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An Improved Method for Detectionof Stationary
Targetsin High Clutter SAR Images

JohnWeatherwax

Abstract— In a series of papers [1]–[6] L. Novak and others
at MIT Lincoln Laboratory developed an Automatic Target
Recognition (ATR) system for identifying stationary ground
targets appearing in Synthetic Apertur e Array (SAR) RADAR
images.The �rst step of that processinginvolvesobject detection
and is donewith an image�ltering operation aimed at estimating
statistics of the clutter surrounding each pixel within the SAR
image.The original detectorproposedby Novak et. al. works very
well, when targetsare separatedby a reasonabledistanceor the
background clutter returns are not too severe. In this paper, we
presentan alternative detectoralgorithm that hasbetter detection
performance with densely spaced targets or targets in high
clutter envir onments. Following a description of our algorithm
we comment on ef�cient computational implementations, and
�nally presentcomparison studies showing the stated impr oved
performance.

I . INTRODUCTION

I N a series of papers [1]–[6] L. Novak and others at
MIT Lincoln Laboratorydevelopedan Automatic Target

Recognition(ATR) systemfor identifying stationaryground
targetsappearingin SyntheticApertureArray (SAR) RADAR
images.It wasenvisionedthatthis softwarewould enablevery
large regionsof terrainto be searchedautomatically. Herewe
brie�y presenta summaryof enoughof the signalprocessing
chain to enablethe readerto understandthe improvements
developedin this paper. Pleaseseetheseriesof paperswritten
by Novak andothersfor a morecompletecharacterization.

The ATR signal processingchain developed by Novak
and others is as follows, see �gure 1 for a �o w diagram.
A SAR images is collected and passedinto the system.
A two parameterCFAR detectionalgorithm [7] is used to
locate pixels that are signi�cantly bright comparedto their
surroundingclutter. This CFAR image is thresholdedand
eachconnectedcomponentin the resulting binary image is
considereda potential target. For eachpotential target a few
simple featuresare calculatedand “obvious” non-targetsare
mitigated (discarded).Obvious non-targets include onesthat
are much too large or small to representa typical target. For
the potential targets that remain, a set of nine featuresis
calculated.This featurevectoris comparedwith known clutter
and target meanfeaturevectorsusing a Gaussianquadratic
classi�er to further eliminate clutter detections.Finally, any
remainingdetectionsare comparedto templatetargets from
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Fig. 1. High level overview of the SAR imageprocessingproposedin [4].
As this paper is concernedonly with the processingthat happensin the
box labeled“2 ParameterCFAR”, only that calculationwill be discussedin
any detail. Pleaseseethe original articlesfor more informationon the other
components.

a target imagedatabaseto further classify eachdetectionby
target type.A nice summaryof muchof Novak's work in this
areais given in the recentbook [8].

An intricate and important part of the entire processing
chain just describedis the CFAR detector, representedin
�gure 1 as the “2 ParameterCFAR” box. In this paper,
we will discussa CFAR detectoralgorithm that gives better
performancefor densely spacedtargets and for targets in
heavy clutter regions than that originally proposedby Novak
et. al. Towards this end, the remainder of this paper is
as follows. In section II we describe the original Novak
CFAR detectorand a median CFAR detectordeveloped to
overcomethedif�culties previously mentioned.To theauthors
knowledgethis medianCFAR approachis novel and is one
of the contribution from this paper. Next, in section III we
describenovel modi�cations to each CFAR algorithm that
improvecomputationalef�ciency without sacri�cing detection
performance.In section IV, we demonstratethe improved
performanceon somesampleMoving and StationaryTarget
Acquisition andRecognition(MSTAR) SAR images.Finally,
in sectionV we conclude.

I I . CFAR DESCRIPTIONS

In this sectionwe �rst review thebaselineCFAR algorithm
presentedby Novak in [1] and then present a modi�ed
CFAR algorithmbasedon theoriginal versionbut usingorder
statisticsto computeclutter statistics.
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Fig. 2. The original CFAR stencil [1]. The borderpixels are chosento be
far enoughfrom the centerso that a target of interestwill not intersectthem.
The highlighted pixel at the center is the pixel that the clutter estimateis
computedfor.
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wherethestarrepresentscomplex conjugation.This operation
is performedfor every pixel in the input SAR image,or


! 

