Recent Advances in Adaptive Radar Detection

Maria Grecol, Frédéric Pascal?, Jean-Philippe Ovarlez®3

IPisa University, Italy
2E3S-SONDRA, Supélec, France

3French Aerospace Lab, ONERA DEMR/TSI, France

Radar Conference 2014
October 2014

Maria Greco Recent Advances in Adaptive Radar Detection



Contents

m Part A: Maria Greco
Background on Clutter Modeling and Modern Radar Detection

m Part B: Frédéric Pascal
Adaptive Detection and Covariance Matrix Estimation

m Part C: Jean-Philippe Ovarlez
Radar Applications

1/45

Maria Greco Recent Advances in Adaptive Radar Detection



Part A

Background on Clutter Modeling and Modern

Radar Detection

2/45

Maria Greco Recent Advances in Adaptive Radar Detection



Part A: Contents

Introduction and Background

Clutter Modeling for High Resolution Radars
m Radar Clutter Modeling
m The Gaussian model
m The Compound Gaussian model
m The multidimensional CG model

Optimum and Suboptimum Coherent Radar Detection in
Compound-Gaussian Clutter
m The general radar detection problem
m Optimum coherent detection in compound-Gaussian clutter
m Suboptimum detection in compound-Gaussian clutter
m Performance analysis - design trade-offs

3/45

Maria Greco Recent Advances in Adaptive Radar Detection



Introduction and Background

Outline

Introduction and Background

4/45

Maria Greco Recent Advances in Adaptive Radar Detection



Introduction and Background

Introduction

m Radar systems detect targets by examining
reflected energy, or returns, from objects

m Along with target echoes, returns come from the
sea surface, land masses, buildings, rainstorms, and
other sources

m Much of this clutter is far stronger than signals
received from targets of interest

m The main challenge to radar systems is
discriminating these weaker target echoes from
clutter

m Coherent signal processing techniques are used to
this end

The IEEE Standard Radar Definitions (Std 686-1990) defines coherent signal processing as echo
integration, filtering, or detection using the amplitude of the received signals and its phase
referred to that of a reference oscillator or to the transmitted signal.
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Introduction and Background

What is the clutter?

Clutter refers to radio frequency (RF) echoes returned from targets which
are uninteresting to the radar operators and interfere with the observation
of useful signals.

Such targets include natural objects such as ground, sea, precipitations
(rain, snow or hail), sand storms, animals (especially birds), atmospheric
turbulence, and other atmospheric effects, such as ionosphere reflections
and meteor trails.

Clutter may also be returned from man-made objects such as buildings
and, intentionally, by radar countermeasures such as chaff.
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Introduction and Background

Radar clutter

m Radar clutter is defined as unwanted echoes, typically from the
ground, sea, rain or other atmospheric phenomena.

m These unwanted returns may affect the radar performance and can
even obscure the target of interest.

m Hence clutter returns must be taken into account in designing a radar
system.

Towards this goal, a clutter model assumption is necessary!

The function of the clutter model is to define a consistent theory
whereby a physical model results in an analytical model which can be
used for radar design and performance analysis.
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Radar Clutter Modeling

The Gaussian model

The Compound Gaussian model
The multidimensional CG model

Clutter Modeling for High Resolution Radars

Outline

Clutter Modeling for High Resolution Radars
m Radar Clutter Modeling
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Radar Clutter Modeling

The Gaussian model

The Compound Gaussian model
The multidimensional CG model

Clutter Modeling for High Resolution Radars

Radar Clutter Modeling

m |n early studies, the resolution capabilities of radar systems were relatively low, and the
scattered return from clutter was thought to comprise a large number of scatterers,

m From the Central Limit Theorem (CLT), researchers in the field were led to conclude that
the appropriate statistical model for clutter was the Gaussian model (for the | & Q
components), i.e., the amplitude R is Rayleigh distributed)

Zr, Zg € N(0,02),i.id.

