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ABSTRACT

Multichannel parametric filters are currently being studiedas
a meansof reducing the dimensionof STAP algorithmsfor in-
terferencerejection in airborne pulsed-Dopplerradar systems.
Thesefilters are attractive to usedue to the low computational
costassociatedwith their implementationas well as their near
optimal performancewith a small amount of training data for
a stationaryenvironment. However, thesefilters do not perform
well in certain typesof non-stationaryenvironments. This pa-
perpresentstwomodificationsto theSpace-TimeAutoRegressive
(STAR) filter that wepreviouslyproposed.Thefirst modification
is basedon theExtendedSampleMatrix Inversion(ESMI) tech-
niqueand is usedin thepresenceof rangevaryingclutter which
arisesfrom theuseof non-linearantennaarraysor bistaticradar
systems.The secondmodificationto the STAR filter is for usein
the presenceof hot clutter and is a three-dimensionalSTAP al-
gorithm. Using a realistic simulateddata setfor circular array
STAP, weshow that themodificationsto theSTAR filter improve
the performancewhenin the presenceof the non-stationaryin-
terference.

1. INTRODUCTION

The useof space-timeadaptive processing(STAP) for airborne
radarinterferencemitigationis usuallylimited by the lack of sta-
tionary secondarydatausedfor training the filter. This problem
is madeworsewhentheradarplatformis operatingundercircum-
stancesthat lead to additionalnon-stationarycomponentsto the
interference.Suchcircumstancesincludethe useof a non-linear
or non-side-lookingarraywhich leadsto a rangevariationof the
clutter statisticsor the presenceof an airbornejamming source
which leadsto hot clutteror terrainscatteredinterference.

Partially adaptive STAP filters alleviate this problemto a de-
greeby taking advantageof the low-rank natureof the clutter.
Thepartially adaptive STAP filters usefewer degreesof freedom
andthereforneedfewer training samplesthanthe fully adaptive
STAP filter. Onesuchpartially adaptive STAP filter that is dis-
cussedin this paperis the Space-Time AutoRegressive (STAR)
filter [1]. The partially adaptive STAP filters offer an improve-
mentover thefully adaptiveSTAP filter but arestill derivedbased
upontheassumptionthat the interferenceis stationary. Whenthe
non-stationarycomponentof the interferencefollows a specified
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model,this modelmay be taken into accountto derive a filter to
cancelthe non-stationaryinterference.A few partially adaptive
STAP algorithmshave beenderived to accountfor range-varying
interference[2] andhotclutter[3].

Parametricfilters(suchastheSTAR filter) havebeenshown to
achieve nearoptimalperformancewith asmallamountof training
datawhenthe interferenceis stationary[4]. However, theperfor-
mancewhenthe interferenceis non-stationaryleavesmuchroom
for improvement. In this paper, two extensionsof the STAR fil-
ter to accountfor both range-varying interferenceandhot clutter
arepresented.Theimprovementsthattherange-varyingExtended
STAR (ESTAR) filter offersover thestandardSTAR filter is illus-
tratedwith asyntheticdatasetgeneratedby MIT Lincoln Labora-
tory thatsimulatestheoutputof a20elementantennaarraywhose
elementslie alonga circular arc of ������� [2]. This ESTAR filter
is alsoshown to havebetterperformancethana range-varyingex-
tendedpost-Doppleralgorithm.

Thethree-dimensionalSTAR filter usedto mitigatehotclutter
is testedusing the samedataset as above augmentedwith syn-
thetic hot clutter. The 3D-STAR filter achievesa significantim-
provementin signal-to-interferenceplus noiseratio (SINR) over
thestandardSTAR approach.In comparingthe3D-STAR filter to
a three-dimensionaloptimizedpre-Doppleralgorithm,it is shown
thattheperformanceof thetwo filtersarenearlythesamebut that
the3D-STAR filter hasanarrowerclutternotch.Thisnarrow clut-
ter notchallows for improveddetectionof slowly moving targets.

