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ABSTRACT

We addresshe problemof detectingslon-moving targetsusinga
space-timeadaptve processindSTAP) radar The constructiorof
optimumweightsateachrangempliestheestimatiorof theclutter
covariancematrix. Thisis typically doneby straightaveragingof
neighbaing datasnapshts. Therange-depettenceof thesesnap-
shotsgenerallyresultsin poor performanceAfter reviewing exis-
ting methodsfor handlingthe range-depettience we preseninew
methodsexploiting the geometryof the direction-Dopypper curves.

1. INTRODUCTION

PulsedDopplerradarsareusedto detectmoving targetsandto
measureboth their rangesand speeds.They typically transmita
train of coherentmodulatedpulses. Equippedwith a linear array
antennathey areparticularlywell suitedat detectingslon-moving
targetsin the presenceof clutter andjammers. One of the most
sophisticatedechniques for dealingwith this problemis space-
time adaptie processig (STAP) [1, 2].

STAP researchwasinitially focusedon monostatic(MS) con-
figurations,wherethe transmitterand the recever are colocated
However, muchof the STAP challengenow residesn bistatic(BS)
configurationg3, 4], wherethetransmitterandtherecever arelo-
catedon distinct,indepemently-maing plateforms.

The datacollectedby STAP radarscanbe viewed asa 2D dis-
cretesequencef spaceandtime variables,called a “snapshd’.
Basic STAP methodscomputea weightedlinear combinationof
the snapsbt elements. The calculationof the optimum weights
generallyinvolvestheinversionof a covariancematrix of the data
shapsht This covariancematrix mustbe estimated.This is typ-
ically doneby straightaveraging(SA) of the snapshotsit a series
of neighborirg ranges.However, this averagingworks only for a
limited numker of configuraions.

The range-depettenceproblemresultsfrom the fact that the
clutter enegy wandersin the power-spectral-densitfPSD) do-
main asthe rangechanges. We will seethatthis “range-walking”
manifestsitself by a deformationwith range of an ubiquitous
“clutter ridge”. This resultsin a degradationof detectionperfor
mance. The objectof this paperis to compersatefor this range-
depen@nceof the clutter ridge with the goal of bringing perfor
manceascloseaspossibleto its optimumlevel.

After reviewing exisiting range-épendene compesation
methodswe presenbur new methods.Theideais to computean
estimateof the covariancematrixatsomereferenceangegate(in-
dexed with 1) by first applying a transformatiorto the covariance
matricesat a seriesof neighbaing rangegates(indexed with k)

andthenaveragingthe transformedmatrices.However, the trans-
formationis appliedto the correspoding PSDs,i.e., in the spec-
tral domain. The PSD correspading to somerange(gate)k is
transformedo bring its clutter ridge into registrationwith that of
the PSDat thereferencaangel. The methodspropo®d arethus
baseduponmapping of the elementof the PSDsateachrangek.
The registrationof the clutterridgesis equivalentto the regis-
tration of the “direction-Doppler(DD) curves] which are math-
ematical curves fully determinedby the configuration parame-
tersandtheranget We distinguishbetweentwo typesof range-
deperlencecompenation methods:(a) methodsthat assumeex-
act knowledge of the configuration parametersare said to be
“opertloop (OL)” and (b) methodsthat estimatethe parameters
from the dataaresaidto be “data-adative (DA)”". Below, we des-
cribesix of thesemethod anddiscusgheir performanes.

2. RADAR-MEASUREME NT CONFIGURATIONS

Figurel shavs atypical MS configuration Thetransmitterand
the recever arelocatedon the sameplateformR. The scatterer
S is eithera tamget or a clutter patch. The origin of the (z, y, 2)
coordnate systemis chosento coincidewith R. Its orientation
is suchthatthe z-axis pointsin the sameway asthe radarveloc-
ity vectorv, andthe z-axis pointsvertically up. We assumehat
theantennaA is linearandlocatedin a horizontalplane. The ori-
entationof A is thenfully describedby the angled betweenthe
antenm axis s and vz . The sidelooking(SL) MS configuation
correspadsto § = 0. TheMS rangeR,, is the one-way distance
from R to S. Noting thatvr = |vg|, ary MS configuraion is
fully characterizedyy thevectorof parameters

0 = (6,vr, H). @)