"

 $#

and

% '&( *)

, for aSARimageof dimension
#,+-)

.
This log detectionimage � is then further processedwith a
moving averagestencil. For eachlog-detectionpixel �
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in
theimage,thealgorithmconsistsof computingestimatesof the
local-clutterstatisticsfrom pixels aroundthe pixel of interest.
The local clutter statisticsrequiredat pixel location
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the mean .

/10 and the standarddeviation .
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0 of the shaded
borderpixels in �gure 2. The formulasfor theseestimatesare
obtainedusingstandardstatisticalformulasfor the meanand
standarddeviation [9]. For the meanthis equationis
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while for the standarddeviation this equationis
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Herethesumsaretakenovereach
�

"

�

&

�

pixel thatis a member
of thestenciland

)
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is thenumberof pixelsin theCFAR
stencil. A typical stencil used for this �ltering is shown in
�gure 2. The size is chosenlarge enoughso that a target of
interest,centeredat pixel
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will not intersectits own clutter
ring. In additiontheclutterstatistics .

/
0 and .

2

0 arecomputed
for every pixel in the input image1.

With thesetwo de�nitions the CFAR imageat pixel
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is computedusing the following equation
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1They arenot be written with KMLONMP
Q indicesto avoid the resultingcumber-
somenotation.

This equationthen physically representsthe numberof stan-
darddeviationseachpixel hasfrom a locally computedclutter
background.A true target locatedat

�
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should be much
brighterthanthesurroundingclutterandhave correspondingly
large valuesfor CFAR

��� �

. To apply this processto every pixel
in the SAR image boundarycondition speci�cation will be
necessary. A greatnumberof different methodscan be used
for this purpose.As the exact methodusedis not important
for this paperthis issuewill not be discussedfurther.

Were the full ATR processingdescribedin �gure 1 to
continue, this CFAR image would now be thresholdedand
the connectedcomponentsthat remainin the resultingbinary
image representthe location of potential targets. For this
paper, we will only be concernedwith the productionof a
CFAR image and it will not be necessaryto discussfurther
processing.

During development,it wasnotedthatover bodiesof water
or regions of very uniform clutter where .
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following simple modi�cation to equation4 resultedin an
algorithmthat performedbetterwith respectto falsealarms
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Here 2
S

< U5U@V

is an empirically derived constant.
TheCFAR algorithmgivenby equations2, 3, and5 suffers

from the problem that when targets are closely spaced,so
that they intersecteachothersclutter stencils,theneighboring
targetsRADAR return will incorrectly corrupt the statistical
featurescomputedin equations2 and3. This corruptionwill
resultin a cluttermeanvaluethat is too largeandtheresulting
failureto detectcloselyspacedtargets.In addition,targetsthat
areadjacentto objectsthat possesstrongRADAR returnsi.e.
treesor cultural clutter will alsofail to be detected.Examples
of this type of behavior will be presentedin sectionIV.

To correctfor thesedif�culties, an alternatealgorithmwas
developed.The alternatealgorithm usesthe samestencil as
in �gure 2, but performsthe statisticalcalculationusingrank
orderstatistics.In this casethecluttermeanis computedwith
the following expression,
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In thenext subsectionwe presentthemethodusedto calculate
.

2

0 .

A. Calculationof the Clutter Standard Deviation .

2

0

The estimate of the clutter standarddeviation will be
presentedin this subsection.For all pixel valuesin the stencil
region we �rst constructa cumulative distribution function
(CDF). This is a function X suchthat [9]

X
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 \Y^]

I (7)

WherePr standsfor probability. This function is only de�ned
for pixel valuesin the clutter ring, an example of which is
given in �gure 2. In words,we requirethat the probability a
pixel valuein theclutter ring is lessthan

Y

be givenby X

��Y

�

.
A typical exampleCDF for a stencilgivenby �gure 2 is given
in �gure 3. With thenotionof a CDF we cande�ne empirical
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percentilepixel values.In this paperwe will only work with
two percentiles

Y��

and
Y��

. For a fraction
�

with
�  �  


,
the value
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is de�ned using the CDF X as
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Here
�

in theaboveequationcansymbolicallyrepresents� and
� . Thus,

YT�	� 


representsthemedianvalueof theclutter. Using
our empirically obtained CDF we can compute fractional
values

Y��

. To relate the calculatedfractional valueswith a
standarddeviation estimatewe assumea Gaussiandistribution
of clutter giving the following analytical expressionfor the
CDF [9]
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Whereerf is the error function, de�ned by
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With this backgroundthe algorithmusedto compute .
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0 is
thengiven by the following steps.First, a constantnumerical
parameter$ (
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) is chosenfor the calculationof two
empiricalsymmetricalfractionalvalues(
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With this speci�cation,theamountof probabilitybetweenthe
values
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is
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Upon insertingequation9 we obtain



�
erf

�

Y��
G��

/

�

�

.