In thenext section,webriefly presentthestandarddatamodel
usedfor STAP problemsandintroducethenotationusedthrough-
outthepaper. TheSTAR filtering techniqueis describedin Section
3 asa backgroundfor theextensionspresentedherein. Section4
presentstherange-varyingextendedSTAR filter thatis usedwhen
the clutter statisticsare range-varying. Section5 derives a 3D-
STAR filter usedfor the mitigation of hot clutter andSection6
shows theresultsof severalnumericalsimulationsof thefilters.

2. DATA MODEL

A targetpresentin aparticularrangebinduringsomecoherentpro-
cessinginterval (CPI)maybemodeledasproducingthefollowing
basebandvector signal (after pulsecompressionand demodula-
tion) [5]:	�

���������������������� "!$#&%�
������('*),+.- ��� � -
/0/0/0-213- (1)

where 4 is the rangebin in which the target is located, � is the
complex amplitudeof thesignal,5 is theDopplershift dueto the
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relative motionbetweenthearrayplatformandthetarget, �,����� is
the responseof the array to a unit amplitudeplanewave arriv-
ing from direction � (azimuthand elevation angles),and %�
������
containscontributionsfrom clutter, jamming,andthermalnoise.
In (1), we areassuminganarrayof 6 elementsanda total of 1
transmittedpulsescovering 7 rangebins.

If we stackthe 1 arrayoutputsinto a single 6 198 � space-
timesnapshot,wemayre-write(1) as:�
(� ;<= 	>� � �...	>��1?�

@ AB ���0C����D- 5 �E#GF (2)

where C����"- 5 �H� IJ� 5 �EKG�,�����IJ� 5 �H� L � � �� /
/0/M� �
NPORQ�SUTV XWZYF � [ %(� � � Y /0/0/\%J��1?� Y^] Y
and K representsthe Kronecker product. The vector F�
 contains
thestackedvectorsamplesof theclutterandinterferencefor range
bin 4 , andhasanunknown covariancematrixdenotedby_a` F 
 Fcb
"d �fehg
The clutter is neithertemporallynor spatiallywhite; in fact, the
rankof e is typically muchlessthan 6 1 . The rank( i ) of e is
importantbecauseit determineshow many secondarydatasam-
plesarerequiredto accuratelyestimatee . Accordingto [6], the
numberof requiredsamplesis on theorderof ��i to j�i . Thefully
adaptive approachto whiteningthis typeof datais to multiply the
databy theinversesquare-rootof anestimateof thematrix e . Be-
causethesizeof this matrix canbecomequite large,its low rank
natureis exploited to derive reduced-dimensionwhiteningalgo-
rithms. The next sectionsummarizesthe work in [1] asa back-
groundfor extendingtheSTAR filter.

3. SPACE-TIME AUTOREGRESSIVE FILTERING

Following thederivationin [1], theSTAR approachassumesthata
setof k matricesl*m - l S -
/0/0/0- l*n Q�S of dimension63o 8 6 exist
thatsatisfyn Q,Sp qVr m l q %J���E#&sU�>� � -t�>� � -
/�/0/0-�1hu k # � - (3)

for theinterferenceandclutter in theprimaryrangebin. We may
alsowrite (3) in thefollowing two differentways:L l*m /0/0/ l?n Q,S Wv w�x yz|{

;<= %J� � � %J��1hu k # � �
... /0/0/ ...%(� k � %(��1?�

@ ABv w}x y~
� � (4)

or � b0F�� � - (5)

where� b � ;<<<= l*m
/0/�/ l?n Q,Sl m /0/0/ l n Q,S

...
. ..l m /0/0/ l n Q,S

@ AAAB g (6)

In caseswheretheclutterisstationary, weassumethatequations(4)
and(5) alsohold for thesecondarydataaswell:l b
�*� � � (7)� b F � � � - (8)

for � � � -0/0/
/0-�1�� , where 1�� is the numberof secondarydata
snapshotsusedto train thefilter.