Z=7Z1+jZ
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Radar Clutter Modeling

The Gaussian model

The Compound Gaussian model
The multidimensional CG model

Clutter Modeling for High Resolution Radars

Radar Clutter Modeli

m In the quest for better performance, the resolution capabilities of radar systems have been
improved

m For detection performance, the belief originally was that a higher resolution radar system
would intercept less clutter than a lower resolution system, thereby increasing detection
performance

m However, as resolution has increased, the clutter statistics have no longer been observed
to be Gaussian, and the detection performance has not improved directly

m The radar system is now plagued by target-like spikes that give rise to non-Gaussian
observations

m These spikes are passed by the detector as targets at a much higher false alarm rate
(FAR) than the system is designed to tolerate

m The reason for the poor performance can be traced to the fact that the traditional radar
detector is designed to operate against Gaussian noise

m New clutter models and new detection strategies are required to reduce the effects of the
spikes and to improve detection performance
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Radar Clutter Modeling

. . . The Gaussian model
Clutter Modeling for High Resolution Radars The Gompound) Gaussian model

The multidimensional CG model

Sea Clutter Temporel Behaviour (30m)

The spikes have different behaviour in the two like-polarizations (HH and VV)

The vertically polarized returns appear
to be a bit broader b‘l}less spiky
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Ampiezza (V)

D
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The dominant spikes on the HH record
persist for about 1-3 s.
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Radar Clutter Modeling

The Gaussian model

The Compound Gaussian model
The multidimensional CG model

Clutter Modeling for High Resolution Radars

Empirically observed models

Empirical studies have produced several candidate models for spiky non-Gaussian clutter, the
most popular being the Weibull distribution, the K distribution, the log-normal, the generalized
K, the Student-t, etc.

10% .
Weibul Measured sea clutter data
o'l o (IPIX database)
> The APDF parameters have
Histogram

/ been obtained through the
Method of Moments (MoM)

the Weibull , K,
10° log-normal etc. have
0 0.2 0.4 0.6 0.8 1 heavier tails than the
Amplitude (V) Ray|eigh
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Radar Clutter Modeling

The Gaussian model

The Compound Gaussian model
The multidimensional CG model

Clutter Modeling for High Resolution Radars

The Gaussian model

The scattered clutter can be written as the vector sum from N random scatterers

N
2= o, exp(jdi)
1=1

RCS of a single scatterer phase term
o
With low resolution radars, N is deterministic and very high in each illuminated cell. Through
the application of the central limit theorem (CLT) the clutter returns z can be considered as
Gaussian distributed, the amplitude r = |z| is Rayleigh distributed and the most important
characteristic is the radar cross section.
2
r r
r)=—exp|—=—= ) u(r
plr) = p( 202) (r)
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Radar Clutter Modeling

The Gaussian model

The Compound Gaussian model
The multidimensional CG model

Clutter Modeling for High Resolution Radars

The Compound Gaussian model

This is not true with high resolution systems. With reduced cell size, the number of scatterers
cannot be longer considered constant but random, then improved resolution reduces the average
RCS per spatial resolution cell, but it increases the standard deviation of clutter amplitude
versus range and cross-range and, in the case of sea clutter, versus time as well.

A modification of the CLT to include random fluctuations of the number N of scatterers can
give rise to the K distribution (for APDF):

K distributed if N is a negative
N N—soo 4—/binomial r.v. (Gaussian distributed if N is
Z a; CXP J ¢7) —— R= ‘Z| deterministic, Poisson, or binomial)

- N = E[N], {a;} iid., {¢:} iid.

