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Abstractln this paper, we perform a comparative study of
two recently proposed high-resolution radar imagingparadigms:
the descriptive experiment design regularization (EDR) and the
fused Bayesian regularization (FBR) methods. The first one, the
DEDR, employs aggregation of the descriptive regutezation and
worst-case statistical performance (WCSP) optimizabn
approaches to enhanced radar/SAR imaging. The seadone, the
FBR, performs image reconstruction as a solution othe ill-
conditioned inverse spatial spectrum pattern (SSPgstimation
problem with model uncertainties via unifying the Bayesian
minimum risk (MR) estimation strategy with the maximum
entropy (ME) randomized a priori image model and oher
projection-type regularization constraints imposed on the
solution. Although the DEDR and the FBR are inferrel from
different descriptive and statistical constrained ptimization
paradigms, we examine how these two methods lead to
structurally similar technigues that may be further transformed
into new computationally more efficient robust adapive imaging
methods that enable one to derive efficient and csistent
estimates of the SSP via unifying both the robust EDR and FBR
considerations. We present the results of extendezbmparative
simulation study of the family of the image formaton/
enhancement algorithms that employ the proposed ralstified
FBR and DEDR methods for high-resolution reconstruton of
the SSP in a virtually real time. The computationalcomplexity of
different methods are analyzed and reported togethrewith the
scene imaging protocols. The advantages of the wealkesigned
SAR imaging experiments (that employ the FBR-basedand
DEDR-related robust estimators) over the cases of gorer
designed experiments (that employ the conventionainatched
spatial filtering as well as the least squares tedifues) are
verified trough the simulation study.

Index Terms Bayesian estimation, maximum entropy, radar
imaging, regularization, remote sensing, spatial sTtrum
pattern, sufficient statistics.
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|. INTRODUCTION

HE goal of this study is to address and discus®w n

computationally efficient approach to high-resauti
radar/SAR imaging as an ill-conditioned inversebtem of
estimating the spatial spectrum pattern (SSP) efthvefield
sources scattered from the probing surface (refereas the
radar/SAR image). The SSP estimation problem tatstcal
ill-conditioned nonlinear inverse problem [6], [Because of
the stochastic nature and nonlinearity, no unigegular
method exists for reconstructing the SSP from timétef
dimensional measurement data in an analytic cldsea.
Hence, the particular solution strategy to be depedl and
applied must unify the practical data observatia@ihod with
some form of statistical regularization that incmgies the a
priori model knowledge about the SSP to alleviabe t
problem ill-poseness. The classical imaging wittereor SAR
implies application of the method called !matcheshtsal
filtering" (MSF) that originates from the celebrdtaaximum
likelihood (ML) estimation strategy [14]. In theasstical
terms [2], [6], [14] such a method implies applicatof the
adjoint SFO to the recorded data, computation efstpuared
norm of a filter outputs and their averaging oves aictually
recorded samples (the so-called snapshots [10])thef
independent data observations. As it was analymechany
works, e.g. [1] # [27], the MSF method does notleipll the
ldegrees of freedom" of the inverse problem at hathdis
manifests low spatial resolution performances. Theent
non-parametric approaches to high-resolution erdghnc
radar/SAR imaging are based on treatment the prolde
hand as an ill-posed (ill-conditioned) nonlinearverse
problem with model uncertainties [6] # [8], [15]L6]. The
principal idea is to employ different regularizatiparadigms,
e.g. [6] # [8] to resolve the SSP estimation inggpsoblem
with minimum risk (i.e. maximum spatial resolutibalanced
with noise suppression) subject to some non-tri& and
other projection-type constraints imposed on tHetsm (i.e.
incorporate the a priori model information with mium
subjective decision making). In this study, we [devan
overview of the recently developed descriptive eixpent
design regularization (DEDR) and the fused Bayesian
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regularization (FBR) non-parametric paradigms foipes- u=Se+n e$E, unduU, SE%U (1)
high-resolution radar/SAR image formation and eckament/

reconstruction. The first one, the DEDR, developed26], on the Hilbert signal spaces E and U with the imetr

