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ABSTRACT

We addresstheproblemof detectingslow-moving targetsusinga
space-timeadaptive processing(STAP) radar. Theconstructionof
optimumweightsateachrangeimpliestheestimationof theclutter
covariancematrix. This is typically doneby straightaveragingof
neighboring datasnapshots. Therange-dependenceof thesesnap-
shotsgenerallyresultsin poorperformance. After reviewing exis-
ting methodsfor handlingthe range-dependence,we presentnew
methodsexploiting thegeometryof thedirection-Doppler curves.

1. INTR ODUCTION

PulsedDopplerradarsareusedto detectmoving targetsandto
measureboth their rangesandspeeds.They typically transmita
train of coherentmodulatedpulses.Equippedwith a linear array
antenna,they areparticularlywell suitedatdetectingslow-moving
targetsin the presenceof clutter and jammers. Oneof the most
sophisticatedtechniques for dealingwith this problemis space-
time adaptive processing (STAP) [1, 2].

STAP researchwasinitially focusedon monostatic(MS) con-
figurations,wherethe transmitterand the receiver arecolocated.
However, muchof theSTAP challengenow residesin bistatic(BS)
configurations[3, 4], wherethetransmitterandthereceiverarelo-
catedon distinct,independently-moving plateforms.

Thedatacollectedby STAP radarscanbeviewed asa 2D dis-
cretesequenceof spaceand time variables,calleda “snapshot”.
BasicSTAP methodscomputea weightedlinear combinationof
the snapshot elements.The calculationof the optimum weights
generallyinvolvestheinversionof a covariancematrix of thedata
snapshot. This covariancematrix mustbeestimated.This is typ-
ically doneby straightaveraging(SA) of thesnapshotsat a series
of neighboring ranges.However, this averagingworks only for a
limited numberof configurations.

The range-dependenceproblemresultsfrom the fact that the
clutter energy wandersin the power-spectral-density(PSD) do-
mainastherangechanges.We will seethat this “range-walking”
manifestsitself by a deformationwith range of an ubiquitous
“clutter ridge”. This resultsin a degradationof detectionperfor-
mance.The objectof this paperis to compensatefor this range-
dependenceof the clutter ridge with the goal of bringing perfor-
manceascloseaspossibleto its optimumlevel.

After reviewing exisiting range-dependence compensation
methods,we presentour new methods.Theideais to computean
estimateof thecovariancematrixatsomereferencerangegate(in-
dexed with

�
) by first applying a transformationto thecovariance

matricesat a seriesof neighboring rangegates(indexed with � )

andthenaveragingthetransformedmatrices.However, thetrans-
formationis appliedto the corresponding PSDs,i.e., in the spec-
tral domain. The PSDcorresponding to somerange(gate) � is
transformedto bring its clutter ridge into registrationwith thatof
the PSDat the referencerange

�
. Themethodsproposedarethus

baseduponmappingsof theelementsof thePSDsateachrange� .
The registrationof the clutter ridgesis equivalentto the regis-

tration of the “direction-Doppler(DD) curves,” which aremath-
ematical curves fully determinedby the configuration parame-
tersandthe range.1 We distinguishbetweentwo typesof range-
dependencecompensation methods:(a) methodsthat assumeex-
act knowledge of the configurationparametersare said to be
“open-loop (OL)” and (b) methodsthat estimatethe parameters
from thedataaresaidto be“data-adaptive (DA)”. Below, we des-
cribesix of thesemethodsanddiscusstheirperformances.

2. RADAR-MEASUREME NT CONFIGURATIONS

Figure1 showsa typicalMS configuration. Thetransmitterand
the receiver are locatedon the sameplateform � . The scatterer�

is eithera target or a clutter patch. The origin of the �����
	�����
coordinatesystemis chosento coincidewith � . Its orientation
is suchthat the � -axispointsin the sameway astheradarveloc-
ity vector � � andthe � -axispointsvertically up. We assumethat
theantenna� is linearandlocatedin a horizontalplane.Theori-
entationof � is then fully describedby the angle � betweenthe
antenna axis � and � � . The sidelooking(SL) MS configuration
correspondsto ����� . TheMS range��� is theone-way distance
from � to