%\H

2-D random walk
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Radar Clutter Modeling

Clutter Modeling for High Resolution Radars Utire (CemeEr s

The Compound Gaussian model
The multidimensional CG model

In general, taking into account the variability of the local power T, that becomes itself a random
variable, we obtain the so-called compound-Gaussian model, then

z(n) = zr(n) +jrq(n)

Texture: non negative random Speckle: complex Gaussian process,
process, takes into account the local takes into account the local
mean power backscattering
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Radar Clutter Modeling

Clutter Modeling for High Resolution Radars Utire (CemeEr s

The Compound Gaussian model
The multidimensional CG model

Particular cases of CG model (amplitude PDF):

K (Gamma texture) pr(r) = 2\/7% < 47\/ r) Ky—1 <1 / 4% r) u(r)

vb
GK prlr) = 220 (1)

(Generalized Gamma texture)

r oo 2 r? 5
LNT (log-normal texture) pr(r) = \/ﬁ J 2 exp [f— ey [log (t/8)] ] dt
no? Jo
W, Weibull pr(r) :% (7)°_ exp [—(r/b)] u(r)
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Radar Clutter Modeling

The Gaussian model

The Compound Gaussian model
The multidimensional CG model

Clutter Modeling for High Resolution Radars

The multidim

m In practice, radars process M pulses at time, thus, to determine the optimal radar
processor we need the M-dimensional joint PDF

m Since radar clutter is generally highly correlated, the joint PDF cannot be derived by
simply taking the product of the marginal PDFs

m The appropriate multidimensional non-Gaussian model for use in radar detection studies
must incorporate the following features:

”
1) it must account for the measured first-order statistics (i.e., the APDF should fit
the experimental data)
2) it must incorporate pulse-to-pulse correlation between data samples
3) it must be chosen according to some criterion that clearly distinguishes it from
the multitude of multidimensional non-Gaussian models, satisfying 1) and 2)
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Radar Clutter Modeling

The Gaussian model

The Compound Gaussian model
The multidimensional CG model

Clutter Modeling for High Resolution Radars

nsional CG

m If the Time-on-Target (ToT) is short, we can consider the texture as constant for the
entire ToT, then the compound-Gaussian model degenerates into the spherically invariant
random process (SIRP) proposed for modeling the radar sea clutter.

m By sampling a SIRP, we obtain a spherically invariant random vector (SIRV) whose PDF

is given by
+o00 1 zHM1z
z) = exp | — T) dt
peta) = [ g e (252 ) el
where z = [z1,23,...,2zy]" is the M-dimensional complex vector representing the

observed data.

m A random process that gives rise to such a multidimensional PDF can be physically
interpreted in terms of a locally Gaussian process whose power level T is random.

m The PDF of the local power T is determined by the fluctuation model of the number N of
scatterers.
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Radar Clutter Modeling

The Gaussian model

The Compound Gaussian model
The multidimensional CG model

Clutter Modeling for High Resolution Radars

Properties of a SIRV

The PDF of a SIRV is a function of a non negative quadratic form:

(Z_mz)HM71 (z — myz)

A SIRV is a random vector whose PDF is uniquely determined by the specification of a mean
vector my, a covariance matrix M, and a characteristic first-order PDF p(t):

1

= “TM hy (q(z))

pz(z)

where hy(q) = T exp (_ﬁ) pr(T) dT must be positive and monotonically decreasing.
T

r

First-order amplitude PDF: pg(r) = — hy (7) o2 = E[R? = E[|z2.
o (o}

A SIRV is invariant under a linear transformation: if z is a SIRV with characteristic PDF p<(.),
then y = Az + b is a SIRV with the same characteristic PDF p<(.).
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Radar Clutter Modeling

The Gaussian model

The Compound Gaussian model
The multidimensional CG model

Clutter Modeling for High Resolution Radars

Properties of a SIRV

Many known APDFs belong to the SIRV family:

Gaussian, Contaminated normal, Laplace, Generalized Laplace, Cauchy, Generalized Cauchy,
K, Student-t, Chi, Generalized Rayleigh, Weibull, Rician, Nakagami-m. The log-normal can
not be represented as a SIRV.