[27] employs aggregation of the descriptive regmégion and structures induced by the inner products,

worst-case statistical performance (WCSP) optiropat

approaches to enhanced radar/SAR imaging. The demus [en &]e=" el(x)éf(x) & and

the FBR, developed in [7], [8], [25], performs igea X @)
reconstruction as a solution of the ill-condition&d/erse [ug, Ulu =" U (Y)Us(y) o

spatial spectrum pattern (SSP) estimation probléim nvodel Y

uncertainties via unifying the Bayesian minimunkr{®R)

estimation strategy with the maximum entropy (MEJespectively, where asterisk stands for complexuggte. In
randomized a priori image model that incorporatas t (1), theSis referred to as the regular signal formationrafme
projection-type regularization constraints imposed the (SFO). It defines the transform of random scattesigmals
solution. Although the DEDR and the FBR are infdrfom  ©X)$E(X) distributed over the remotely sensed scene
different descriptive and statistical constraingatiraization ~(Probing surfaceX"x into the echo signalsSgix))(y)$ U(Y)
paradigms, we examine how these two methods lead Q¥er the time-space observation domdir T#P; t$T, pSP.
structurally similar techniques that may be furttransformed !N the functional terms [6], [9], such a transfosmreferred to
into new computationally more efficient robust ailap S the operatos E%U that maps the scene signal space E
imaging methods that enable one to derive efficiant ((N€ space of the signals scattered from the renetmnsed
consistent estimates of the SSP via unifying bbth robust scene) onto the observation data signal spadéild.operator

DEDR and FBR considerations. The principal innoxati modgl (1) in the conventional integral form [6] mdye
o . . rewritten as

contribution of this study may be briefly summadzas

follows:

I Unification of the family of the DEDR-related arBR- uey) :'XS(y,x) &(x) dx + n(y) , 3)

related enhanced RS imaging techniques via comniparat o ok .

analysis of their operational computational streesu ex) =¢e(f; p,P) = 'e*t; | +exp(#i2, ft)dt (4)
F

I Development of the robustified versions of the DEBNd

FBR methods via alleviating the ill-poseness of nloalinear . .
adaptive operator inversions in the overall imagglhere the functional kerne¥(y, ) of the SFOS given by (1)

reconstruction procedures. defines the signal wavefield formation model [9[L1].

| Design of efficient computational algorithms thrform ~Following the muilti-scale array/SAR radar RS prable
robust adaptive spatial processing for enhancedirge Phenomenology [6], [9], we adopt here an incohersatlel
formation in a virtually real computational time. of the backscattered fielde(x) in the frequency-space
Also, we are going to present the results of ex@dnd observation domaiX = F#R = F# P# -, i.e. over the slant
comparative simulation studies of the family of thbustified range p$P and azimuth angl@$- domains, respectively.
DEDR-related and FBR-related SSP estimation dlyos When tackling the RS spatial analysis problems, rduar
using the MATLAB as simulation tools that provideengineers typically work in the frequency-space domain,
efficiency and flexibility in performing all simul@n (f; p, §)'$X = F#P#- [6], [7], [9]. However, because of the
experiments. one-to-one mapping, only the spatial cross rangedioates
r = (b, p) may be associated with=r as well [9], [11]. Such
Il. PROBLEMMODEL AND EXPERIMENTDESIGN interpretation is valid if one assumes the narrawbaystem
CONSIDERATIONS model [9], [11], [12] and incoherent nature of the

Consider a remote sensing experiment performed waithbackscattered fiele(x) .

coherent array imaging radar or SAR (radar/SAR) tisa It is naturally inherent to the RS imaging experinse[7],
traditionally referred to as radar imaging (RI) Ipleom ([6] # [8], [11] to consider the phasce(f,r) in (3) to be an
[9]). The measurement sensor/SAR data wavefighl= s(y)  independent random variable at each frequéneyd spatial

+ n(y) modeled as a superposition of the echo sigeasd coordinatesr, § with the zero mean value andform
additive noisen is assumed to be available for observationggrrelation functionRe( f, /;r, rj =0 &f;, r)e(f/ rjl=
and recordings within the prescribed time-spaceeiasion = g(f r).(f # f/).(r # r/ that enables one to introduce the
domainY"y, wherey = (t, p)" defines the time-space points infollowing definition of the spatial spectrum patte{SSP) of
the observation domaivi= T#P. the wavefield sources distributed in the RS obdmmwa

environment [9], [27]

