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ABSTRACT

In this paper, we presenta new approachfor tracking tar-
getsin forward-lookinginfrared(FLIR) imagerytakenfrom
anairborne,moving platform. Our trackingapproachuses
thetargetintensityandtheGaborresponsedistributionsand
computesa likelihoodmeasurebetweenthe candidateand
themodeldistributionsby evaluatingtheMeanShift Vector.
When the Mean Shift Vector basedtracker fails to locate
the targetdueto largeego motion,we compensatethe ego
motionusingamulti-resolutionscheme,whichemploysthe
Gaborresponsesof two consecutive frames,andassumesa
pseudo-perspective motion model. We presentthe experi-
mentsperformedon anAMCOM FLIR datasetof thepro-
posedtrackingalgorithm.

1. INTRODUCTION

Trackingmoving or stationarytargetsin closingsequences
of FLIR imageryis a challengingsubjectdue to both the
low contrastof thetargetwith thebackgroundandthehigh
ego (global)motion. In low resolutionimagerythe lack of
the texture and the shapeinformationof the targetsmake
trackingevenharder.

Mostmethodsfor trackingtargetsin FLIR imagery, use
acommonassumptionof compensatedglobalmotion.Even
undercompensatedglobal motion, the tracking resultsof
thesemethodsarenotconvincing.

To compensateglobalmotion,StrehlandAggarwal [1]
have useda multi- resolutionschemebasedon the affine
motionmodel. Theaffine modelhasits limitationsandfor
FLIR imageryobtainedfrom anairbornesensor, it is unable
to capturetheskew, panandtilt of theplanarscene.More-
over, their targettrackerusestheassumptionthatthetargets
arebrighterthanthebackgroundandit trackstargetsbased
on the expectedmeanandcentralmomentsof the targets,
which arenot stablemeasuresfor FLIR targets.

ShekarforoushandChellappa[4] alsouseanegomotion
stabilizationapproach.Oncevery hot or very cold targets
aredetected,the stabilizationand tracking is basedsolely

on thegoodnessof thedetectionandthenumberof targets,
i.e. if thenumberof targetsis not adequate,or thereis sig-
nificant backgroundtexture, the systemmay fail to locate
the target, thereforestabilizationfails to correctlystabilize
theimage.

Braga-NetoandGoutsias[6] have presenteda method
basedon morphologicaloperatorsfor target detectionand
trackingin FLIR imagery. Their tracker is basedon theas-
sumptionsthatthetargetsdonotvary in size,they areeither
very hot or very cold spots,andthereis small ego-motion.
However, theseassumptionscontradictgeneralclosingse-
quenceFLIR imagery.

Davieset al. [3] proposeda multiple targettracker sys-
tembasedonKalmanfilters for FLIR imagery. Themethod
assumesconstantaccelerationof the target, which is not
valid for maneuveringtargets.In addition,themethodworks
only for sequenceswith no globalmotion.

In this paper, we presenta new approachfor real-time
trackingof theFLIR targetsin presenceof high globalmo-
tion. Comparedtopreviousmethods,theproposedapproach
doesnot useany constraintson thebrightnessof thetarget.
Moreover, it is notrequiredto haveatargetthathasconstant
speedor acceleration.Our trackingalgorithmis composed
of two major modules.The first moduleis basedon min-
imizing thedistancebetweenthestatisticaldistributionsof
the targetandthe targetcandidate.The statisticaldistribu-
tionsareobtainedfrom Gaborfilter responsesandtheinten-
sity of theframes.We usedGaborfilter responseof theim-
agessincethese2-D quadraturephasorfiltersareconjointly
optimal in providing the maximumpossibleresolutionfor
informationabouttheorientationandspatialfrequency con-
tentof local imagestructure[8]. If thetracker modulefails
to locatethenew targetpositiondueto highegomotion,the
secondmodulecompensatestheglobalmotion. Theglobal
motion estimationmoduleusesa multi-resolutionscheme
of [7] assuminga planarsceneandusingperspective pro-
jection for imageformation. It usesGaborfilter responses
of two consecutive framesto obtainthepseudoperspective
parameters.Theglobalmotioncompensationmoduleis ex-
ecutedwhenthemean-shifttracker fails to trackthetarget.



Theorganizationof thepaperis asfollows. In thenext
section,we will give detailsof the target-trackingmodule.
In section3, the global motion estimationmodule is dis-
cussed.Experimentsaregiven in section4, andin the last
section,futuredirectionsareoutlined.

2. TARGET TRACKING

FLIR detectorarraysgenerallyproducespatiallyundersam-
pled images,which resultsin poor, noisy datafor further
processing,suchastarget detection,trackingandrecogni-
tion. Besidesthe limited capabilitiesof FLIR sensors,the
imagesobtainedusingthemoftencontainartifactssuchas
dirt on thesensorandfadingbrightnessalongwith limited
viewing resultingform cloudyweather. Moreover, FLIR se-
quencesobtainedvia an airborne,moving platform, suffer
from abruptdiscontinuitiesin motion.