�
. Noting that � � ��� � ��� , any MS configuration is

fully characterizedby thevectorof parameters �!���"�
� � �#$�&% (1)

Figure2 shows a typical BS configuration.The transmitter'
and the receiver � are mountedon distinct, independent plate-
forms. The origin of the �����(	��(��� coordinatesystemis chosento
coincidewith ' . Its orientationis suchthatthe � -axispointsin the
samewayasthetransmittervelocityvector � ) andthatthe � -axis
pointsvertically up. We assumethat the receiver velocity vector� * is locatedin a horizontal plane.Theangleof � * with respect
to � ) is denoted by + * . The antenna� is againassumedto be
linear andin a horizontalplane. Defining � asthe anglebetween
the � -axis and � * , the angle �-,.+ * fully describesthe orienta-
tion of � . Thesidelooking (SL) BS configurationcorresponds to

1We have developpeda mathematical theoryof DD curves but it is not
discussedhere.
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Figure1: MS configuration.(a)Radar( � )-scatterer(
�

) geometry.
(b) Antenna( � ) andrelatedangles.

�$�E� . The bistaticrange �GF is the distancefrom ' to
�

to � .
Noting that � * �H� � *I� and � ) �H� � )J� , any BS configurationis
fully characterizedby thevectorof parameters �!��� * �	 * �� * �(+ * �
�K�(� * �(� ) �#$�&% (2)
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Figure 2: BS configuration. (a) Transmitter( ' )-receiver ( � )-
scatterer(

�
) geometry. (b) Antenna( � ) andrelatedangles.

3. DIRECTION-DOPPL ER CURVES

3.1. Radar and signal parameters

Radarsystemsareexpectedto determineat leastthreebasicpa-
rametersfor eachscatterer

�
of interest:theangularposition S , the

range� � or � F andtherelative velocity �UT . Therelatedparame-
tersthataremoredirectly measuredfrom theradarreturnsarethe
spatialfrequency VXW [2], the roundtripdelay Y&TZ andthe Doppler
frequency VX[ . For a stationaryscatterer, wehaveV W � \^]^_`baNced SY TZ � fhg �i�kj"l (MS)�iF&j"l (BS)Vm[n� f \ ]�_` g � * aNced Sm[�% (MS)\ ]�_` � ) aNced S )[ ,o\ ]^_` � * aXced S *[ � (BS)

where \ ` is thecarrierwavelengthand l is thespeedof the light.
OnecaneasilycomputeS , � � or � F , and �KT from VUW , YmTZ and VX[ .

3.2. Dir ection-Doppler (DD) curves

For any given configurationand for any given range,all sta-
tionary scatterersat this rangemaponto a curve showing the re-
lation betweenVmW and VX[ for the scatterers.Any suchcurve is
calleda “direction-Doppler (DD)” curve. DD curvesaretypically
representedin termsof thenormalizedspatialfrequency p W equal
to �q\ ` j g �(V"W and the normalizedDoppler frequency p&[ equal to�q\ ` jUre� � �(Vm[ (MS) or to �q\ ` j g ��� * ,s� ) �(�(VU[ (BS).Figure3 shows
a variety of DD curves for different configurationsanddifferent
ranges.Notethat theDD curvesvary significantlyfrom onecon-
figurationto anotherandalsofrom onerangeto another, especially
for BS configurations.Figure3(a)shows that, in theSL MS con-
figuration,all DD curvesareindependentof range.In all otherMS
andin all BSconfigurations, thesecurvesvary with range.
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Figure3: ExampleDD curves. (a)-(b): MS configurations.(c)-
(d): BS configurations.MS ranges��� are �K� , � g � and

g �K� km
andBS ranges� F are �m�K� , g �X� , g �"� and re�e� km. Units in text
abovegraphsaredegreesandkilometers.