A. RS motivated problem model ” )

The model of the observation wavefields specified by B(") = Avef?{e(r)} = '<|e( fir) F> [HE)Fdf;r SR (5)
the linear stochastic equation of observation (Bf>)perator F
form:
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Here,021represents the ensemble averaging operator, whéhifted rectangular functiongd(x)=gn(X)=1 if X$ ((qn(X)=
Avel? is referred to as the second order (i.e. nonlineas rectqn(Xw, X2) andgy(x) = 0 for otherx9 ((qn(x) for all g =
statistical averaging operator defined by (5). Als¢5), H(f) 1, %, Q; n=1, %, N; k = 1, %, K = Q#N}. Hence, theK-d
represents the given transfer function of the ragmeive approximation of the scattering field becomes
channels that we assume to be identical for abrard array
elements and impose the conventional normalization,
[HAP = 1 for all frequencied$F in the radar receiver
frequency integrating banB [9]. In the conventional radar . )
imaging setting [9], [18], [21], the initial RS igig problem Where Pey) represents a projector onto suéhd signal
is to form an estimat@(x) of the SSP distributioB(r) over approximation subspace

the remotely sensed sceRer b_y processing Whateyer values Ex = PewE = Spanfi(x)} (10)
of measurements of the data fielfy); y$Y, are available.

Next, following the RS data analysis methodology [2],  spanned byK orthogonal grid functions (pixels)g{(x)}.
[20], [22] any particular physical signature ofe‘rﬂst@(x) Using such approximations, it is possible to prdcgem the
could be extracted from the reconstructed RS im#ya) ©operator form (4) to its conventional numericaldfeg) form
applying the so-called deterministisignature extraction
operator 3. Hence, the particular RS signature (RSS) is U=SE+N, (11)
mapped applying to the reconstructed image, i.e.

() = Per&X) = 6 - E 0, (X) )

where U, N and E define the vectors composed of the
_ 6 coefficients U,, , N, and E; of the finite-dimensional
§(X) 3( @(x))_ © approximations of the fields, n ande, respectively, an& is

Last, taking into account the RSS extraction mgégl we the matrix-form representation of the SFO with alets

can reformulate now the RSS reconstruction probisn {Sm<=[S&. heu =" (Sq.())(¥) B() ¢ k=1, %, K m=1,

follows: to map the reconstructed particular RSSntérest %, M} [6]. Zero mYean Gaussian vectoks N andU in (11)
§(x) = 3(§(x)) over the observation scen€x via post- > )

. . are characterized by the correlation matri Ry and R
processing whatever available values of the recoctstd y &as, Ry v

) = SR:S' + Ry, respectively, where superscript + defines the
scene image® (x); x$X. Hermitian conjugate when it stands with a matrixaorector.
Because of the incoherent nature of the scattdiahd e(x),
B. Numerical model of the problem the vectorE hasa diagonal correlation matriRe=diagB) =

Viewing it as an approximation problem leads onette D(B) , in which theK#1 vector of the principal diagonBlis

projection concept for a transformation of the gmmus data cqmposed of elementy = OEE( 1, k=1, %, K. This vector
field u(y) to the M#1 vectorU = (Uy, %, Uy)" of sampled B is referred to as a vector-form representationhef $SP.

spatial-temporal data recordings. THed observations in the Hence, using the definition (6) ted approximation of the

terms of projections [7], [8] can be expressed as desired RS signature estimatﬁ(m(x) as a continuous

function ofx$ X over the probing scen¢is now expressed as
M
Uy () = Puan W) = 6 6, nin(¥) (7)  follows
K
with coefficients Uy = [u, hyJu} where Pyy, represents a $,,00=est3<|ex () >} = 6 ., 3(B) g (X); (12)
projector onto thé-d subspace x$ X.
U = PumU = Span{Z(y)} (8) Analyzing (12), one may deduce that in every palic

_ _ ~ measurement scenario (specified by the correspgndin
uniquely defined by a set of the orthogonal funuio approximation spaces g and Ex) one has to derive the

{7y) = Iha()Iely); m = 1, %, M} that are related 10 egtimate§ of a vector-form approximation of the SSP that
{hx(y)} as a dual basis in ¢4 i.e. [hm, Zlu =.mn8 M N =1, ynjquely defines via (12) the approximated contirsipixel-