Targetsin FLIR sequencescanappearaseithercold or
hot spotsdueto thermalelectro-magneticspectrum.How-
ever, thereis no a priori informationaboutthetarget’s tem-
peratureor shape. Due to target’s low contrastwith the
background,our systemusesbothintensityimagesandim-
agesfilteredby 2D Gaborfilter kernels,which areoriented
sine-wave gratingsthatarespatiallyattenuatedby a Gaus-
sian window. Two-dimensionalGaborfilters, which have
alsobeenusedfor objectdetectionin FLIR images[9], have
theform�����	��
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where 2 and 3 specifyeffective width andheight, 4)5 and6 5 specifymodulationof the filter. We used4 directions,
0, 45, 90, 135 anda fixed scale,0.5 for our experiments.
The responsein four directionsaresummedfor obtaining
the input imageto the tracker or globalmotion compensa-
tion module.In Figure1 (a), a framefrom oneof theFLIR
sequencesandin (b) sumof Gaborresponsesareshown. In
Figure1b, thetargetregionsareclearlyemphasized.

Detectionof targets in the FLIR sequencesis a hard
problembecauseof thevariability of theappearanceof tar-
getsdueto atmosphericconditions,background,andther-
modynamicstateof the targets. The challengesin this re-
gardareextremelylow SNR,non-repeatabilityof thetarget
signature,competingclutter, which formssimilar shapesas
thoseof theactualtargets,obscuredtargetsandlackof apri-
ori information. In this paper, we assumethat the location
of targetin theinitial frameis given.

In thenext section,wewill givedetailsof ourmodelfor
trackingthetargetin two consecutiveframes,whichwill be
generalizedto trackthetargetin thewholesequence.

2.1. Tracking Model

Given the centerof the target in a frame,a featureproba-
bility distribution of the target, suchasweightedintensity,

(a)

(b)

Fig. 1. (a) Sampleframefrom oneof theFLIR sequences,
(b) summationof four Gaborresponsesof theframein (a).

canbecalculatedin a circularpatchusinga 2-dimensional
kernelcenteredonthetargetcenter[2]. Thekernelprovides
theweightfor aparticularintensityaccordingto its distance
from thecenterof thekernel.

Let 7 bethecenterof a 2-dimensionalkernelwhich is
given by 8 � 7 �

. The kerneldensityestimatefor 8 � 7 �
is

givenby 9;:<� 7 ��� =>@? + AB �DC�E 8 �	�)�#FHGI�
(2)

where > is the numberof points in 2-dimensionalkernel8 � 7 �
, and ? is the radiusof the kernel. Possiblekernels

includeUniform kernel,Gaussiankernel,Triangularkernel,
Bi-weight kernelandEpanechnikov kernel. Among these
kernels, in the continuouscasethe Epanechnikov kernel
yields the bestminimum meanintegratedsquareerror be-
tweentwo kerneldensities[5]. Approximatingthediscrete
caseasthecontinuouscase,weusedtheEpanechnikov ker-
nel to calculatethe kerneldensityestimateof the datathat



lies within thekernel.Two-dimensionalEpanechnikov ker-
nel is givenby

8KJ �	����� LM ? + � ? +NFPORQ�O*+��
(3)

where
OTSUO

is themagnitudeoperator, andh is the radiusof
thekernel.

Let VIW�X +ZY\[
and

� W]X +ZY^[
be the functions,

which give intensityvalueandtheGaborfilteredvalueat a
particularspatiallocationrespectively. Kerneldensityesti-
matesfor thefeaturesaregivenby

_ � 4a` 8 J �b�dc A�DCeEgf �ihj�	Q#�k�]F 4 � 8lJ �iGmFHQ#�n�c A�DC�E 8lJ �iGmFHQ#�n� (4)

where
h

is thefeaturefunction,which canbeeither V or
�

asdescribedaboveand f is Kroneckerdeltafunction.