For some of them, p(.) is not known in closed form

m The assumption that, during the time that the m radar pulses are scattered, the number
N of scatterers remains fixed, implies that the texture T is constant during the coherent
processing interval (CPI), i.e., completely correlated texture

m A more general model is given by

z[n] = +/7[n] x[n], n € [1,N]

m Extensions to describe the clutter process (instead of the clutter vector), investigated the
cyclostationary properties of the texture process t[n]

s
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Radar Clutter Modeling

The Gaussian model

The Compound Gaussian model
The multidimensional CG model

Clutter Modeling for High Resolution Radars

Properties of a SIRV

Many known APDFs belong to the SIRV family:

Gaussian, Contaminated normal, Laplace, Generalized Laplace, Cauchy, Generalized Cauchy,
K, Student-t, Chi, Generalized Rayleigh, Weibull, Rician, Nakagami-m. The log-normal can
not be represented as a SIRV.

For some of them, p(.) is not known in closed form

m The assumption that, during the time that the m radar pulses are scattered, the number
N of scatterers remains fixed, implies that the texture T is constant during the coherent
processing interval (CPI), i.e., completely correlated texture

m A more general model is given by
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The general radar detection problem
Optimum coherent detection in compound-Gaussian clutter
. . P Suboptimum detection in compound-Gaussian clutter
Optimum and Suboptimum Coherent Radar Detection in Compo F . comE
Performance analysis - design trade-offs

Outline

Optimum and Suboptimum Coherent Radar Detection in
Compound-Gaussian Clutter

m The general radar detection problem
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The general radar detection problem
Optimum coherent detection in compound-Gaussian clutter
Suboptimum detection in compound-Gaussian clutter

Optimum and Suboptimum Coherent Radar Detection in Compo . N
Performance analysis - design trade-offs

Coherent Radar Detection

m The general radar detection problem

m Optimum coherent detection in compound-Gaussian clutter
m the likelihood ratio test (LRT)
m the estimator-correlator
m the whitening matched filter (WMF) and data-dependent threshold
(DDT)
m Suboptimum detection in compound-Gaussian clutter (based on the
three interpretations of the optimum detector)

m Performance analysis - design trade-offs
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The general radar detection problem

Optimum coherent detection in compound-Gaussian clutter
Suboptimum detection in compound-Gaussian clutter
Performance analysis - design trade-offs

timum and Suboptimum Coherent Radar Detection in Compo

The detection problem: the radar transmits a coherent train of m pulses and the receiver
properly demodulates, filters and samples the incoming narrowband waveform. The samples of
the baseband complex signal (in-phase and quadrature components) are:

Observed data: z =z, + jzg = [z[l],...,z[mHT

Binary hypothesis test:

Target samples
Hy: z=d s[n] = Aln] exp (jvln]) pln]
Hy: z=s+d p is the " steering vector”
p = (plil,..., plml)

d = clutter vector
s = target signal vector

m Perfectly known;

= Unknown:

B deterministic (unknown parameters, e.g., amplitude, initial phase, Doppler
frequency, Doppler rate, DOA, etc.)
® random (rank-one waveform, multi-dimensional waveform)
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The general radar detection problem
Optimum coherent detection in compound-Gaussian clutter
Suboptimum detection in compound-Gaussian clutter

ti and Subopti Coherent Radar Detection in Compo n 5
Optimum and Suboptimum neren r fon in .omp Performance analysis - design trade-offs

Coherent detection in compound-Gaussian clutter
Pz/H, (2/H1) Hi

The optimum N-P detector is the LLRT: logA(z) =log ——+— 2T
Pz/H,(2/Ho) Hy
oo 1 Go(z) .
pala/Ho) = pale) = | g e (f g ) pe(r) d, Pala/Hy)?

where M is the normalized clutter (speckle) covariance matrix and qg(z) = zM ! z.

pz(z/H1) = Es [p2(z — s/Hp)] depends on the target signal model:

s = perfectly known

B p with 3 unknown deterministic and p perfectly known

= B p with B ~CN(0,02), i.e., Swerling-I target model, and p perfectly known

B p with B ~ CN(0, 0'5) and p unknown (known function of unknown parameters)