Deriving the equations of thesecurves for MS configurations
is straighforward [2, 1]. However, the caseof BS configurations
is muchmorechallenging. Our approachis asfollows. First, we
express pU[ as a function of p W . Sincemost BS DD curves are
closedcurves,any BSDD curve is bestdescribedby two functionspK[k��V _ �{peWN� and pU[-��VK�e�{pKWX� . Oneequationrepresentstheupper
partof theclosedcurve andthesecondthe lower part. Second,if
we expressp"W and p [ asfunctionsof the angle � parameterizing
the isorangecurve2, we find a parametricdescriptionof the DD
curve3, i.e., peW���� _ ����� and p [ ���P�K�����&% (3)

2All scatterers � characterized by the samerangeare locatedon an
isorangesurface andits intersection with thegroundis an isorange curve.
If the groundis a horizontal plane, the isorangecurve is a circle (MS) or
anellipse(BS),parameterizablewith thepolarangle � .

3Thederivation of � _m� � WX¡ and � � � � Wm¡ or of ¢ _m� �y¡ and ¢ � � �y¡ is quite
complicated andlong.



4. DATA SNAPSHOT AND OPTIMUM PROCESSOR

A train of £ coherent pulsesis transmitted,the returnsare
sensedat eachof the ¤ elementsof a linear antennaarray, and
thesensedreturnsaresampledat a numberof discreteranges.We
regard the dataasa sequenceof £¦¥§¤ dataarraysat succes-
sive ranges.Eachsucharrayis calleda “snapshot”. The £¨¥$¤
snapshot corresponding to a singlescattererwith normalizedspa-
tial frequency p W andnormalizedDopplerfrequency p&[ andwith
range� � or �iF canbewrittenasthe £�¤b¥©� vector[2]ª �{p W �6p"[e�«��¬ T � �{p W �p"[e���¬ Tm® �{p"[e��¯§° �{p W �&� (4)

where¬ T comesfrom theradarequation,� �{p W �p"[K� is the £±¤²¥³�
steeringvector, ¯ theKronecker productand ° �{pNWN� and ® �{p [ � the¤b¥©� spatialand £´¥µ� temporalsteeringvectors° �{pKWX�¶� �
�«%X%X%6·6¸ �
¹ � �6º %X%m%(·&¸ �
¹ � � t¼» ]^_ | � ) (5)® �{pK[K�¶� �
�«%X%X%6·6¸ �
¹ � 5 � %m%N%·6¸ �
¹ � 5Kt¼½ ]�_ | � ) % (6)

The clutter snapshot ª ` �{peWU�pK[K� is found by integratingª �{pKW"�p [ � over theisorangecurve parameterizedby � , i.e.,ª ` �{p W �pK[K�«�±¾ �
¹� ¬ ` ������� �{p W �����&�p"[����I�(��¿���%
Since ¬ ` ���I� is a randomprocess,ª ` is a randomvector. We as-
sumeit is stationary. It is thuscharacterizedby a constant covari-
ancematrix À ` �²Á�Â ª ` ª Ã`mÄ . To find the power spectraldensity
(PSD)associatedwith ª ` , weusetheminimumvarianceestimator
(MVE) [1]. ClutterPSDsshow a concentrationof energy alonga
particular“curve” in thespectralplane.Thesupportof this“clutter
ridge” is in directcorrespondencewith therelatedDD curve.

The £�¤!¥Å� weightvectorproviding optimumclutterrejection
andthusdefiningtheoptimumprocessor(OP)is [1]Æ Ç �{p W �(pK[K�«�±À ]�_(� �{p W �pK[K�&� (7)

where the covariance matrix À �ÈÁ³Â ª ª Ã Ä is the sum of the

covariancematrices À ` �ÉÁ³Â ª ` ª Ã` Ä for the clutter and À º �Á³Â ª º ª Ãº Ä for thenoise.We assumethatthenoise ª º is spatially
andtemporallywhitesothat À º �ËÊ . In practice,À is notknown
andmustbe estimatedfor eachrange. The maximum-likelihood
estimator ÌÀ for rangegate

�
is [2]

ÌÀ � � �J� �¤ÅÍÅÎÏ"Ð�ÑKÒ À �{���&� (8)

where ¤-Í is the numberof snapshots usedfor estimation,
� Í is

thesetof surrounding snapshot indices � definedby
��Ó » Ò ]^_� Ô� Ô � , » Ò ]�_� and À �{���i� ª �{��� ª Ã �{��� where ª �{��� is the snap-

shotat range(gate) � . Equation(8) resultsin anunbiasedestima-
tor for À � � � only if the clutter ridge is range-independent. This
happens only for SL MS configurations.In all othercases,range-
dependencecompensationmethodsmustbeused.

