties of the ANMF built with the Tyler's estimator, for a Toeplitz CM

whose (i, j)-entries are pli—il.
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Transtons spatles pour § K-ditrbutions

@ K-distributed clutter transitions: from Gaussian to impulsive noise,

@ Estimation of the covariance matrix onto a range bins sliding window.

ONERA
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Properties of ANMF-Tyler Detector on Clutter Trans

Probability of False Alarm - ANMF-Tyler |°'.~110(Pﬁ=1%l

Probability of Detection for Pfa = 0.001 - ANMF-Tyler

40

Detection Threshold (log1o)
S - > ®
8
8
N
SNR (dB)
3

30 40 0

Range bins 70 80

50 60
Range bins
Probability of False Alarm - AMF-SCM log10(Pfa) - .

Probability of Detection for Pfa = 0.001 - AMF-SCM

2

2 -

5 H

;

8 -20

Range bins 30 40 60 80 %0
Rangeblns
@ ANMF-Tyler: The same detection threshold is guaranteed for a chosen P, whatever the clutter

area,

@ ANMF-Tyler: Performance in terms of detection is kept for moderate non-Gaussian clutter and
improved for spiky clutter.
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@ Applications and Results in Radar, STAP, SAR imaging, Hyperspectral Imaging
@ Surveillance Radar against Ground and Sea Clutter
@ Detection Performance on STAP Data
@ Detection Performance on SAR Image
@ Hyperspectral Imaging: Detection and Anomaly Detection
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False Alarm Regulation on THALES Ground Clutter

Data Description

@ "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.

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

Pulse n° 1

T v “.n'npuh W"
i

ONERA
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False Alarm Regulation on THALES Ground Clutter

Data processing

@ Rectangular CFAR mask 5 x 5 for 0 < k < m different steering vectors py.

Cell under test : y

7 1

exp (2i7r(k—1)

m

exp ( 2i7rgkm—1)2 )

|1 Pk =

A :
\/ exp (2i7r(k.—’1n) (m—l))

Reference cells (CFAR mask)

@ For each z, computation of associated detectors /\ANMF(}A:T},IE,) and /\ANMF()A:NSCM)

@ Mask moving all over the map.

ONERA
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Curves "PFA-threshold" - CFAR property

Clutter map
RRTE "7 o
W i
‘ ~ it
i
FP
107
g = Theoretical
NSCM
107
Itue M
100 200 - 300 400 500 600 700 800 o 10' 10 10° 10° 10 10° 10
ange i eshol 1
Azimut/range bins map Relationship " P;,-threshold"

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

Black curve fits red curve until PFA = 103 [Ovarlez et al. 16].
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False Alarm Regulation on THALES Ground Clutter
o bbbl ”

. ANMF-PFP

7 0o 5 10
0 resnos SNR (4B)

Persymmetric Tyler-ANMF and Tyler ANMF on THALES dataset - m =8, n =38

m=8etk=20

N

theo. ANME-PFP.

107l .
10° 10

5w 25

o7 0 0 5 10
Threshold SNR(dB)

Persymmetric Tyler-ANMF and Tyler ANMF on THALES dataset - m =8, n = 20
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Detection Performance on THALES Sea Clutter

Outrace (m)

X Detector on Dieppe sea clutter ANMF-FP Detector on Dieppe sea clutter

4
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Detection Performance on Simulated Data

Spatially and Spectrally Heterogeneous Strong Clutter

SNR (dB) ANMF_PSCM Detection ANMF-PFP Detection

Z. J———
E -
? .
° ; .
Q o ——
o . . .
Range (km) Range (km) Range (km)
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Detection Performance on STAP Data

| W

B A
\Jl mll” W'

Figure: Doppler-angle map for the range bin 255 with n = 404 secondary data, m = 256 [Pailloux 10]
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Detection Performance on SAR Image

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.