Thematrix
�

is 6 1�8 6 o ��1Gu k # � � . If (3)holdsand6 o andk arechosensothat 6 o ��1�u k # � � is largeenough,thecolumns
of
�

form a basisfor the spaceorthogonalto the clutter andin-
terferencesubspace.Although this relationshipdoesnot hold in
practicedueto the presenceof thermalnoise,a leastsquaresso-
lution is appliedto approximatethe subspace.This suggeststhe
following space-timefilter (similarto thematchedsubspacedetec-
torsin [7]) beusedfor interferencerejection:���E�(���"- 5 �a������C����D- 5 �J- (9)

where ��� is theprojectionontothecolumnsof
�

:���f� � � � b � � Q,S � b g (10)

We refer to the implementationof STAP with the weight vector
of (9) asSpace-TimeAutoRegressive(STAR) filtering. TheSTAR
filter weightsare“adaptive” in thesensethat

�
mustbeestimated

from thesecondarydataprior to computationof ���E� .

4. RANGE-VARYING EXTENDED STAR FILTER

The STAR filter of the previous sectionis not designedto han-
dle non-stationaryinterferenceof any kind. Thissectionderivesa
STAR-basedfilter that assumesthe clutter statisticsvary linearly
with range.Thisassumptionis reasonableif thetrainingregion is
keptshort.Theideaof usingtime-varyingweightsin aSTAPalgo-
rithmwasintroducedin [8] asanextendedsamplematrixinversion
algorithmandthis ideawasusedfor range-varyingSTAP weights
in [2]. This techniqueincreasesthedimensionof theproblemby
a factorof two but doesimprove theperformancewhenthereis a
rapidlychangingclutterlocus.

Theideabehindrange-varyingweightsis thattheweightvec-
tor is a functionof range( � ) to accountfor thenon-stationaryclut-
ter locus.Expandingtheweightvectorinto apower seriesyields�?� � �������(# ������J# ���,����� #�/
/0/0g (11)

The assumptionis madethat the clutter locusis changingslowly
enoughthat for a given collectionof rangesthe weight vector is
linear in � . Ignoring the higherordertermsin the Taylor series,
theweightvectorasa functionof the � !�� rangebin becomes� � �����(#G� �c� ����- (12)

where� is anormalizationconstant.Defining��^��� � �� ��� (13)

theoutputof thefilter maybewrittenas� � �� b � : �� � : � � � �� b �: � - (14)



where
�:a� is theextendeddatavector.

Using this sameideafor the STAR filter (i.e., assumingthat
theSTAR filter coefficientsthatnull thecluttervary linearly with
range)wecanrewrite (3) usinganextendeddatavector:n Q,Sp qZr m [ l q ��l q ] � %a�D���au¡s¢�� � % � ���£u¤sU�*� ��¥�-¦�>� k # � -0/
/0/0-�13g

(15)
Letting ��l and � � bedefinedsimilar to l in (4) and

�
in (6)

wemayrewrite (7) and(8) as[ l b ��l b ] � �*�� � � � � � � (16)[ � b � � b ] � F��� � F � � � � g (17)

Thefilter parametersl and ��l maythenbeestimatedusingthe
left null spaceof thematrix§¨ ��� � Q$© /
/0/ � ©uR�aª � Q$© /
/0/M�aª � © � - (18)

where ª^� O,«� . Following whatwasdonein [2], theconstant�
is chosenas �¬�®­ �����1 � # � ����1 � # � � (19)

to yield a “flat” noisesubspace.
To definewhattheweightvectoris, let§� �9� �� � � (20)

sothat �°¯|���"- 5 �±� �³²� � C����"- 5 �¥ � g (21)

Filtering the extendeddatavectorwith (21) is referredto asthe
ExtendedSTAR (ESTAR) filter. Whenestimatinga rangevarying
weightvectorusingdatathatalsovarieswith range,ahighernum-
ber of training vectorsmay be usedbeforeperformancestartsto
degrade.