The performance of a processorusingweights Æ is measured
by thesignal-to-interference-plus-noise(SINR) lossdefinedas[2]

SINRL � SINR
SINR� � ÕÕ Æ Ã � ÕÕ �� Æ Ã À Æ �N��� Ã � � � (9)

whereSINR� is the SINR in the absence of clutter. Valuesof
SINRL rangefrom a minimum equalto the noise-to-clutterratio
to a maximumof one, indicating that the processor performance
is notdegraded by clutter. Optimumperformanceis achievedwithÆ � Æ Ç . In practice,processor performanceis degradedby esti-
mationlossesandby therange-dependenceof theclutterridge.

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 configurations[4]. DW com-
pensatesthe range-dependenceof ª �{p&W"�p [ � in Eq. (4) by adding
to p"[ a Dopplershift Ö×�{��� thatis chosenfor eachrange� in such
a way asto bring all clutter ridgesin registrationat a specific p W .
Equation(6) shows that this can be achieved by premultiplyingª �{p W �pK[K� by thematrixØ �{�Ù�«�hÚ{�^·&¸ �
¹PÛ t Ï | %m%X%Ù·&¸ �
¹ t¼½ ]�_ | Û t Ï |{Ü ¯ÝÊ %
Therefore,applying

Ø �{��� to the snapshot ª �{�Ù� results in the
Doppler-warpedsnapshot ª [NÞ �{���«� Ø �{��� ª �{���&% Performancede-
gradesasonemovesaway from the SL configurationin the MS
caseand is poor in the BS case[4]. The main advantage of the
DW methodis its simplicity of implementation.However, thecon-
figuration parametersmust be known and the range-dependence
compensationcanbeexactonly for onespecific p6W .
5.2. High-Order Doppler Warping (HODW) method

The HODW methodis a generalizationof the DW method[6]
andprovidesperfectcompensationat morethana single p6W . This
methoddividesthe Dopplerfrequency rangeinto a finite number
of Dopplerbins. In eachDopplerbin, a differentrange-dependent
Dopplerfrequency shift Ö×�{�Ù� is chosen andusedin thesameway
asin theDW method.Themainadvantage of theHODW method
is thattherange-dependencecompensationis nearlyperfect.How-
ever, the configurationparametersmust be known and the com-
plexity of theDopplerfiltering is significant.

5.3. Derivative-basedupdating (DBU) method

The DBU methodwas proposed in [4] to handlethe range-
dependencein BS configurations. The optimum weights Æ Ç �{�Ù�
at range� arecomputedusinga Taylor seriesexpansiontypically
limited to first order,Æ �{�Ù�«� Æ � � �},±�{� Óß� �-àÆ � � �&� (10)

where
�

is the referencerange, � the rangeof interestand àÆ ��%6�
thederivativeof Æ with respectto range.Thevaluesof Æ Ç � � � andàÆ Ç � � � aregivenby [4]áÆ Ç �bâ Æ Ç � � �àÆ Ç � � �$ã � áÀ ]^_ â � �{pKW"�p"[e�ä ã � (11)

where áÀ � �¤ Í ÎÏ"ÐPÑeÒ â À �{��� �{� Óß� �
À �{����{� Óå� �
À �{���æ�{� Óß� � � À �{��� ã %



Themainadvantage of theDBU methodis thatit doesnot require
any knowledgeof theconfigurationparameters.However, perfor-
mancevary considerably from oneconfigurationto another, since
we assumethat Æ Ç �{��� varieslinearly with range � . In addition,
the numberof degreesof freedomis doubled, so that thenumber
of samplesrequiredto estimate

áÀ is doubled.