Gaussian distributed random vector (known to belong to a subspace of dim. r < m)

)
Il

)
Il

AoENE
w0

2]
Il
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The general radar detection problem
Optimum coherent detection in compound-Gaussian clutter
Suboptimum detection in compound-Gaussian clutter

ti and Subopti Coherent Radar Detection in Compo n 5
Optimum and Suboptimum neren r fon in .omp Performance analysis - design trade-offs

Coherent detection in compound-Gaussian clutter

Case 2). B unknown deterministic. A UMP test does not exist. A suboptimal approach is the
Generalized LRT (GLRT):

eV Ao\ _ Pz(z—Bup/Ho) t 1
méLX/\(ZJs) = A(Z‘BML) o W 50 )

The test statistic is given by the LR for known {3, in which the unknown parameter has been
replaced by its maximum likelihood (ML) estimate:

JJrOO 1 |:exp (_L(z]> — exp (T = L(Z))} pr(T) dT% 0
0 m T T Ho

A~ S HM-1 z[?
where q1(z) = (z —Bwm p)H M1 (z —Bme p) =z" M1z — % and where
p"M~p
6 _ p"M 1z
ML = pAM 1p’

When the number m of integrated samples increases, we expect the GLRT performance to
approach that of the NP detector for known signal
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The general radar detection problem
Optimum coherent detection in compound-Gaussian clutter
Suboptimum detection in compound-Gaussian clutter

ti and Subopti Coherent Radar Detection in Compo n 5
Optimum and Suboptimum neren r fon in .omp Performance analysis - design trade-offs

Alternative formulation of t imator-Correlator

m The N-P optimum detector (OD) is difficult to implement in the LRT form, since it
requires a computational heavy numerical integration!

m The LRT does not give insight that might be used to develop good suboptimum
approximations to the OD

m To understand better the operation of the OD, reparametrize the conditional Gaussian
PDF by setting

X = —
T

« is the reciprocal of the local clutter power in the range cell under test (CUT)

m The key to understanding the operation of the OD is to express it as a function of the
MMSE estimate of «:
qo0(z) Hy
log A(z) :J Ela/x] dx =2 T
q1(z) Ho

We note &pmse = E [«/qi(z)], the MMSE estimate of « under the hypothesis H; (i = 0,1)
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The general radar detection problem
Optimum coherent detection in compound-Gaussian clutter
Suboptimum detection in compound-Gaussian clutter

ti and Subopti Coherent Radar Detection in Compo n 5
Optimum and Suboptimum neren r fon in .omp Performance analysis - design trade-offs

native formulati

m In Gaussian disturbance with power 0%;, we have @ = 1/0%;

i | q(2) — q1(2) SCRp" M 1z°
2 dx = 2 = 2 1+ SCRpH M1 2z T
0% 0% 0% (1+ p P) A

log A(z) :J

q1(z)

m The structure of the OD in compound-Gaussian clutter is the basic detection structure of
the OD in Gaussian disturbance with the quantity o = 1/0%;, which is known in the case
of Gaussian noise, replaced by the MMSE estimate of the unknown random «

m This structure is of the form of an estimator-correlator

m The quantity to be estimated is not the local clutter power t, but its inverse

m This formulation is also difficult to implement, but it is very important because it suggests
that sub-optimum detectors may be obtained by replacing the optimum mmse estimator
with sub-optimum estimators that may be simpler to implement (e.g., MAP or ML)

28/45

Maria Greco Recent Advances in Adaptive Radar Detection



The general radar detection problem
Optimum coherent detection in compound-Gaussian clutter
Suboptimum detection in compound-Gaussian clutter

ti and Subopti Coherent Radar Detection in Compo n 5
Optimum and Suboptimum neren r fon in .omp Performance analysis - design trade-offs