Figure 2 shaws a typical BS configuration. The transmitter?’
and the recever R are mountedon distinct, indeperent plate-
forms. The origin of the (z, y, z) coordinatesystemis chosento
coincidewith T'. Its orientationis suchthatthe z-axispointsin the
sameway asthetransmittervelocity vectorv,. andthatthe z-axis
pointsvertically up. We assumethatthe recever velocity vector
vy islocatedin a horizortal plane. The angleof v with respect
to v is dended by ar. The antennaA is againassumedo be
linearandin a horizontalplane. Definingé asthe anglebetween
the s-axisand vy, theangled + ar fully describeghe orienta-
tion of A. The sidelookirg (SL) BS configurationcorrespodsto

1We have developpeda mathematal theoryof DD curves but it is not
discussedhere.
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Figurel: MS configuration.(a) Radar(R)-scattere(S) geomery.
(b) Antenna(A) andrelatedangles.

6 = 0. The bistaticrangeR;, is the distancefrom 7' to S to R.
Noting thatvr = |vg| andvr = |v,|, ary BS configurationis
fully characterizedby thevectorof parameters

Q = (mRavazRvaRvdv UvaTvH)' (2)
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Figure 2: BS configuration. (a) Transmitter(T')-recever (R)-
scattere.S) geomary. (b) Antenna(A) andrelatedangles.

3. DIRECTION-DOPPL ER CURVES

3.1. Radar and signal parameters

Radarsystemsareexpectedio determineatleastthreebasicpa-
rametergor eachscatterelS of interest:itheangulampositiong, the
rangeR,, or R, andtherelative velocity v,. Therelatedparame-
tersthataremoredirectly measuredrom theradarreturnsarethe
spatialfrequeny f; [2], the roundtripdelay 7,.; andthe Doppler
frequeny f,. For astationaryscattererwe have

fs = At cos
_ 2Rm/c (MS)
Tt = Ry/c  (BS)
fo = X, 120g cos &q. (MS)
4 = A tur cos €T 4+ A lorcos€l, (BS)

where). is the carrierwavelengthandc is the speedof the light.
Onecaneasilycomputeg, Ry, or Ry, andv, from f,, 7+ and f;.

3.2. Direction-Doppler (DD) curves

For ary given configurationand for ary given range,all sta-
tionary scatterersat this rangemap onto a curve shaving the re-
lation betweenf; and f; for the scatterers.Any suchcure is
calleda“direction-Dopler (DD)” curve. DD curvesaretypically
representedh termsof the normalizedspatialfrequerty v, equal
to (A¢/2)fs andthe normalizedDoppler frequeny v4 equalto
(Ac/4vr) fa (MS)orto (Ac/2(vr + vr)) fa (BS).Figure3 shovs
a variety of DD curwes for different configurationsand different
ranges.Notethatthe DD curvesvary significantlyfrom onecon-
figurationto anotherandalsofrom onerangeto anotherespecially
for BS configurations.Figure3(a) shavs that,in the SL MS con-
figuration,all DD curvesareindepen@ntof range.In all otherMS
andin all BS configuratiors, thesecurvesvary with range.
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Figure 3: ExampleDD curwves. (a)-(b): MS configurations.(c)-
(d): BS configurations.MS rangesR,,, are75, 125 and250 km
andBS rangesR;, are 170, 210, 250 and400 km. Units in text
above graphsaredegreesandkilometers.

Deriving the equatiors of thesecurves for MS configurdions
is straighforvard [2, 1]. However, the caseof BS configurdions
is muchmorechallengirg. Our approachs asfollows. First, we
expressyy as a function of v;. SincemostBS DD curves are
closedcurves,ary BSDD curweis bestdescribedy two functions
va = fi(vs) andyy = fa(vs). Oneequationrepresentshe upper
partof the closedcurve andthe secondhe lower part. Secondjf
we expressy, andyy asfunctionsof the anglet parameterizing
the isorangecurve, we find a parametricdescriptionof the DD
cuné’, i.e.,

ve =g1(¢) and vy = ga(¥)). ®)

2All scatteers S chaactaized by the samerangeare located on an
isorangesurface andits intersectian with the groundis anisorang curve.
If the groundis a horizontal plane, theisorange curwe is a circle (MS) or
anellipse(BS), paraneteriablewith the polarangle.

3The derivation of f; () and fa(vs) or of g1 () andga () is quite
complicated andlong.