6. METHODS BASED ON
REGISTRATION OF DD CURVES

6.1. Conceptualtransformation for À �{���
In all our range-dependencecompensation methods,we haveÌÀ � � �J� �¤ ÍÅÎÏUÐ�Ñ Ò À çè�{���«� �¤ ÍÅÎÏ"ÐPÑ Ò ' Í Ï ÚéÀ �{��� Ü � (12)

where '}Í Ï�ê %
ë is the transformationthatbringstheclutter ridgeofÀ �{�Ù� into registrationwith the clutter ridge of À � � � . Note that
we do not attemptto provide an analyticalexpressionfor '�Í Ï�ê %èë .
Instead,weprovidealgorithmsthatimplementthistransformation.
Therefore, '}Í Ï�ê %
ë is primarily of conceptual interest. Sincethe
manifestationof the range-dependenceproblemis in the spectral
domain, the range-dependencecompensation methodsare more
naturallydesigned in thespectraldomain.

As aresultof stationarity, À �ËÀ �{�Ù� is Toeplitz-block-Toeplitz
[2]. Exploiting redundancy in À , we replacethe £±¤ì¥í£±¤
matrix À by a � g ¤ Ó �m��¥å� g £ Ó �U� matrix î �ïî �{��� entirely
equivalent to À . In contrastwith À , î hasonedimensiondevoted
to spaceandthe otherdevotedto time. Clearly, we canwrite an
equationsimilar to Eq.(12) for the î matrices.

6.2. Matching of DD curves

Here,onecanthink in termsof eitherthe PSDclutter ridge or
thecorresponding DD curves. TheDD curvesarepreferredsince
we have analyticaltools to dealwith them. However, ultimately,
thethinking mustbetranslatedinto thePSDplane.

ConsiderDD curves at variousrangesfor a specificconfigu-
ration. The idea is to bring eachDD curve at range �ñð � Í
(thesourcerange)into registrationwith theDD curve at reference
range

�
(thedestinationrange).Sincethesourcecurve is deformed

into thedestinationcurve, the terminologiesof moving curveand
fixedcurveandthenotationsMC( � ) andFC(

�
) areused.

6.3. Classesof mapping-basedmethods

We considertwo classesof methods. In “open-loop (OL)”
methods,we assumethat

 
is known andin “data-adaptive (DA)”

methods,we estimate
 

from the data. The architectureof each
classis shown in Fig. 4. Thereare threepreferredimplementa-
tionsof the“mapping-basedcompensation” method,eachrelying
on a differentgeometricaltransformation.This resultsin the six
differentmapping-basedmethodslisted in Table1. They aredis-
cussedbelow.

7. METHODS FOR MAPPING-BASED COMPENSATION

7.1. Generic mapping-basedcompensation

Figure5 shows a block diagramof the processingstepsof all
mapping-basedcompensationmethods.Themainstepthatdiffers

compensation
Mapping-based Mapping-based

compensationò ó t Ï | ò ó t Ï |
(b) Data-adaptive (DA) methods(a) Open-loop(OL) methods

estimation
Configuration-parameters

ò t Ï |ò t Ï |
ôõõ

Figure4: Comparisonof architecturesof (a)open-loop (OL) meth-
odsand(b) data-adaptive (DA) methods.

Open-loop Data-adaptive

Scalingtransformation(MS) OL-ST-MS DA-ST-MS
Affine transformation(BS) OL-AT-BS DA-AT-BS

Warpingtransformation(BS) OL-WT-BS DA-WT-BS

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

from oneparticularmethodto thenext is the“mapping” step.
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Figure5: Block diagramof processing stepsfor genericmapping-
basedcompensationmethod.

Expansion and zero-padding (if required): For ranges� Ô � ,
thescalingof thePSD � is adilation,thusacontractionof î . The
size � g ¤ Ó �m�Å¥o� g £ Ó �U� of î �Hî �{��� is thus increasedby
mapping-specificfactorsalong p W and p"[ andzero-padded.
Fourier transform: The2D FFTof î � givesthePSD � .