%, M. In the observation scedéx, the discretization of the o+ reconstructed maf,,(x) of the desired RS signature
scattering fielde(x) is traditionally performed over &#N

rectangular grid wher€ defines the dimension of the grid distributed over the observed scefi&. Hence, the vector

over the horizontal (azimuttgoordinatex; andN defines the

grid dimension over the orthogonal coordingtéthe number ® = vec{3( ﬁ); k=1, %, K} (13)

of the range gates projected onto the scene). Hueetized

complex scattering function is represented by cciefits [7], represents the numerical (i.e., vector-form) modeélthe

[8] Ex = Eqn = [e.0de ="' e(X) g, (X) &k ; k= 1,%, K = Q#N, of  reconstructed RS signature (RSS) in the converitipix!
X format. Thus, the desired continuous-form RSS igjuely

it decomposition over the grid composed of suchtidal
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reconstructed from the estimake of the SSP vector (pixel-
formatted image) via (12).
C. Experiment-design considerations

The experiment design (ED) aspects of the problehaad
implies the analysis of how to choose (finely at)jtise basis

where the conditioning term represents the stadilstivorst-
case statistical performance (WCSP) regularizatimmstraint
imposed on the unknown particular disturbed comporod
the uncertain SFO matrix [26]S = S + #, where S
represents the regular SF@, represents the random SFO

functions {«(r)} that span the signal representation SUbSpaﬁEférturbation term, and the DEDR !augmented riskidtional
Ew = PewE = Spanfy} for a given observation subspacejg gefined as

Um = Spanf} [6], [8], [12]. Here, we formalize such the
ED considerations via imposing the metrics structaréhie
solution space [6], [8] defined by the inner praduc

IB|Fs = [B,MB] (14)

where BK) represents the so-called correctness convét%
solution set [6], andM is referred to as the metrics inducing

operator. Hence, the selection ™ provides additional
geometrical ED degrees of freedom of the problerdehdn
this study, we specify the model fior that corresponds to the
numerical approximation of the Tikhonov&s stabiliaethe
second order [6], [8]. Next, following [6], we ingmrate the
projection-type a priori information, in which catiee SSP
vectorB satisfies the linear constraint equation

GB=C,

i.e. G'GB =Bp (15)

whereBp = G*C and G” is the Moore-Penrose pseudoinvers

of a given projection constraint operatér By, % B, and
the constraint vectoC$ B and the constraint subspac

subspace where the SSP values are fixedChyn practice,
such limitations may specify also the system catibn [15],
[22].

lll. HIGH-RESOLUTION NONPARAMETRICIMAGING

A. DEDR method
In the descriptive statistical formalism, the dedirSSP

vector B is recognized to be the vector of the princip
diagonal of an estimate of the correlation maiR(B), i.e.

&= { I$E }diag Thus, one can seek to estimate= { I$E }diag

given the data correlation matriRy pre-estimated via
averaging): 1 independent sampled correlations [1], [24]

Y P
R,=Y = a}gjer{U(J)U 0= 36 Y, Y (16)
and determining the solution operator ($3uch that
@ = { I$E }diag = {FYF+} diag - (17)

To optimize the search for the desired B@e reformulate
here theDEDR strategy [26], [27]

F=argmin{ < ()} subjectto <fIf>#)=.  (18)

R&l, 2008, « 1

B(g (Q<K) are assumed to be given [8]. In (15), the Co'rrsttra‘ﬁ)EDR approach from the conventional

operatorG projects the portion of the unknown SSP onto tf}

<(F)=tr{<(FS# I)A(F+S #1)™> y# 9} (19)
+ >tr{ FR\F}.
The DEDR strategy (18) implies the minimization tbé
eighted sum of the systematic and fluctuationrsr{@9) in
e desired estimate (17), in which the unknowntudignces
of the SFO # are treated through the WCSP bounding
constraint (18) imposed onto the averaged squaoedh rof
# . The selection (adjustment) of the regularizapanameter
> and the weight matriXA provides the additional DEDR
ldegrees of freedom" incorporating any descripfiveperties
of a solution if those are known a priori [26], [2%Ve
incorporate also two additional requirements intohsDEDR
strategy: (i) the SO must involve the adjoint SECito satisfy
the observability condition [26]); (i) the resulfj SO must
admit a representation form that doest involve the
igversion ofY (to be applicable to the scenarios with the low-
rank Y, e.g. SAR imaging). These additional requirements
constitute the principal distinguishing aspectsh# pursued
minimum  risk
strategies [9], [14], [24] and lead to the follogin
&formulated conditional optimization problem [2[&7]