5. STAR FILTERING FOR HOT CLUTTER

When the radarplatform is operatingin an environmentwhere
thereis anairbornejammingsourcepresent,two mainconsidera-
tionsmustbemade.First, thehotcluttercovariancechangesfrom
pulseto pulseandsecond,thehotclutterhasnon-zerocorrelations
acrossrangebins [3]. This sectionderives a STAR basedfilter
that is effective in cancelinghot clutter. ThebaselineSTAR filter
is first modified to handleany type of interferencethat changes
from pulseto pulse(aswith intrinsic cluttermotion)andthenan
additionaldimensionis addedto thevectorautoregressive filter to
accountfor thecorrelationsacrossrangebins.

Themodelfor theclutterin (3) is nolongervalid sincethespa-
tial covariancechangesfrom pulseto pulse.If thestandardSTAR
modelis usedin a non-stationaryenvironmentlike hot clutter, it
tries to accountfor the time variationsin the databy increasing
the numberof filter tapsrequiredto achieve clutter cancelation.

A bettermodelfor this is to let thecoefficientsof thespace-time
predictionerrorfilter changewith time:� bYµ´ � ;<= l m � � �¶/0/0/ l n Q�S � � �

...
. ..l*m ��·�� /�/0/ l?n Q,S ��·��

@ AB -
(22)

where ·¸�¹1ºu k # � and whereeachblock row is a set of
new coefficientsbasedon droppingthedatafrom theoldestpulse
and addingthe datafrom the most recentpulse. For this time-
varyingSTAR filter, agreaternumberof filter parametersmustbe
estimated( · timesthedegreesof freedomrequiredfor thestandard
STAR algorithm)andtherefore,moresamplesupportis required
to train thefilter.

To completethederivationof the3D-STAR filter, a few defi-
nitionsneedto bemade.To clarify thenotation,samplingacross
pulsesis called slow-time samplingand samplingacrossrange
bins is called fast-timesampling. Let » be the numberof fast-
timesamplesover which thehotclutteris correlated.

In orderto utilize thefast-timecorrelationof thedata,anextra
dimensionis addedto theSTAR filter. We assumefor a moment
that the interferenceis stationaryacrossthe pulses(slow-time).
Thisfilter will modelthefast-timeandslow-timecorrelationswith
a two-dimensionalVAR filter. For a setof k(¼ matricesof size½ o 8 ½ , assumethattheclutterobeys themodel¾ Q,Sp� r m n Q,Sp qVr m l q�¿ � % ��À � ���E#Gs¢�>��¥�-Á�>� � -
/0/�/0-�1hu k # �� � � -0/
/0/0- » u ¼ # � - (23)

where � � � is the rangebin of interestand % � ���2� is the spatial
snapshotfor the � !�� pulseandthe � !�� rangebin. Thismayalsobe
expressedas¾ Q�Sp� r m � b�ÃÂ �0À � ��¥ � � � -
/�/0/0- » u ¼ # � - (24)

where
� � is thematrixdefinedin (6) with asubscriptÄ to indicate

which fast-timesampleit is associatedwith. From this point we
againtake into accounttheslow-timevariationscausedby thehot
clutterby replacing

� � with theslow-timevaryingfilter
� Y$´ ¿ � .

Rewriting thissumwith thetime-varyingfilter wegetÅ b F�Æ�Ç"� � �>� � - (25)

where

F Æ�È � � �±� ;<= F �
...FÃ��À�É Q,S

@ AB
Å bÊ� ;<= � bY$´

¿ m /0/0/ � bY$´ ¿ ¾ Q,S
.. .