2

0

�

G




�
erf

�

Y��
G��

/

�

�

.

2

0

�

� 

G

$

I (13)

Using the oddnesspropertyof the error function
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inside the secondterm on the left hand side of the above
equationwe obtain
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Now rememberingthat
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and thereforewe can substitute
�

E

��Y
�

G
Y

�

�

inside eachar-
gument in equation15 and remove all dependenceon the
unknown mean
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/ . When this is done and the expression
simpli�es and the solution for .
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Here we have used er�nv to representthe inverse of the
function de�ned in equation10.

At this point, with equations6 and 17 we are then able
to useequation5 to produceda CFAR imagefrom the input
SAR image.
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Fig. 3. A typical empirical cumulative distribution function (CDF) for the
magnitudeof clutter returnssurroundinga target.

The two methodsdescribedabove were implementedand
tested.The detectionresults obtainedwere very similar to
those that will be presentedin section IV and we delay a
presentationof any resultsuntil then.

It must be mentionedthat eachmethodjust presentedare
not very computationallyef�cient. In particular, the median
�lter is found to be extremely slow due to the required
computationally intensive sorting. In the next section we
describemodi�cations to both algorithmsaimedat decreasing
the processingtime requiredto producea CFAR image.

I I I . ALGORITHMIC SPEED UPS

In this sectionwe presentcomputationallyef�cient algo-
rithms that greatly decreasethe amount of processingtime
requiredfor the productionof a CFAR image.Towards this
end, in the �rst subsectionwe describemodi�cations applied
to the original Novak stencil. In the secondsubsectionwe
presentmodi�cation to the median�ltering approach.In the
following sectionwe presentdetectionresultsobtainedwith
eachalgorithm.

A. Algorithm Improvementsto the Novak Stencil

In this subsectionwe presentspeedbasedalgorithm im-
provementsto the original Novak stencil. Towards this end
we �rst considerthe modi�ed stencil shown in �gure 4. This
modi�ed stencilis differentthanthepreviousstencilof �gure 2
in two ways.The �rst, is that the centerpixel in the original
stencil has now been replacedby a “block” of pixels. In
addition,theclutterring thatconsistedof a singlepixel border
is replacedby a rectangular“block” ring of pixels.With these
two modi�cations theCFAR algorithmworksmuchasbefore.
We present the modi�ed algorithm in two steps, the �rst
involvescalculatingglobal statisticsand the secondinvolves
calculatinglocal statistics.

We begin the modi�ed Novak algorithmwith a calculation
of the global secondorder statisticsof the entire fullscene
SAR image.The global mean .

/+* and standarddeviation .

2

*
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Fig. 4. Themodi®edblockNovak CFAR stencil.Thehighlightedpixelsin the
centralblock areall updatedby clutter statisticsestimationsperformedover
all highlightedpixels in the rectangularborder. We note that the numberof
pixelschosenin thecentralregion andtheblock borderarejust demonstrative.
In a practicalsystemsthe numberof pixels in eachstructurewould be much
larger.

are calculatedusing the standardstatistical formulas for the
meanandstandarddeviation of a setof data[9]
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Here
#

representsthenumberof rowsin theinputSARimage
and

)

the numberof columns.Theseglobal statisticswill be
comparedwith local statisticsto determinethe statisticused
in the CFAR equation5.

Thedeterminationof the local clutterstatisticsis donewith
theouterclutter ring shown in �gure 4. Therelationsusedfor
computingthesestatisticsaregivenby equations2 and3 from
sectionII. Repeatedherefor conveniencetheseequationsare
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Onceestimatesof the clutter meanand standarddeviation
are computed,thesenumbersare usedas representative esti-
matesfor all pixels in the central block. Thus,this algorithm
resultsin regionsall of whichhavethesamelocalclutterstatis-
tics.This difference,in how many pixelswe arecomputingthe
local statisticsfor, leadsto improvedcomputationalalgorithm
performance.As in the previous algorithm, the number of
pixels betweenthe central region and the clutter ring should
be large enoughso that the largesttargetof interestlocatedat
the centerof the stencilwill not intersectits own clutter ring.