4. DATA SNAPSHOT AND OPTIMUM PROCESSOR

A train of M coherem pulsesis transmitted,the returnsare
sensedat eachof the N elementsof a linear antennaarray and
the sensedeturnsaresampledat a numberof discreterangesWe
regardthe dataasa sequace of M x N dataarraysat succes-
sive ranges.Eachsucharrayis calleda “snapshot”. The M x N
shapshbcorrespadingto a single scatteremwith normalizedspa-
tial frequerty v andnormalizedDopplerfrequeny v, andwith
rangeR,, or R, canbewrittenasthe M N x 1 vector[2]

= Brb(va) ® a(vs), 4)

whereg, comesfrom theradarequationp(vs, vq) isthe M N x 1
steeringvector ® theKronecler productanda(vs) andb(vy) the
N x 1 spatialand M x 1 temporalsteeringvectors

Y(s,va) = Bro(vs, va)

(vs) = (1...e7™" . e

a j27r1/s(N—1))T (5)
bra) = (1...e el 2mva(M=1yT (6)

Jj2mvgm

The clutter snapshotgc(us,ud) is found by integrating
y(vs, va) over theisorangecurve parameterizedly 1, i.e.,

27

Be () v(vs(¥), va(¥)) dyp.

gc(lls,lld) =
0

SincefB. () is arandomprocessa/ is arandomvector We as-
sumeit is stationary It is thuscharacterlzedby aconstam covari-
ancematrlxR = E{y y‘L} To find the pawer spectraldensity
(PSD)assouatedwth y “We usethe minimumvarianceestimator
(MVE) [1]. CIutterPSIfsshcw aconcentratiorof enegy alonga
particular‘curve” in thespectraplane.Thesupportof this“clutter
ridge” is in directcorrespondncewith therelatedDD curve.
The M N x 1 weightvectorproviding optimumclutterrejection
andthusdefiningthe optimumprocesso(OP)is [1]

w, (VSJVd) :é_ly(ys,yd), (7)

wherethe covariane matrix R = E{ggf} is the sum of the
covariancematricesR = E{y_ yT} for the clutterand R =

E{y "} for thenoise.We assumethatthe nmseyn is spatlally
andtemporallywhnesothatR = I. In practice R is notknovn
and mustbe estimatedor eac%range The maximume-likelihood

estlmato@ for rangegatel is [2]

B0)= 5 Y B, ®

keS;

where N; is the numberof snapshts usedfor estimation,.S; is
the setof surroundng snapshbindicesk definedby I — -1 <
k <1+ %L andR(k) = y(k)y' (k) wherey(k) is the snap-
shotat range(gate)k Equation(8) resultsin anunbiasedestima-
tor for R(I) only if the clutter ridge is range-indepedent. This
happes only for SL MS configurations.In all othercasesrange-
depen@ncecompersationmethodanustbe used.

The performarte of a processousingweightsaw is measured
by the signal-to-interference-plusoise(SINR) lossdefinedas[2]

SINR

_ |whef
SINRo

W Bw)(v'v)’

SINR_ = ©)

where SINR; is the SINR in the abseme of clutter Valuesof
SINR|_ rangefrom a minimum equalto the noise-to-clutteratio
to a maximumof one,indicating that the processo performarte
is notdegradel by clutter Optimumperformances achiezedwith
w = w,. In practice processoperformances degradedby esti-
mationlossesandby therange-depndenceof the clutterridge.

5. EXISTING METHODS BASED ON
DOPPLER WARPING AND TAYLOR SERIES

5.1. Doppler Warping (DW) method

The DW methodwas initially developped for nearly-SLMS
radars[5] and later appliedto BS configurationg4]. DW com-
pensgesthe range-depedenceof y(vs, v4) in Eq. (4) by adding
to vy aDopplershift A(k) thatis choserfor eachrangek in such
away asto bring all clutterridgesin registrationat a specificvs.
Equation(6) shavs that this can be achieved by premultiplying
Yy (vs, vq) by thematrix

g(k) _ [1 LN N ej21r(M71)A(k)j|

®L

Therefore, applying T'(k) to the snapsbt y(k) resultsin the
Dopplerwarpedsnapshoy , (k) = T(k)y(k). Performancele-
gradesasone moves away(from the'SL configurationin the MS
caseandis poor in the BS case[4]. The main advantag of the
DW methodis its simplicity of implementationHowever, thecon-
figuration parametersnust be known and the range-@&pendene
compensationcanbe exactonly for onespecificy.