.. .� bY$´ ¿ m /0/0/ � bY$´ ¿ ¾ Q,S
@ AB g

Assumingthat thereis targetenergy in the � � � rangebin, then
therewill alsobe target energy in the vectors F�Æ�Ç"� � � , F�Æ�Ç"��u � � ,/
/0/ , F�Æ�ÇË��u » # � � whichmaynotbeusedfor trainingthefilter. In



orderto definethealgorithmto find thefilter coefficientslet§l ���2� b � L l m ¿ m ���2�¶/�/0/ l n Q,S ¿ ¾ Q�S ����� W (26)Ì �Ë���2�Í� ;<= % � �����
...% � ���E# k u � �

@ AB (27)

Î � ���2�Í� ;<= Ì � ���2� /0/0/ Ì ��À�É Q ¾ �����
...

...Ì ��À ¾ Q�S �����¶/0/0/ Ì �0À�É Q,S �����
@ AB (28)Ï ���2�±� [ Î S �����Ð/0/0/ Î O « ���2� ] g (29)

The filter coefficients can then be found by the following least
squarescriterion:Ñ§l ��������ÒÔÓ�Õ(Ö�×ÙØ²z NÚ!�T�ÛÛÛ §l ����� b Ï ���2� ÛÛÛ �Ü �>� � -
/0/0/�-�1Ýu k # � (30)

subjectto the constraintthat l ����� b l ���2�.�ºÞ . From this point
the 63o left singularvectorscorrespondingto thesmallestsingular
valuesof each

Ï ����� matrixwill beusedto computethe 1ßu k # �
setsof filter coefficientswhichdefine

Å
. With adefinedsubspace,

aweightvectorfor mitigationof hot clutteris� Æ�È ���"- 5 ������àµC Æ�È ���D- 5 �}- (31)

where C Æ�È ���"- 5 ��� ;<<<= �� ...�
@ AAAB KáC����D- 5 �}g (32)

This3D-STAR filter will requiremoretrainingdatathantheSTAR
filter (on the order of 1�u k # � times more) due to the non-
stationarypredictionerrorfilter thatis usedin theimplementation.
Thisadditionalsamplesupportrequirementis lessof anissuethan
with other3D implementationsbecausethe STAR approachtyp-
ically requiresmuch lesssecondarydatafor good performance.
The3D-STAR filter alsoassumesthatthedatais stationaryfor »
fast-timesamples.

6. NUMERICAL RESULTS

Thealgorithmspresentedhereinaretestedusingadatasetcreated
by MIT Lincoln Laboratorythatsimulatestheoutputof a 20 ele-
mentarray. Theseelementslie alonga circulararcof ���Ô� � with
radius2.96mandareassumedto have a cosine-shapedresponse
with a-30dB backlobefor bothazimuthandelevationdimensions.
Theairborneplatformis moving with avelocityof 100m/sabove
a4/3eathmodelatanaltitudeof 9000m.Theoperatingfrequency
of theradaris takento be435MHz, theradarbandwidthandsam-
pling frequency are3.75 MHz, the pulse-repetitionfrequency is
300 Hz, and 1t� �0â pulsesareassumedto be transmitteddur-
ing oneCPI.Dataaregeneratedfor 9325rangegatesbetween20
and400km with aclutter-to-white-noisepower ratioof 40dB ata
rangeof 100km.

Hot clutteris includedin thedataby addingatermof theformã � � � � ;<=�ä �"� � �...ä � ��1*�
@ AB -

where� � is theamplitudeof thejammer,

ä � ���2�±� �,��� � ��å � # 
p qZr S$æ ���2��å � Q q
is thecontribution of thehot clutter for a singlepulseat range� ,4 is thelongestmultipathdelay, � � is thedirectionof arrival of the
jammersignal,å � is thejammerwaveform(whitein bothslow and
fast-time),and æ ! is arandomvectorthatapproximatesthesumof
thespatialsteeringvectorsfor eachof themultipathsignals.When
present,thejammer-to-clutterpower ratio is assumedto be10dB.
Whensecondarydataareusedto estimatethecluttercovarianceor
STAR filter parameters,equalamountsof datafrom rangebinson
eithersideof thetargetrangebin areused.