Alternative formulation of the OD: the Data-D ent Threshold

First step: express the PDFs under the two hypotheses as:

pz(z/H;) = (qi(z)),i=0,1

1
)
M|

where hm(q) is the non linear monotonic decreasing function:

+oo 1 q
() = L = o (-2) pelm o
The LRT can be recast in the form
Hy
qo(z) — q1(2) 5 fopt (qo(z), T)
o

where fopr (qo(2z), T) is the DDT, that depends on the data only by means of the quadratic
statistic qo(z) =z M1 z:

fopt (a0(2), T) = qo(z) — by (&7 hm(ao(z))
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The general radar detection problem
Optimum coherent detection in compound-Gaussian clutter
Suboptimum detection in compound-Gaussian clutter

Optimum and Suboptimum Coherent Radar Detection in Compo . N
Performance analysis - design trade-offs

Alternative formulati Threshold

In this formulation, the LRT

) Hy ) for CG clutter has a similar

Gaussian clutter:  qo(z) —qi(z) 2 o T structure of the OD in Gaus-
Ho . .

Hy sian disturbance, but now the

C-G clutter: qo(z) — q1(z) = fopt (qo(z), T) test threshold is not constant

Ho but it depends on the data

through qo(z).

Perfectly known signal s (case 1): the

OD can be interpreted as the classical

whitening-matched filter (WMF) com- 2 Re{sH M! z}
pared to a data-dependent threshold 7
(DDT) WMF

sfM™1s + fope (qo(2), T)

IN,T
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The general radar detection problem
Optimum coherent detection in compound-Gaussian clutter
Suboptimum detection in compound-Gaussian clutter

ti and Subopti Coherent Radar Detection in Compo n 5
Optimum and Suboptimum neren r fon in .omp Performance analysis - design trade-offs

Alternative formulati

Signal s with unknown complex amplitude

(Case 2): the GLRT again can be inter- Bavi=i B e

preted as the classical whitening-matched ‘p M Z’ o (P M~ p) fopt (qo(z), T)
\_v_/

filter (WMF) compared to the same DDT = °

Similar results does not hold for the NP detector for Case 3 (Swerling | target signal)!

Example: K-distributed clutter.
In this case the texture is modelled as a Gamma random variable with mean value v and order
parameter m. For v— m = 0.5, we have

2
fopt (q0(2), T) = dolz) — (\/qo(z} Ty BN (\/qo(z) Ty 2)

In general, it is not possible to find a closed-form expression for the DDT, so it must be
calculated numerically.
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The general radar detection problem
Optimum coherent detection in compound-Gaussian clutter
Suboptimum detection in compound-Gaussian clutter

Optimum and Suboptimum Coherent Radar Detection in Compo . .
Performance analysis - design trade-offs

Canonical structure of the optimum detect

m This canonical structure suggests a practical way to implement the OD/GLRT

m The DDT can be a priori tabulated, with | set according to the prefixed Pga, and the
generated look-up table saved in a memory.

H
z —
| WwMp | ——| THRESHOLD
INPUT >
4 H,
DATA 2
—z|z| |- 2| CUT| .. z
i a2 Loacup
| TABLE | f(q )
..... A y
AR y .
MX
ESTMATION ALGORITHMS
30

m This approach is highly time-saving, it is canonical for every SIRV, and is useful both for
practical implementation of the detector and for performance analysis by means of Monte
Carlo simulation

m This formulation provides a deeper insight into the operation of the OD/GLRT and
suggests an approach for deriving good suboptimum detectors

St
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The general radar detection problem
Optimum coherent detection in compound-Gaussian clutter
Suboptimum detection in compound-Gaussian clutter

ti and Subopti Coherent Radar Detection in Compo n 5
Optimum and Suboptimum neren r fon in .omp Performance analysis - design trade-offs

Suboptimum detection structures

Suboptimum approximations to the likelihood ratio (LR)

m From a physical point of view, the difficulty in utilizing the LR arises from the fact that
the power level T, associated with the conditionally Gaussian clutter is unknown and
randomly varying: we have to resort to numerical integration

m The idea is: replace the unknown power level T with an estimate inside the LR

qo(z)  q(z)
27 27

log A(z) = mlog (%) +
1

qi(z)

Candidate estimation techniques: MMSE, MAP, ML. The simplest is the ML : ©; = . We
m

obtain the NMF in its canonical form, with the adaptive threshold that is a linear function of

qo(z).