Giventhelocal estimatesof theclutterstatistics, .

/�� and .

2

� ,
the �nal estimateof the clutter meanand standarddeviation

valuesfor the centralblock of pixels in �gure 4 is computed
with the following two equations
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The “max” in equation 23 insures that the local standard
deviation is not too small, while the “min” insuresthat the
true local distribution is used.A typical orderingfor the three
standarddeviations in the above equationsis given by
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Finally, using .

/ 0 and .

2

0 , equation4 is usedto calculatethe
CFAR valuefor every pixel in the centralblock.

The main computationalbene�t this methodhas is that it
hasturnedsinglepixel operationsinto block pixel operations.
In the new algorithm,the input SAR imageis now tilled with
much larger computationalblocks, rather than single pixels.
In addition, local clutter estimateswill be made using the
ring around the center block and applied to every pixel in
the centerblock. Thus many pixels will be processedwith
the sameclutter meanand standarddeviation estimate.This
statisticalcalculationhappensonly oncefor eachcentralblock
andnot for eachpixel individually.

Thealgorithmjust presented,whentested,did speedup the
CFAR calculationbut retainedthe problem of not detecting
targets in high clutter environments.In addition, this CFAR
algorithm introducessome algorithmic dependence,namely
the method yields arti�cial boundariesin the CFAR image
as each stencil is moved to a new set of pixels. These
boundariesarecertainlynotphysicalandmaydetractdetection
performance.In the next sectiona modi�ed mediandetection
�lter is presentedthat correctsboth of thesede�cienciesand
is computationallyef�cient.

B. Algorithm Improvementsto the MedianStencil

In this subsectionwe presentmodi�cations to the median
CFAR algorithm presentedin section II that results in a
computationallymore ef�cient algorithm with improved per-
formancein high clutterenvironments.Many of theideasused
in this algorithmareborrowedfrom thework on themodi�ed
Novak stencilpresentedin the previous subsection.

As a �rst observation, we cannotdirectly apply the results
from the previous subsectionto the median �lter . The ad-
dition of more pixels in the clutter border in �gure 4 will
drastically slow down the mediancalculation.For computa-
tional ef�ciency the numberof pixels sorted in the median
calculation has to be even smaller than previously. This is
accomplishedwith downsamplingand the exact methodused
will be presentedin the algorithmdescriptionbelow.

The �rst stepin this modi�ed medianCFAR calculationis
the computationof a meanand a standarddeviation image
from the original SAR image.Theseare imageswhereeach
pixel representsthe meanandstandarddeviation of the pixels
in a box surroundingthe pixel of interest.This is mosteasily
performedusinga stencilwith an oddnumberof pixelsalong
a side, say

�
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. See �gure 5 for examples of typical
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Fig. 5. Typical stencil forms used in computing mean and standard
deviation images.The centerpixel (in black) is overwrittenwith the average
(respectively standarddeviation) of all the pixels in the box. The speci®c
stencil size is applicationdependent.

Fig. 6. The block medianstencil usedfor computationalef®ciency. In the
upperleft cornerof that ®gure two ®lters have beenoverlayed.The meaning
is that the averageof all pixels in that stencil have been placed at their
correspondingcenterlocation.

stencil forms usedin this processingwith
!

� 


and
!

�

�

respectively.
As this is anapplicationof a moving average�lter standard

algorithmscan be used[10] for processing.However, during
our work on this algorithm a more computationallyef�cient
method was developed and is describedin [11]. As this
processingis not critical to the remainingalgorithm it will
not be further described.

Oncea meanand standarddeviation imagehasbeenpro-
ducedby local �ltering or the algorithm describedin [11],
local clutterstatistics( .

/10 and .

2

0 ) arecomputedfor eachpixel
in the CFAR imageusinga �lter like that shown in �gure 2.
Speci�cally, for a given pixel in the original SAR image a
single pixel border is constructedaroundthe corresponding
pixel in the meanandstandarddeviation images.A stencilof
this type is shown in �gure 6 asa darkblack line, surrounding
the central black pixel this computationwill be associated
with. In addition, the pixels in the original SAR image that
areaveragedto computethevalueson this singlepixel border
areshown in gray.