F = argmin
9 F

max
OIRIP L p(2) =

(<(F). 20)

To proceed with the derivation of the SO (20)[26], [27]
the following was performed: (i) decomposition @fkr (19);
(i) evaluation of the maximum valuez of the bounding

constraint in (20) applying the Cauchy-Schwarz ursdity.

aboing this, we translate the original min-max peohl (20)

into the equivalent (under
aggregated optimization problem

the specified constgint

F = argmin{ <oeor(F)} (21)
with the aggregated DEDR risk functional,
<peor(F)} =t{(FSTDAFS I 1)} + >tr{FR,F} (22
where
R,5R,(@ =(Ry+@l); @. /> : 0. (23)

The solution of the minimization problem (21) wasided
and detailed in [26], [27]; the resulting SO has tbllowing
representation
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is composed of the projector
Foepr = KA,>,@S+ Ril (24) |
Pw=("!G'G) (29)
i.e., is a composition of the whitening filteR?", the matched

spatial filter, S*, and the regularized reconstruction operator and the solution dependent smoothing window

Koo (S'RE S+ >A™) (25) O(#) = [diag({S'F'FS}ag + $DAE)M(B)]™,  (30)
in which the regularization parameteb is to be adaptively
adjusted using the system calibration data [7],. [8he
resulting FBR-optimal estimate in the numericalsédéte
pixel) format is given by

Note that the derived SO (24) involvEs (i.e. satisfies the
DED-observability constraints) and does not involire
inversion of Y (i.e. is applicable to reconstructive SAR
imaging problems with only one recorded realizatainthe
trajectory data signal available for further pragieg,J = 1).

#...=Bp+PBy+ W(B )} V(&)#Z(8)). (31)

B. FBR m(?t_hod _ _ _ Because of the non-linearity and complexity ofsb&ution-
The robustified numerical version of the fused Bagye- dependenk-d operator inversions needed to be performed to

regularization (FBR) method for reconstruction loé tpower te the SS/(B). th indowW( B d SS shift
spatial spectrum pattern (SSP) of the wave fieidtsoed from comptte the (8), the windowW(E) an ST

a remotely sensing scene (that is referred to dssaed RS
image) given a finite set of array radar/SAR sigealordings
was developed originally in [7]. Since the SSPraation is in

essence a nonlinear numerical inverse problem,

proposition in [7], [8] was to alleviate the proiueill-

poseness by robustification of the Bayesian esiimat
strategy [14], [24] via performing the non adaptive

approximations of the reconstructive operators thatC. DEDR-related and FBR-related robust spatial filg
incorporate the non trivial metrics consideratiorfier (RSF) techniques

designing the proper solution space and different e opysification scheme for real-time impleméintaof
regulanzapon constraints imposed on asolutlon_. . ' the DEDR estimator (17) and the FBR estimator (28))
The estimator that produces the high-resolutiom@pt(in - g apjes one to reduce drastically the computatiad bf the
the sense of the Bayesian minimum risk strategyiate 8 image formation procedure without substantial deatian in
of the SSP vector vigrocessing thé/-d data recordingd)  the resolution and overall image performances. Hiese we
applying the FBR estimation strategy that incorpesaalso propose the robustified versions of the DEDR estima
nontrivial a priori geometrical and projection-typaodel defined by (17) and the FBR estimator given by (@&}t we
information was developed in [7] and [8]. Such oyti FBR refer to as the robust FBR reconstructive filterifRFBR)

Z(§), the computational load of such optimal FBR eaton
(26), (31) developed originally in [7], [8] is egmely high to
address that as a practically realizable estimatahe SSP
tﬁé‘d RSS (i.e. practical high-resolution RS radaagimg and
signature mapping technique realizable to opemata real-
time mode).

estimate of the SSP is given by the nonlinear éguiat method. This method is a direct generalizatiorheffirevious
one proposed in [7] and [8] that we perform hegeraughing
& =B +PB, +W(§){V(§)#Z(§)}. (26) Py =1 and approximating both the SS formation operator