The true clutter covariancematrix usedto generatethe data
is known for 20 of the 9325rangebins, and thus the maximum
achievableSINR canbe calculatedat theseranges.To illustrate
the performanceof the algorithmswe useeither the SINR loss
as a function of Doppler for an azimuthof � � or the “average”
SINR lossascomparedwith the optimal (known covariance)so-
lution. This averageSINR lossis definedastheareabetweenthe
algorithm’sSINRcurveandthatachievableassuminge is known.
This is depictedin Figure1. TheESTAR filter will becompared
to the range-varying extendedpost-DopplerPRI staggeredSTAP
algorithm[2] andthe3D-STAR algorithmswill becomparedwith
theoptimized3D pre-DopplerSTAP algorithm[3]. For theSTAR
basedfilters,

½ o � ��� is usedfor all the examplesandfor the
partially adaptive STAP algorithm,threepulsesat a time arepro-
cessedandadiagonalloadingof aboutfive timesthenoiselevel is
usedfor samplematrix inversion.

A performanceevaluationof the ESTAR filter at a rangeof
20kmis shown in Figures2 and3. Figure2 comparestheperfor-
manceof theESTAR filter andthebasicSTAR filter asa function
of k for 1 � � j�� (2km training window). This figure shows
that the ESTAR filter doesperformbetterthantheSTAR filter at
closeranges.WealsoseethattheESTAR filter requiresfewer fil-
ter tapsthantheSTAR filter thusoffsettingsomeof theadditional
computationalcostassociatedwith theextendedimplementation.
Figure3 comparesthe performanceof the STAR filters with the
range-varying extendedPRI staggeredand fully adaptive STAP
algorithmsasa functionof training length. Note that the perfor-
manceof the STAR algorithmdegradesquickly asmoretraining
datais used.TheextendedPRISTAP andESTAR filtersbothhave
nearlyflatperformanceas 1�� is increaseddueto therange-varying
weights.TheESTAR filter alsohasmuchbetterperformancethan
the extendedPRI STAP algorithmbecauseit requiresmuchless
trainingdatato convergeto its bestperformance.

Anotheraspectof performanceis the computationalload re-
quiredto implementthealgorithms.For theSTAR algorithmsthe
implementationis brokenupinto two steps.Thefirst stepinvolves
taking the SVD of the � ½ k 8���1çu k # � ��1 � datamatrix

§¨
andthesecondis forming theprojectionoperator. Thebulk of the
computationinvolved in this secondstepis finding the inverseof§� b §� which is usuallya sparsebandedmatrix. Taking this into
accountthecomputationalloadfor theESTAR algorithmisè ��éË� ½ k � � ��1êu k # � ��1 � �E# è �2� ½ k � � ��1êu k # � � ½ o �}g
For theparametersof thecirculararraydatawith k ��é and

½ o ���� , thecomputationalcostisëJìËí£îðï � è ��ñ"g â é°8 �
��ò 1��
�E# è � � g ó � 8 �
��ô �}g



Comparingthiswith thecostof theSTAR filter (at k � j ):ìËí£îðï � è �2� ½ k � � ��1hu k # � ��1 � �# è �2� ½ k � � ��1^u k # � � ½ o �� è � � g é°8 �
��ò 1 � ��# è � � g â 8 �0��ô �
theESTAR algorithmhasonly a small increasein computational
load.TheextendedPRISTAP algorithmhasacomputationalcost
of ë>õ>ïðö2ì"í£î÷õ � è ��éc� ½fø � � ��1hu ø # � ��1 � �# è ��éc� ½fø � � ��1hu ø # � � i �� è � � g ñ�8 �0� ò 1��
�E# è � � g � 8 �
��ù �
where

ø ��ñ pulsesthatareprocessedatatimeand i ��ó � is the
approximaterankof eachsub-CPI.Fromthis we seethat if 1 � is
not toobig ( 1 �÷ú �
��� ), thentheESTAR algorithmrequiresmuch
fewercomputationsthanthePRI-staggeredSTAP algorithm.