2 H

"2 ("M p) fopt (0(2), T)

‘pH M lz
Ho

with

fopt (q0(2), T) = (2 M 2) (1—eT/™)

]
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The general radar detection problem
Optimum coherent detection in compound-Gaussian clutter
Suboptimum detection in compound-Gaussian clutter

Optimum and Suboptimum Coherent Radar Detection in Compo . N
Performance analysis - design trade-offs

Suboptimum approximations to the Likelihood Ratio

The Normalized Matched Filter (NMF) or GLRT-LQ

1.2
pM e L,
ANTooA M1, = 1€
P"Mlpz" M1z

This detector is very simple to implement. It has the constant false alarm rate (CFAR) property
with respect to the clutter PDF

1-m
T(m—1 +o00 T (eT/m_1
Pra = exp (—7( )) Pp = J <1 aF 7( = ) p(T) dT
m 0 T+ muy
0.2 HMfl
where u = E[1] and where y = SsIPEOSCRD is the SCR at the output of the WMF, divided by
m
v
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The general radar detection problem
Optimum coherent detection in compound-Gaussian clutter
. . P i ion i - i 1
Optimum and Suboptimum Coherent Radar Detection in Compo Suboptimum detect.lon n (?.ompound Ceneemi dhifer
Performance analysis - design trade-offs

Suboptimum approximations to the " Estimator-Correlator” str

The MMSE estimator of « = 1/1 may be difficult to implement in a practical detector.

e.g. for K-distributed clutter:

4vqi(z
. Ky o (ﬂ)
RMMSE,i 7 =—— | ®mmsE,i = Y s i=0,1
© T Rmmse, i ’ 1 qi(z) Ky (4V q,'(z)> ’ ’
n

Suboptimum detectors may be obtained by replacing the MMSE estimator with a suboptimal
estimator (e.g., MAP or ML):

4 .

) m—v—1+\/(m—v—1)2+vz(z)

Qmap,i # =—— | Qwmap,i = i=0,1
"7 Ruap,i ' 2 qi(z) ’ ’

As the number m of samples becomes asymptotically large, the NMF becomes equivalent to the
optimum DDT:

1 m 1
=QmL,i =

1
Qi = I NMF | Rumise, i, &map,i — a2
ML, i
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The general radar detection problem
Optimum coherent detection in compound-Gaussian clutter
Suboptimum detection in compound-Gaussian clutter

ti and Subopti Coherent Radar Detection in Compo A 5
Optimum and Suboptimum neren r fon in .omp Performance analysis - design trade-offs

Suboptimum approximations to DDT structure

m The canonical structure in the form of a WMF compared to a DDT is given by:

the threshold fopt (qo(z), T)
depends in a complicated
non linear fashion on the
quadratic statistic qo(z)

H-
12 _
p/ M 1z| 5 (" M~1p) fopt (qo(z), T)

0

m The idea is to find a good approximation of fopt (qo(z), T) easy to implement,
m In this way, we avoid the need of saving a look-up table in the receiver memory,

m The approximation has to be good only for values of ¢go(z) that have a high probability of
occurrence,

m We looked for the best k-th order polynomial approximation in the MMSE sense:

i

K
fic (qo(2), T) =Y ciqj(z) / min | fope (qo(2 Zc, 0z
i=0

fk (qo(z), T) is easy to compute from qo(z)
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Suboptimum approximations to the DDT structure

Example: K-distributed clutter. The solution can be derived in closed-form.
First order (linear) approximation:

fi (qo(2z), T) = co + c1 qo(2)