Dataset from SANDIA National Laboratories Artificial embedded target

Angulsr and Speciral Benaviorof the target to be detected
A mage - o arget AR mage wih targe n (16934208, 54571 cl ot

B

Left: Original SAR Image without target. Right: Left: SAR Image of the target. Right: True target
SAR image with specific embedded target. response p in angular and spectral spaces (Np =5
sub-looks, Nf = 5 sub-bands).
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Detection Performance on SAR Image

Perfect PFA regulation with ANMF-Tyler but poor PFA regulation for AMF-SCM

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

Better target detection for ANMF-Tyler [Ovarlez 17, Mian 19]

S st Ty 20315108 =551

|

Left: Full AMF-SCM detection test, Pg, = 1. Right: AMF-SCM Left: ANMF-Tyler detection test, Pr, = 1. Right: ANMF-Tyler
detection test, Pg, = 2.6 1073, detection test, Pg, = 2.6 1073,

e s Doecion i< e s et (47 31 Pz
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Hyperspectral Imaging

i

R

Spectal dimension

Reflectance

Spatial dimension Spatial dimension

Wavelength

e Anomaly Detection
To detect all that is "different" from the background (Mahalanobis distance) -
No information about the targets of interest available [Frontera 16].
e "Pure" Detection
To detect targets characterized by a given spectral signature p - Regulation of False Alarm [Ovarlez 11,

Frontera 17].
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Hyperspectral Imaging
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Robust Estimation and Detection

Applications and Results in Radar ...

n=1_ - -1 -1
Po=(1-X) m+12F1(n n —m+1;n
o1 o1 o1

@ This two-step GLRT test is homogeneous of degree 0: it is
independent of any particular Elliptical distribution: CFAR texture
and CFAR Matrix properties,

@ Under homogeneous Gaussian region, it reaches the same
performance than those of the detector built with the SCM
estimate.
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Hyperspectral Imaging

Selected bands

Extracted region :
»100 x 100 pixels,
»5 bands, Adaptive Normalized Matched Fiter

»Sliding Window: 19x19 :

Theoretical-5CM
: MC-SCM
sk ; H H Theoretical-FP

: H : ——MCFP

. Non-Gaussian region

Original data set

BSOS OO PO PO SOSRPOOS SOPSIPRIOS SOTUPPOOY SRR At
0 [ 1 5 2 25 3 35
Threshold (dBs)
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Hyperspectral Imaging

. . Hy : c=b Ci,...,Cn )
Binary Hypotheses test: { Hi @ c—Ap+b c.. . .c where b ~ CN(0rm, X) and ¢j ~ CN(0m, X), A
known and p unknown

600
500 |- Anomalies % | 1 n

) denoting f1 = — ci
400 |~ - g M n Z !

B i=1

:; 300 - N ~A\VH ¢—1 P i

H RXDscm(c) = (e — )" Sp~ (e —f1) 2 A

200 |- Background B Ho
(Hotelling T2 distributed)
100 n—m
RXDSCM(C) ~ Fm,nfm
0

m(n+1)
Band 30
@ Derived and valid only under Gaussian hypotheses,

@ Its false alarm rate is independent of the covariance matrix: CFAR-matrix property in homogeneous
Gaussian data.
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Hyperspectral Imaging

g ) Ho : c=b Ci,...,Cp
Binary Hypotheses test: { H : c—Ap+b .. .. where b ~ CE(u, X, g;) and ¢; ~ CE(p, X, g7),
A known and p unknown
600
500 Anomalies - %¢
400 |~ H
2 aH 1 PG
% | RXDp—est(€) = (c— )" £ (c—f) =2 A
& Ho
200 |- Background where X and fi are M-estimates
ol o of the location and scale
éj& ‘Threshold
0 h&-\> L L L L L L

400 500 600 700 800 900 1,000 1,100
Band 30

@ Derived and valid for any Elliptical Contoured Distributions,
@ lts false alarm rate unfortunately depends on texture statistic of the data.
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Anomaly Detection Results on Artificial Targets

Feflectance

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 (m =9, n = 80, 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 (m = 126, n = 288, PFA =
0.03).
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Galaxies Anomaly Detection Results on MUSE dat

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

Classical RXD Muse Image Extended RXD

RXDscpm(c) 300 x 300 pixels RXD1yjer(c)
3578 spectral bands

Better detection and False Alarm regulation with Tyler estimate (same Pfa).
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