F(§) and the smoothing windo@(ﬁ) in (26) by roughing

In (26), the constrainBe is specified by (15) an®o p§) pp = by, whereb, represents the expected a priori
represents the a priori SSP distribution to be icemed as a image grey level [7], [8]. Hence, the robustifie§ rmation

zero step approximation to the desires SSP estitfatdhe operator
sufficient statistics (SS) vecttt( &) = {F(&)UUF (#)} giag

(vector composed of the principal diagonal of timebeaced F=A"(()S" with A(()=S'S+ (™ (32)
matrix) is formed via applying to the measured destetor U,
the solution-dependent SS formation operator [7] becomes the regularized inverse of the SO with
regularization parametéf’, the inverse of the signal-to-noise
F=F( §) =D( |§)(| +S" Ry SD( §))#1s+ RE. (27)  ratio (SNR)( = by/N, for the adopted white observation noise

model, Ry = Ngl with intensity No. In that case, the robust

The SS shift vector in (26) is defined 268) [7], and the SM°CtNiNg window

composite solution-dependent smoothing-projectiandaw

— — #1
operator W =0 =Wl +M) (33)

5 5 is completely defined by the mati# that induces the metrics
W(B)=PwQ(B) (28)  structure in the solution space [6] with the sagliactorw, =
tr{ S'F'FS}/K. Such robustifiedW can be pre-computed a
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priori for a family of different admissiblgé as it was proposed

Frase= (S'RY S+87)S'RY . (37)

in the previous studies [7], [8]. Here, we employ a practical

constraints of high SNR operational conditions [2p> 1,
in which case one can neglect also the constasZbiazyl in

(26) because it does not affect the pattern ofS8P estimate |

(it influences only the constant grey level in tresulting
solution butZ, << @or ( >> 1). Following these practically
motivated assumptions, the resulting RFBR estimaioithe
SSP becomes

§RFBR: Bo+QV, (34)

whereV = {FUU"F'} 4y represents now the robust SS vector.

D. Matched spatial filtering (MSF) algorithm

The simplest rough SSP and RSS estimators can
constructed as further simplification of (34) ifethrivial a
priori model information®y =1 andBy = bgl) is adopted, and
roughly approximate the SS formation operakorby the
adjoint SFO, i.e. the matched filter

FDERS' (35)

where the normalizing constaB provides balance of the
operator norms 2 = tr'{ S'SS'Sitr{ FSSF'} [6]. In that case,
the estimator (34) is simplified to its rough madhspatial

filter (MSF) version

#, =QH, (36)

where the rough SH = 2{S'UU'S }4ig , is now formed

applying the adjoint operator (i.e. the matchedtiapéilter)

S, and the windowing of the rough S3 is performed
applying the smoothing filte@ = (wol + M)* with the

nonnegative entry [7], [8]. The (36) is referreda® matched
spatial filtering (MSF) algorithm for estimatiof the SSP.
Equation (36) is recognized to be a vector-fornresgntation
of the conventional kernel SSP estimation algorifain[24],

in which the SS is formed as the squared modulushef
outcomes of the matched spatial filter appliedh® tecorded
data signal (trajectory signal in the SAR termimggig12],

[23]). Thus, in the framework of the FBR infererzased
approach to RS imaging [6], the traditional MSFhigque
(36) can be viewed as a rough simplified versiothefRFBR
algorithm (34).

E. Robust adaptive spatial filtering (RASF) algonith

The RASF solution operator (SO) is a modificatidrthe
(27) for the case of an arbitrary zero-mean noish the

IV. QUALITY METRICS

The traditional quantitative quality metric [1] fRS images
is the so-called Improvement in the Output SigmaNbise
Ratio (IOSNR), which provides the metrics for penfance
gains attained with different employed estimatardB scale

K % QmsF) H
| Y= Bq-lf.]

glOL 6 :51*I$p) Bh('ﬁ :}L,

p5 1. ,

IOSNR dB 5102lo -

where by represents the value of theh element (pixel) of
the original SSP,BY? represents the value of theth
element (pixel) of the rough SSP estimate formeulyang the
matched spatial filtering (MSF) method, a&P) represents
the value of the k-th element (pixel) of the enhanced SSP
estimate formed applying theth enhanced imaging method
(p=1,%,P), respectively.