Figures4-6 illustratethe performanceof the 3D-STAR filter
whenthereis hotclutterpresentandwhenthedirectpathjamming
signalis in themainbeamof theradarsystem.Figure4 compares
the performanceof the 3D-STAR filter to the basicSTAR filter
as a function of k . The 3D-STAR filter outperformsthe STAR
filter with a smallnumberof filter tapsby utilizing theslow-time-
varyingtapsaswell astheadditionalfasttime tap. Figure5 com-
parestheSTAR filters to the3D optimizedpre-Dopplerandfully
adaptive STAP algorithmsasa function of training data. In this
casethepre-Dopplerand3D-STAR algorithmshaveaverysimilar
performancewith thepre-Doppleralgorithmslightly outperform-
ing the3D-STAR filter. However, Figure6,whichshowstheSINR
at 1 � � â�� or 3.2 km, illustratesthat the 3D-STAR filter hasa
narrower clutter notchwhich resultsin a lower detectableveloc-
ity. If the small lossin performanceaway from the clutternotch
is tolerable,the3D-STAR filter is moredesirabledueto its greater
percentageof usableDopplerspace.

Thecomputationalcostof theSTAR ( k �fû ), 3D-STAR ( k �� , ¼ � � ), and3D-preDoppler(
ø �³ñ pulses)algorithmsfor the

systemparametersdescribedabove areasfollows:ìËí£îðï � è � � g ñ j 8 �0��ò 1 � �E# è ��é"g û�8 �
��ô �ñ�ü�u ìËí£îðï � è �2� ½ k(¼ � � ��1êu k # � ��� » u ¼ # � ��1��0�# è �2� ½ k(¼ � � ��1^u k # � ��� » u ¼ # � � ½ o �� è � � g �
â 8 �0��ò 1 � �E# è ��é"g ñ j 8 �0��ô �ý"Ó�þRu¡ü�ÿ�ýcý � è �2� ½fø » � � ��1^u ø # � ��1 � �# è �2� ½fø » � � ��1hu ø # � � i �� è � j g �
â 8 �0��ò 1��0�E# è � ûÃg � 8 �
� ù �
wherei � � ñ j is theapproximaterankof thesub-CPIcovariance
matrix. Again we seethat the STAR and 3D-STAR algorithms
have nearly the samecomputationalcost when the filter orders
are chosencloseto the bestvalue. It is also seenthat the pre-
Doppleralgorithmrequiresa largenumberof computationswhen
comparedwith the3D-STAR algorithm.

7. CONCLUSIONS

This paperhaspresentedmodificationsto the space-timeautore-
gressive(STAR) filter for two typesof non-stationaryinterference.

Thefirst modifiedfilter (ESTAR) is usedwhentheclutterstatistics
arevaryingwith rangeasis thecasefor non-linearantennaarrays
or bistaticradarsystems.Thesecondmodification(3D-STAR) is
usedin thepresenceof hot clutterwhich ariseswhenanairborne
jammingsourceis present.Thesetwo modificationsprovide an
increasein performanceover thestandardSTAR filter whenused
in non-stationaryenvironmentswithout a major increasein com-
putationalburden.We have shown in numericalexperimentsand
computationalanalysisthattheESTAR filter is superiorto theex-
tendedPRI-staggeredpost-DopplerSTAP algorithmwhenthereis
a rapidlychangingclutterlocus.Wehave alsoshown thatthe3D-
STAR filter hasa little moreusableDopplerspacethanthe3D op-
timizedpre-DopplerSTAP algorithmandthe3D-STAR algorithm
achievesthisperformancewith muchlesscomputation.
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Figure1: Definition of averageSINR loss for a particularalgo-
rithm.
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Figure 3: Comparisonwith PRI-Staggeredand fully adaptive
STAP at 20km asafunctionof traininglength
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Figure4: Performanceof STAR filters asa functionof filter order
with hotclutterpresent.
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Figure 5: Convergenceof STAR, 3D-STAR, pre-Doppler, and
fully adaptive algorithmswith hotclutterpresent.
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