5.2. High-Order Doppler Warping (HODW) method

The HODW methodis a generalizatiorof the DW method[6]
andprovidesperfectcompersationat morethana singlevs. This
methoddividesthe Dopplerfrequeng rangeinto afinite number
of Dopplerbins. In eachDopplerbin, a differentrange-depndent
Dopplerfrequeng shift A(k) is chose andusedin the sameway
asin the DW method.The main adwantage of the HODW method
is thattherange-depndenceompensatiois nearlyperfect. How-
ever, the configurationparametersnust be knovn andthe com-
plexity of the Dopplerfiltering is significant.

5.3. Derivative-basedupdating (DBU) method

The DBU methodwas propasedin [4] to handlethe range-
depemlencein BS configuratios. The optimumweightsw, (k)
atrangek arecomputedusinga Taylor seriesexparsiontypically
limited to first order

w(k) = w(l) + (k — Nai(l), (10)
wherel is the referencerange,k the rangeof interestand (. )

thederivative of w with respecto range.Thevaluesof w, (1) and
a, (1) aregivenby [4]

a-(i)-2" (") o

" R()  (k—DR(K)
R=5 Z(( k=DR(k) (k-)R (k))

where



Themainadwantag of the DBU methodis thatit doesnotrequire
ary knowledge of the configurationparametersHowever, perfor
mancevary consideably from oneconfigurationto anothersince
we assumehatw, (k) varieslinearly with rangek. In addition,
the numberof degreesof freedomis doutded, so thatthe numbe

of samplegequiredto estimatel;t is doubled

6. METHODS BASED ON
REGISTRATION OF DD CURVES

6.1. Conceptualtransformation for R(k)

In all our range-depedencecompenstion methodswe have
~ 1 sy 1
Ri)= 5 Y Bk =5 > Tu[BE)], @12
keS; keS;

whereTy,[ . ] is the transformatiorthat bringsthe clutter ridge of
R(k) into registrationwith the clutter ridge of R(l). Note that
we do not attemptto provide an analyticalexpressionfor Zj] . ].
Insteadwe provide algorithmsthatimplementhis transformation.
Therefore, Ty, [ . ] is primarily of concepual interest. Sincethe
manifestatiorof the range-depndenceproblemis in the spectral
domain, the range-depetiencecompenation methodsare more
naturallydesignel in the spectraldomain

As aresultof stationarity R = R(k) is Toeplitz-block-Deplitz
[2]. Exploiting redundéng/ in R, we replacethe MN x M N
matrix R by a (2N — 1) x (2M — 1) matrixI’ = I'(k) entirely
equialert to R. In contraswith R, I' hasonedimensiondevoted
to spaceandthe otherdevotedto time. Clearly, we canwrite an
equationsimilarto Eq.(12) for theI® matrices.

6.2. Matching of DD curves

Here,onecanthink in termsof eitherthe PSDclutterridge or
the correspoding DD curves. The DD curvesarepreferredsince
we have analyticaltools to dealwith them. However, ultimately,
thethinking mustbetranslatednto the PSDplane.

ConsiderDD curves at variousrangesfor a specificconfigu
ration. The ideais to bring eachDD curwe at rangek € S
(thesourcerange)into registrationwith the DD curwe atreference
rangel (thedestinatiorrange).Sincethesourcecune is deformed
into the destinationcurve, the terminologiesof moving curveand
fixedcurveandthe notationsMC(k) andFC() areused.

6.3. Classesf mapping-basedmethods

We considertwo classesof methods. In “open-log (OL)”
methodswe assumehat@ is known andin “data-adagive (DA)”
methodswe estimate@ from the data. The architectureof each
classis shawvn in Fig. 4. Therearethreepreferredimplementa-
tions of the “mapping-baseccompenstion” method,eachrelying
on a differentgeometricatransformation.This resultsin the six
differentmapping-baedmethoddistedin Tablel1. They aredis-
cussedelow.

7. METHODS FOR MAPPING-BASED COMPENSATION

7.1. Generic mapping-basedcompensation

Figure5 shows a block diagramof the processingstepsof all
mappingbaseccompensatiormethods.The mainstepthatdiffers

L(k) L(k)

Configurationparameterg
estimation

Mapping-based
compensation

0 Mapping-based
= compensation

L'(k) L' (k)
(a) Open-bop (OL) methals (b) Data-adaptve (DA) methods

|

Figure4: Comparisorof architecturesf (a) open-log (OL) meth-
odsand(b) data-adative (DA) methods.

| | Open-loop | Data-adaptie |

Scalingtransformation(MS) | OL-STMS DA-ST-MS
Affine transformation(BS) OL-AT-BS DA-AT-BS
WarpingtransformationBS) | OL-WT-BS | DA-WT-BS

Table 1: Classificationnamesand abreviation for the range-
depeniencecompenston methods.

from oneparticularmethodto the next is the “mapping” step.