The percentage IOSNR (PIOSNR) quality metric is a
modification of the IOSNR metric [22]; it expressése

percentage of the gained reconstruction improvement
specified as follows
! Kty pp £
B.” #b,
PIOSNR%) 1003 # (Kk; Eﬁ’
( k 1 b‘EMSF)#q.ﬁ £ (39)
p 1.R

Finally, the total Mean Square Error (MSE) is a lijya
metric defined as [24]

MSE ([ )P Y, p 1..P. (40)

The quality metrics specified by (38), (39) and)(dllow to
quantify the performances of the employed SSP aB& R
reconstructive estimation methods (enumerated pby=
1!, P).

V. SIMULATIONS

The first simulation experiment was performed toe test
(artificially synthesized) scenes imaging applyitige SAR
with partially synthesized aperture as an RS imaging system
[8]. The SFO of all RS images were factorized altwmg axes
in the image plane: the azimuth (horizontal axi$,and the
range (vertical axisyy). Following the common practically

correlation matrixRy, the equal importance of the systemati¢notivated technical considerations [5], [12], [284 modelled

and noise error measures, i.e. 1, and the solution

dependent weight matria = B%. In this case, the SO is
recognized to be the robust adaptive spatial f{fRXSF)

R&l, 2008, « 1

a triangular shape of the SAR range ambiguity fionc{AF)
+/(X) in the x, direction, and as|nd® shape of the side-
looking SAR azimuth AF+,(X,) in thex; direction at the zero
crossing level for the simulated SAR system witicfionally
synthesized array [8], [23], [24].
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The behavior and performance indices of the desdribenhanced images reconstructed with the DEBRthod.

estimators were examined for five RS system conditjons
applied to three test scenes as specified below.

In the first simulation scenario, the assigned e@alof the
AF widths were: 5 pixels width for(x;) and 10 pixels width
for +4(xy). In the simulations reported in Fig. 1, we copsétl
the case of white Gaussian observation noise WwéhSNR of

Figures 4(e) and 5(e) display the enhanced scene images
reconstructed using the FB&stimator. Last, figures 4(f) and
5(f) present the reconstructed (enhanced) imagesefb using

the RFBR technique. ThelOSNR PIOSNR and MSE
quantitative quality metrics gained with differesimulated
enhanced imaging methods for different fractionghRS

30 dB. Figure 1(a) shows the 512x512-pixel originadperational scenarios and different levels of naisereported

synthesized test scene. Figure 1(b) reports thgenfiarmed

in Tables 4 and 5, respectively. The presented lation

implementing the MSF method. Figure 1(c) presetis tprotocols are indicative of improvements both ine th

reconstructed (enhanced) synthesized image formsied the
RASF estimator. Figure 1(d) shows the

qualitative and quantitative metrics gained witke firoposed

reconstructetbbust DEDR and FBR-related techniques in compangith

(enhanced) synthesized image formed using the DEDRe conventional MSF and RSF algorithms.

estimator. Figure 1(e) presents the reconstruataetianced)
synthesized image formed using the FBRtimator. Last,
Figure 1(f) shows the reconstructed (enhanced)hsgized

VI. COMPUTATIONAL COMPLEXITY
Real-time computing is traditionally referred tostsdy of

image formed using the RFBRstimator. The quantitative software systems which are subject to some rea-tim

quality metrics of theOSNR PIOSNRandMSE gained with
the employed enhanced imaging methods for the atexl
fractional aperture synthesis scenarios with diffédevels of
noise are reported in Table 1.

In the second simulation scenarios, the high-resolueal-
world environmental images were used as test sqdhebhe
first tested scene is shown in Fig. 2(a) and tlvorse tested
scene is shown in Fig. 3(a). The simulation expenits were
run with the following system-level specifications: pixels
width for +,(x;) and 20 pixels width for ,(X;), respectively.
In the basic simulations, we considered the casevtife
Gaussian observation noise with the SNR of 30 dBures
2(b) and 3(b) show the images formed via implenmgnthe
MSF method with the system parameters specifiedhen
figure captions. Figures 2(c) and 3(c) present

operational constraints [1] (e.g., operational diead from en
event to a system response) [19]. By contrast,rareal-time
system is one for which there is no deadline, eWefast
response or high performance is desired or prefdir [19].
The needs of real-time software are often addressdate
context of real-time operating systems [1], andcbyonous
programming languages [2], which provide framewodts
which to build up the real-time application softe§2], [3].