Peakextraction (1): In orderto dilateor contracttheclutterridge
in � , wefind thepositionof thesignificantpeaksin � by tracking

thesepeaksdown alongthetheoreticalDD curve using
 

or Ì  .
Mapping: �{p W �{���&�pK[��{���(� on MC( � ) is mapped onto�{p çW � � �&�p ç[ � � �(� on FC(

�
). The three mappings are described

later.
Inter polation: When � Ô � , linear interpolationis performedto
ensurethe“continuity” of thedilatedridgein � ç .
InverseFourier transform: The2D IFFT of � ç gives î ç� .

Windowing: If � Ô � , î ç� mustbe windowed to recover the de-



sired � g ¤ Ó �m��¥µ� g £ Ó �m��î ç .
7.2. Scalingtransformation for MS configurations (ST-MS)

This methodappliesonly to MS configurations. It relieson the
fact thatall DD curvesfor MS configurationsarescaledversions
of eachothers. The mappingfrom �{p W �{���&�p"[��{���(� on MC( � ) to�{p çW � � �&�p ç[ � � �(� on FC(

�
) is givenby thescalingtransformation(ST)

â p çW � � �p ç[ � � �$ã �hâ �mWK� � ���� �� �X[�� � ���� ã â pKWK�{���p"[��{��� ã � (13)

where � W � � ��Ù� �b�X[�� � ���� aresimple functionsof # andof the
ranges� � � � � and � � �{�Ù� corresponding to rangegates

�
and � .

Figure6 illustratesMVE-basedPSDbeforeandafter compensa-
tion.
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Figure6: Illustration of the OL-ST-MS methodfor a MS config-
urationwith � * ���K� m/s, �ß�hr�� deg, �G���{�����b�K� km and� � � � ��� � g � km. TheMVE of î �{�Ù� (or À �{�Ù� ) is shown in (a).
TheMVE of î ç � � � (or À ç � � � ) is shown in (b).

7.3. Affine transformation for BSconfigurations (AT-BS)

In BS configurations,a simple scalingdoesnot lead to good
compensation. A straightforward generalizationof scalingis the
affine transformation(AT). The coefficientsof the AT are found
by first discretizing� andrecordingtherelatedsamplesonMC( � )
andFC(

�
). Then,anoverdeterminedMMSE problemis solved to

find theoptimumcoefficients.Thepotentialof theAT is illustrated
in Fig. 7. The transformationworks well when the sourceand
destinationcurveshave similar shapes.Given its limited number
of degreesof freedom,the AT cannotbe expected to bring into
perfectregistrationtwo curvesthathave quitedifferentshapes.

7.4. Warping transformation for BSconfigurations (WT-BS)

Using the pair of equations in Eq. (3), we can compute the
“flow line” corresponding to eachdiscretevalueof � , asshown
in Fig. 8(a). As �iF increases,we move alongany particularflow
line. The mappingis thensimple: for any given � , we find the
sourcepoint �³�{p W �6p"[K� on MC( � ) andmap it into � ç �{p çW �p ç[ � on
FC(
�
). Rememberthatmappingconsistsessentiallyin determining

theintensityassociatedwith � in thesourcePSDandin mapping
this valueinto the pixel closestto � ç in the destinationPSD.An
exampleof mappingis shown in Fig. 8(b).
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Figure7: Illustration of DD curve registrationachieved with the
AT. The dottedlinescorrespond to theFCs. The solid curvesare
the MCs before(upperdiagram)andafter (lower diagram)trans-
formation. In all cases,� F �{��� is

g �K� km and � F � � � is "P�K� km.

−0.5 −0.4 −0.3 −0.2 −0.1 0 0.1 0.2 0.3 0.4 0.5
−0.5

−0.4

−0.3

−0.2

−0.1

0

0.1

0.2

0.3

0.4

0.5

−0.5 −0.4 −0.3 −0.2 −0.1 0 0.1 0.2 0.3 0.4 0.5
−0.5

−0.4

−0.3

−0.2

−0.1

0

0.1

0.2

0.3

0.4

0.5

� [� [
FC(# )

MC( $ )

(a) (b)� W� W
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8. ESTIMATION OF CONFIGURATION PARAMETER S

Fig. 9 shows a block diagramof the processingstepsin the
genericconfiguration-parametersestimationmethod.Theinput isî �{��� andtheoutputis theestimateÌ of

 
.