The solution is obtained by solving a (K + 1)-th order linear system. For K = 1:

o] 1 Elgo(z)] 17 E [fopt (qo(2), T)]
~ | El 2 E[

a qo(z)]  E [q3(2)] qo(2) fopt (qo(z), T)I
T 8v2 —2 T
For v — m = 0.5, the MMSE solution is: ¢p = — (S —<_T),¢ =
4v 4v+1 4v+1

m Note that when v — 400 (Gaussian noise), we have ¢; = 0, so the threshold becomes
constant and we get the conventional WMF

m The NMF is obtained as a special case of f;(g0(z, T) for cg =0,c; =1—e~ T/,

For the 1st (linear) and 2nd-order (quadratic) approximations: ¢y o< w, ¢ independent of p,
¢ o< 1/p. All ¢;'s independent of M.
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Optimum and Suboptimum Coherent Radar Detection in Compo

ributed clutter

In all the cases we examined, the suboptimum detector based on the quadratic (2nd-order)
approximation has performance (i.e., Pp) almost indistinguishable from the optimal

1 e — m The detector based on 2nd-order
mJ6: o — 1 approximation represents a good
08 3 trade-off between performance and
1 ease of implementation
06 e m |t requires knowledge of the clutter
P, m=4 . APDF parameters (v and p)
04 . - 1 m As the number m of integrated pulses
: z 1 increases, the detection performance
= - Opt. det. i of the GLRT-LQ approaches the
02 sl R Lin. approx_ L4 .
T s + Quad. approx. [ optimal performance
o bims -7 I""'?LRT'L?det' k m The GLRT-LQ does not require
4 o 0 N 4 6 8 10 knowledge of v and n
SR (dB) m It is also CFAR w.r.t. texture PDF

Pga =105, fp = 0.5, v=4.5, u = 103, px = 0.9AR(1)

v
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rformance Analysis: Sw-| target, K-distributed clutter

Swerling-| target: it was observed that in this case, Pp increases much more slowly as a
function of SCR than for the case of known target signal

Optimum and Suboptimum Coherent Radar Detection in Compo

m Clutter spikiness heavily affects
detection performance

|

m v = 0.1 means very spiky clutter
(heavy tailed)

m v = 4.5 means almost Gaussian
clutter

P

’ A Up to high values of SCR the best
0.5p% / 0 ot det detection performance is obtained for
04 LR TN T N WA OO Lin. approx. spiky clutter (small values of v): it is
skl ==~ Quad. approx. more difficult to detect weak targets
¥ - GIRTLQ det in Gaussian clutter rather than in
0.2 bbb bt spiky K-distributed clutter, provided
2 10 -8 -6 4 -2 0 2 4 6 8 10

that the proper decision strategy is
adopted

Pga =107°, fp = 0.5, m = 16, u = 103, px = 0.9AR(1)

v
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timum and Suboptimum Coherent Radar Detection in Compo

Performance Analysis: Swerling-I, K-distributed clutter (real sea
clutter data)

. m Performance prediction have been
u The gain of the GL_RT'LQ Y the checked with real sea clutter data
mismatched OGD increases with
clutter spikiness (decreasing values ® The detectors make use of the .
of V) knowledge of w, v, and M (obtained
from the entire set of data)
1 1
V0.1 2 Sk - 1
v=0.5 ]
08 H = =y s [ 08
GIRT-LQ 2 . 1
06 HE 0.6 "
P e P R 4
° GIRT-1Q /o6 / b ]
04 i ; 04 L7
Va ’ H 4
e : —— Opt. det. J
02 AT-LQ //.’ oGD ; 0a * GIRTLQ 1
o, oD, ’ ------Opt. det. - real data | |
- e 4  GIRTLQ -realdata |1
0 Bt S— 0 T T T ]
20 15 10 5 0 T ST S| T T 5
SR (dB) SCR (dB)
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