A real time RS data processing/imaging system is, one
which performances can be considered (within aqdar RS
context) to be mission critical [3]. Real-time camgttions can
be said to have failed if they are not completefbiigetheir
deadline, where the deadline is relative to an R®g[19]. A
real-time deadline must be met, regardless of sy&tad [1].

the For the previously described image enhancement and

reconstructed (enhanced) images formed using th6&FRASSP/RSS mapping methodologies, it is reasonabliefine

estimator. Figures 2(d) and 3(d) show the enhanmcedes
reconstructed with the DEDR method. Figures 2(a) ae)
present the reconstructed (enhanced) images fousied the

the computational complexity via determining themfer of
computational operations needed to perform theiqodat
employed algorithms [10]. Considér as a matrix,] as an

FBR estimator. Figures 2(f) and 3(f) show the enhancedverse matrix. Let suffin represents the number of matrix

images reconstructed with the RFBR method. The tifatine
quality metrics of theOSNR PIOSNRandMSE gained with
different tested enhanced imaging methods for timeilated
fractional aperture synthesis scenarios with diffiédevels of
noise are reported in Tables 2 and 3, respectively.

In the third reported here simulation scenario thias run

multiplications and/or inversions required to coetpl the
mathematical operations (e.g represents a quadruple
matrix multiplication, 1® represents a double matrix
inversion, etc.). For the particular employed satioh
formats, K and | are 512x512 matrixes. The number of
operations needed to complete one reconstructicie égr the

with the second real-world SAR scene, the systemlle tested and compared methods are reported in Tablgith

specifications were as follows: 5 pixels width fef(x,), 40

these results, one can analyze the processing {ime

pixels width for +,(x,) for the first (£) system and 50 pixels operation cycles) needed to perform computationath
width for +4(x,) for the second (9) simulated fractional SAR proposed/employed algorithm. Last, Table 7 repdtte

imaging system with SNR of 30 dB. Figures 4(a) &ifd)
show the 512x512-pixel high-resolution original rsee

computational times required for completing the paned
SSP/RSS reconstructive techniques with three different typical

Figures 4(b) and 5(b) present the images of the same scéf@puter processing unit (CPU) clock speeds: (fhva

formed implementing the MSF method. Figures 4(a) &)
display the reconstructed (enhanced) scene imagesed

personal computer (PC) running at 2.66 GHz withirgle
processor; (ii) with a workstation (WS) running380 GHz

using the RASFestimator. Figures 4(d) and 5(d) show the

40
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with a duo processor, and (iii) with a dedicateddhsmre reduction. The advantages of the well designed sbbu
(DH) running at 300 MHz with a single processor. imaging experiments (that employ the RASF, DEDRd an
The presented results of comparative simulatiorlyais|a RFBR methods) over the cases of poorer designed
illustrate the behavior and overall imaging perfante experiments (that employ the conventional MSF argF R
improvements gained with the proposed robust DEDR a algorithms) were investigated through extensive usation
FBR-related approaches compared with other preliousstudy and reported here for different multi-gragist scenes.
developed methods [1], [4], [12], [20] in both the
reconstruction quality metrics and computationaiptexity

a. Original artificially synthesized test scene. . Lbw-resolution scene image formed applying theRvi&thod.

c. Test scene reconstruction using the RASF estimat d. Test scene reconstruction using the DEDator.

e. Test scene reconstruction using the FBR estimato f. Test scene reconstruction using the rob R estimator.

Fig. 1. Simulation results of the synthesized seshe SSP reconstruction. Specifications of thelation experiment are summarized in Table 1.
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a. First real-world original high-resolution scene. b. Low-resolution scene image formed applyingNt&- method.

c. Scene reconstruction using the RASF estimator. d. Scene reconstruction using the DEDR estimator.

!I”‘

-

73

e. Scene reconstruction using the FBR estimator. . Scéne reconstruction using the robust RFBR egtima

Fig. 2. Simulation results of the first real-woBAR scene imaging with SSP reconstruction performi¢althe £ system.
Specifications of the simulation experiment are mamzed in Table 2.
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