Rather than computethe medianof all points along this
ring, we computethe medianof all pointsspacedby a

�
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Fig. 7. Detectionof densegroundtargetsusingNovak's original meanbased
CFAR. Notice how many internal targetsin the blockadearenot detected.

pixels (or more) from eachother. Thesepixels are shown in
�gure 6 in black along this single pixel border. When this
medianis performedin themeanimagethis medianvaluewill
be assignedto .

/ 0 . Similarly, whenperformedin the standard
deviation image this median value is assignedto .

2

0 . This
downsamplingof pixels usedin computingthe medianis the
greatestsourceof increasedcomputationalef�ciency. In the
next section we will presenta comparisonof the detection
resultsobtainedwhenusingeachof the methodsdiscussedin
this section.

IV. ALGORITHM COMPARISONS

In thissectionwepresentsomesimplecomparisonsbetween
the variousCFAR algorithmspresentedin this paper. Specif-
ically, comparisonsare made betweenthe computationally
improved Novak CFAR �lter presentedin subsectionIII-
A, and a computationallyimproved medianCFAR �ltering
presentedin subsectionIII-B.

As a representative example of the type of results ob-
tainedwhen using eachalgorithm,we considerSAR images
taken from the Moving and Stationary Target Acquisition
andRecognition(MSTAR) datacollection. In that collection,
densetarget environmentswere not considered,and as such
no signi�cant algorithmicdifferenceswerenoted.To facilitate
a comparisonof detectionperformancein a denseenviron-
mentmodi�cations to the original imageswereperformedto
arti�cially increasetargetdensities.This modi�cation consists
of addinga sectionof denselyspacedtargetsin the upperleft
cornerof a given image.The remainingsectionsof the image
arenot modi�ed.

In �gure 7 we presentthemodi�ed imageandthedetection
resultsobtainedwith the original Novak meanCFAR routine.
The speci�c imagechosenwas taken from the third MSTAR
collectionsetandrepresentsspotlightSAR takenat a

�

degree
depressionangle. In �gure 8 we presenta magni�cation of
the densetarget region shown in �gure 7. Herewe canmore
clearlyseethedetectionperformance.Notethesigni�cant loss
of target detectionsin the interior of the target cluster.

In �gure 9 we diagram the Novak stencil used for the
detectionof a targetin thecenterof a image.Notethecontam-
inationthatothertargetswill causeto thestencilstatistics.The
neighboringtargets are the reasonfor the missing detection
from suchan obvious target.
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Fig. 8. Detectionperformancein a high density target environmentusing
the original Novak a meanbasedCFAR. This ®gure is a closeup of the high
densityregion. Notice the signi®cantlossof detections.
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Fig. 9. Original Novak singlepixel detectionmethod.Notehow neighboring
targetscan incorrectly in¯uencethe CFAR resultat the center. In fact in this
casethe target is not detected.

In �gure 10 we presentthe resultsof the medianCFAR
in the sameSAR imageas in �gure 7. Here onecan seethe
signi�cant improvement that occurs becauseof the median
�lter .

In �gure 11 we presenta magni�cation of the densetarget
region shown in �gure 10. Here we can more clearly see
the detectionperformance.Note the extremelyaccuratetarget
detections.

It has also been found that that the median CFAR �lter
presentedabove improved detection performancein strong
clutter environments.There, the sameeffects of target con-
taminationhold whennon–targetscattersoverlapthedetection
stencil.The propertiesof the median�lter work quite well at
eliminatingthe spuriouseffectsdueto theseabnormallylarge
valuedpixels.

V. CONCLUSION

In this paper we have presentedseveral, modi�cation to
the original Novak [1] CFAR detectionstencil that improve
performancein variousways. First a rank orderingstatistics
approachwasproposedfor detection,that increasesthe prob-
ability of detectionin densetargetenvironments.Next a mod-
i�cation to the original stencil that improved computational
ef�ciency waspresented.Finally, themediancomputationwas
improvedwith subsampling.It is hopedthat thesealgorithmic
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Fig. 10. Detectionin mediumtarget densityusing a medianbasedCFAR.
Here the internal targetsare correctlydetected.
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Fig. 11. Detectionin mediumtarget densityusing a medianbasedCFAR.
Close up of high density region. Again notice that the internal targets are
correctlydetected.

improvementswill help theautomatictarget recognitioncom-
munity in providing a more robust algorithm.
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