L(k) L' (k)
[}
Bt
=£ | Expansior - -
8e andzero |<-—-—-—- — (onlyfork < l)--—-—-—- —=Windowing
88| padding
n
r r
=p =P
— — 4 2DFFT|— = = = = = = = — — — — > — — — — _| 2D IFFT|- -
Configurationparameter# or 8
PI
P IR e -
=< £ ; Peak ' [ Mapping i
82¢€ L.»|extraction(1)| L from rangek ;
£383 !'"| atrangek |i; | torangel i
0w I —— e D D T mmm . i

Figure5: Block diagramof processig stepsfor genericmappirg-
basedcompermationmethod.

Expansion and zero-padding (if required): For rangesk < I,
thescalingof thePSDP is adilation, thusa contractiorof . The
size (2N — 1) x (2M — 1) of L = I'(k) is thusincreasedoy
mappirg-specificfactorsalongr, andrv, andzero-paded.
Fourier transform: The2D FFT of £p givesthePSDLP.
Peakextraction (1): In orderto dilateor contracttheclutterridge
in P, wefind thepositionof thesignificantpeaksin P, by tracking
thesepeaksdown alongthetheoreticaDD curve using8 orE.
Mapping: (vs(k),va(k)) on MC(k) is mapped onto
(vi(1),v4(1)) on FC(Q). The three mappirgs are described
later.

Inter polation: Whenk < [, linearinterpolationis performedto
ensurethe “continuity” of thedilatedridgein 1:3’

InverseFourier transform: The2D IFFT of P’ givesg;.

Windowing: If & < I, !p mustbe windowed to recover the de-



sired(2N —1) x 2M - 1) I".

7.2. Scalingtransformation for MS configurations (ST-MS)

This methodappliesonly to MS configuratiors. It relieson the
factthatall DD curvesfor MS configurationsare scaledversions
of eachothers. The mappingfrom (v,(k), vq(k)) on MC(k) to
(i (1), vy(1)) on FCQ) is givenby the scalingtransformatior(ST)

(48)- (£ tun ) (8. s

wheres,(l,k) = sq4(l, k) are simplefunctionsof H andof the
rangesR,, (1) and R,, (k) correspoding to rangegatesl and k.
Figure6 illustratesMVE-basedPSD beforeand after compensa
tion.

OL STMS
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(b) PSDaftercompenston

(a) PSDbeforecompersation

Figure6: lllustration of the OL-ST-MS methodfor a MS config-
urationwith vg = 90 m/s,§ = 45 deg, R, (k) = 50 km and
R (1) = 125 km. The MVE of I'(k) (or R(k)) is shavn in (a).
TheMVE of I’ (1) (or R'(1)) is shavn in (b).

7.3. Affine transformation for BS configurations (AT-BS)

In BS configurations, a simple scalingdoesnot lead to good
compersation. A straightforvard generalizatiorof scalingis the
affine transformation(AT). The coeficients of the AT arefound
by first discretizingy andrecordingtherelatedsampleson MC(k)
andFC(). Then,anoverdeterminedMMSE problemis solvedto
find theoptimumcoeficients. Thepotentialof the AT isillustrated
in Fig. 7. The transformationworks well when the sourceand
destinationcurves have similar shapes.Givenits limited numbe
of degreesof freedom,the AT cannotbe expeded to bring into
perfectregistrationtwo curvesthathave quite differentshapes.

7.4. Warping transformation for BS configurations (WT-BS)

Using the pair of equatiors in Eg. (3), we can compue the
“flow line” corresponihg to eachdiscretevalue of v, asshavn
in Fig. 8(a). As R, increasesywe move alongary particularflow
line. The mappingis thensimple: for ary given ), we find the
sourcepoint A(vs, v4) on MC(k) and mapit into A’ (v;,v;) on
FC(). Remembethatmappingconsistessentiallyin determining
theintensityassociatedavith A in the sourcePSDandin mapping
this valueinto the pixel closestto A’ in the destinationPSD.An
exampleof mappingis shavn in Fig. 8(b).
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“Bs e 48 4z ar 0 o1 02 03 04 05 W5 04 03 02 o1 0 01 02 03 04 05
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Figure7: lllustration of DD curwe registrationachieved with the
AT. The dottedlines correspod to the FCs. The solid curvesare
the MCs before(upperdiagram)andafter (lower diagram)trans-
formation. In all cases,R; (k) is 200 km and R; (1) is 350 km.
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Figure8: (a) lllustration of flow lines. (b) Flow linesdictatingthe
deformationof MC(k) into FC().