Curve fitting
Expansionand
zeropadding

(BSconfigurationsonly) %

ò t Ï |
Peakextraction(2)
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ò ø 2D FFT

Figure 9: Block diagram of processing steps for generic
configuration-parametersestimationmethod.

Themainstepsthatdiffer for MS andBSconfigurationsarethe
“peak extraction” andthe “curve fitting” steps. In both case,we
assumethat the height # is known. In the MS case,we assume
that � � is known. This is a reasonable assumption,sincethepro-
cessingis typically doneonboard. In the BS case,we similarly
assumethatboth � ) and � * areknown. We have developped es-
timationmethodthatwork evenin thecasewhere # , � � , � ) and� * areunknown. Thesemethodsarenot describedhere.
Expansionand zero padding: Thegoal is to increasethesizeof



the array î �{�Ù� for subsequent curve fitting below. This is done
only for BS configurations: moredatapointsare requiredgiven
thattherearemoreparametersto estimate.
Fourier transform: The2D FFTof î � gives � .

Peak extraction (2): Since
 

is not known, we cannotusethe
“peakextraction(1)” step.For MS configurations,we usea thres-
holding algorithmthat usesthehistogramof thepeakamplitudes
to find theoptimumthreshold[7]. For BS configurations,theMS
thresholdingalgorithmperformspoorly dueto the larger number
of parametersto estimate.Instead,we usea watershedsegmenta-
tion algorithminspiredfrom imageprocessing[8].
Curve fittin g: We have analyticalequationsfor the MS andBS
DD curves.We alsohave thecoordinates �{pmW w ¸ �p [ w ¸ � of thepeaks
just extracted.We canthusperforma MMSE fit of theparametric
curve to the peaks. The result is the MMSE estimate Ì of the
parametervector

 
. Thestatisticsthatis minimizedis

Á��  �� » øÎ¸ ~ _ ¿ � �(�{p W w ¸ �(pK[ w ¸ �&��&«�  �(� � (14)

where ¤ � is the numberof detectedpeaks,¿��(' ¸ �)&^� the distance
betweenpoint ' ¸ andcurve & , and &«�  � theDD curvecorrespond-
ing to

 
. For MS configurations,theonly unknownis � . Its value

is found by solving an overderterminedMMSE problem[7]. For
BSconfigurations,theunknownsare � * , 	 * , � * , + * and � . Their
estimationis morecomplex andis describedin [8].

9. PERFORMANCE COMPARISON

TheSINRL of Eq. (9) is usedto comparetheperformancesof
the methodslisted in Table1 andthoseof the OPandof the SA.
(OP usesthe exact valueof À � � � andSA the valueof ÌÀ � � � ob-
tained by straight averagingof the À �{��� ’s.) Here, we assume
omnidirectionalsensors.Similar resultsareobtainedwith direc-
tional sensors.Figure10 comparesthe performancesof the var-
ious methods. Its organizationmatchesthat of Table 1. Rows
corresponds to ST, AT andWT. The graphson the left compare
the OL methodsto OP andSA. Thoseon the right comparethe
OL andDA methods.Figures10(a)-(b)dealwith ST andconfirm
(1) thatOL-ST-MS performsnearlyaswell asOPandmuchbetter
thanSA and(2) that OL andDA provide nearlyidenticalperfor-
mance.The remainingsubfiguresleadto similar conclusions for
AT andWT. As expected,WT providesbetterperformancethan
AT, in bothOL andDA modes.

10. CONCLUSIONS

The range-dependenceof the PSD clutter ridge is a serious
problemfor non-SL MS and BS STAP radars. This paperdis-
cussessix new compensationmethodsbasedonmappingsexploit-
ing the geometricalpropertiesof DD curves. Their performance
wasdiscussed. The range-dependence compensationachieved is
nearly perfectfor all configurations,including in the DA mode.
This is achieved without any increasein thenumber of degreesof
freedomrequiredfor clutterrejection.
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