8. ESTIMATION OF CONFIGURATION PARAMETER S

Fig. 9 shawvs a block diagramof the processingstepsin the
genericconfiguration-parameterastimationmethod. Theinputis

T'(k) andtheoutputis the estimated of .
L(k)

| |

Expansiorand r_» peaa?(;:;?:n(z) _»

zeropadding
(BSconfiguratonsonly) | =p | =
|
Figure 9: Block diagram of processing steps for generic

configuration-parametersstimationmethod.

Themainstepshatdiffer for MS andBS configurationsarethe
“peak extraction” andthe “curve fitting” steps.In both case,we
assumehatthe height H is known. In the MS case ,we assume
thatvg is known. Thisis areasonale assumptionsincethe pro-
cessingis typically doneonbaard. In the BS case,we similarly
assumehatbothvr andvg areknown. We have developpel es-
timation methodthatwork evenin thecasewhereH, v, vr and
vg areunknavn. Thesemethodsarenot describechere.
Expansionand zero padding: Thegoalis to increasehe sizeof



the array I'(k) for subsequet curve fitting below. This is done
only for BS configuratiors: more datapoints are requiredgiven
thattherearemoreparameterso estimate.

Fourier transform: The2D FFT of Lp givesP.

Peak extraction (2): Since#8 is not known, we cannotusethe
“peakextraction(1)” step.For MS configurations,we useathres-
holding algorithmthat usesthe histogramof the peakamplitudes
to find the optimumthreshold7]. For BS configurationsthe MS
thresholdingalgorithm performspoorly dueto the larger numbe
of parameterso estimate.Insteadwe usea watershedsegmerta-
tion algorithminspiredfrom imageprocessing8].

Curve fittin g: We have analyticalequationsfor the MS and BS
DD curves. We alsohave the coordirates(vs ;, vq4,5) of the peaks
justextracted.We canthusperforma MMSE fit of the parametric
curwe to the peaks. The resultis the MMSE estimateé of the
parameterector. Thestatisticsthatis minimizedis

Np

E(6) = d*((vs,5,va;),C(8)), (14)

j=1

whereN,, is the numberof detectecbeaks d(P;, C) the distance
betweerpoint P; andcunveC, andC (@) theDD curve correspond
ing to 8. For MS configurationsthe only unknownis é. Its value
is found by solving an overderterminedMMSE problem[7]. For
BS configurationstheunknovnsarezg, yr, zr, ar andd. Their
estimation's morecomplex andis describedn [8].

9. PERFORMANCE COMPARISON

The SINR|_ of Eq. (9) is usedto comparethe performancesf
the methodslisted in Table 1 andthoseof the OP and of the SA.
(OP usesthe exact value of R(!) and SA the value of R(l) ob-
tained by straightaveragingof the R(k)’s.) Here, we assume
omnidirectionalsensors.Similar resultsare obtainedwith direc-
tional sensors.Figure 10 compareshe performanes of the var-
ious method. Its organizationmatchesthat of Table 1. Rows
correspods to ST, AT and WT. The graphson the left compare
the OL methodsto OP and SA. Thoseon the right comparethe
OL andDA methods.Figures10(a)-(b)dealwith ST andconfirm
(1) thatOL-ST-MS performsnearlyaswell asOPandmuchbetter
than SA and(2) that OL and DA provide nearlyidentical perfor
mance. The remainingsubfiguredeadto similar conclusiors for
AT and WT. As expected,WT provides betterperformancethan
AT, in bothOL andDA modes.

10. CONCLUSIONS

The range-depetienceof the PSD clutter ridge is a serious
problemfor nonSL MS and BS STAP radars. This paperdis-
cussesix new compersationmethodshasedn mappirgsexploit-
ing the geometricalpropertiesof DD curves. Their performance
wasdiscussed The range-@&pendene compensatiorachieved is
nearly perfectfor all configurations,ncluding in the DA mode.
Thisis achieved without ary increasen the numbe of degreesof
freedomrequiredfor clutterrejection.
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