2.2. Algorithm

Giventhe initial centerof the target for thefirst frame,
G 5 ,

targetmodelprobability distributions o*p and o�q areevalu-
atedusingequation(4) for bothintensityandGaborfiltered
imagesrespectively. For thenext frame,centerof thetarget
is initializedat its previouslocationandthecandidateprob-
ability distributions_ p �iG 5 � and_ q �iG 5 � arecalculatedcal-
culatedfor intensityandGaborfilteredimagesrespectively.
The distancebetweenmodelandcandidatedistributionsis
definedby r �iGI�a�ts = FHuv�wGI�

(5)

where
u��iGI�

is theBhattacharyacoefficient,whichgivesthe
likelihoodof themodelandthecandidatedistributionseval-
uatedaroundtarget center

G
, Bhattacharyacoefficient is

givenby

u��iGx�]�y=L zB, C�E �
s _ pk{ �iGI� o*pk{}| s _ q@{ �iGI� o*q@{ � (6)

where 7 is the numberof bins for both the intensityand
the Gaborresponsehistograms. Minimizing the distance
betweentwo distributions is equivalentto maximizing the
Bhattacharyacoefficient. Displacementof thetargetcenter
is calculatedby theweightedmeanof thekernelwherethe
weightsareobtainedby the Taylor seriesexpansionof the
Bhattacharyacoefficientaround

G 5 ,
u��iGx�]��u��iG 5 � | =~�� AB ��C�E � zB, C�E

� f � V �	Q#���]F 4 �� o p {_ pk{ �iG 5 � | f �w���	Q � �]F 4 �� o*q�{_ q { �wG 5 �T� 8lJ �wG�FHQ#�k� ��� (7)

where
�

is thenormalizationconstant.Sincethetranslation
of thecenterof thetargetis limited to theradiusof thetarget
kernel,we candiscardthe othertermsin the Taylor series
expansion.Theinnersumin equation(7),

� ��� zB, C�E
� f � V �	Q#���]F 4 �
� o.�.� o;V ,_ pk{ �iG 5 |
f �w���	Q � �]F 4 ��� o.�.� o � ,_ q@{ �iG 5 � (8)

is strictly positiveandis selectedasweightsassociatedwith
eachpixel in the kernel. Using the weightsobtainedfrom
equation(8), new locationof thetargetcenteris givenby� E � c A��C�E � �n�)�c A�DC�E � � (9)

Thenew locationof thetargetisdeterminedusingtheweighted
meanequation,whichconvergesin few iterationscompared
to correlationbasedapproachesanddueto simplicity of the
calculations,it is fasterthanthecorrelation.

Once the target distribution is obtainedfrom the first
frame, we updatethe distribution if the function given in
equation(5) is lower thana fixed threshold. We selected
this thresholdto be0.35for ourexperiments.

Trackingbasedontheweightedmeanapproachrequires
that thenew targetcenterlies within thekernelcenteredon
the previous locationof the target. In FLIR imagery, tar-
get motion in the capturedframeis dueto eitherego (sen-
sor)motionor objectmotion. However, thediscontinuities
in motion stemsfrom the large ego motion, which canbe
compensatedby a globalmotioncompensationmodule. If
thedistancebetweenthecandidateandthemodeldistribu-
tions,givenin equation(5), doesnot converge,we execute
theglobalmotioncompensationmodule,whichwill bedis-
cussedin detail in thenext section.

3. GLOBAL MOTION COMPENSATION

We assumein our target-trackingmodulethat the motion
is small. If this condition is violated, then the output of
the tracker becomesunreliable,andrequiresglobalmotion
compensation.

Thereareseveralapproachespresentedin literaturefor
the ego motion compensationin visual images,however
they maynotbedirectlyapplicableto FLIR imagesbecause
of thenatureof imagery. Oneof themostsignificantchar-
acteristicsof FLIR scenesis thelackof textural information
in thescene.In addition,thesceneis usuallycomposedof
patchesof uniform intensitieswith small contrastbetween
thepatches.Thesecharacteristicsof FLIR imagerymakesit
difficult to estimatethesensormotionfrom images.In order
to getaroundtheproblemof limited texture,we have used
Gaborfilter responsesof theimagesin themulti-resolution



framework of [10]. Theproposedmethodusespseudoper-
spective modelof motion, which is able to provide better
estimateof motion,whereaffinemodelfails.

Themotionof thesensorbetweentwo imageframesun-
derpseudoperspectivemodelis expressedby� �����

(10)

where � ��� 4 6P������ � = � � ��� � +�� � �� � � � + �)� = � � ���� ��� E � + ���������� ���¡���¢���£ � �
where

� 4 
 6 � is theopticalflow. Opticalflow canbecalcu-
latedusingtheopticalflow constraintequationgivenby¤¦¥ �e§ ��F¨9.©

(11)

where
¤¦¥ � � 9 � 9 " � is a spatialgradientvectorand9.©

is thetemporalderivativeof Gaborfilter responseof two
consecutive frames.Combiningequations(10) and(11) re-
sults in a linear systemthat canbe solved using the least
squaremethod,ª B � � ¤¦¥�¤¦¥ � ��«}�l��F B 9.©�� � ¤¦¥ (12)

In Figure2, (a)referenceframe(previousframe),(b)current
frame,(c) registeredframeand(d) thedifferenceimagebe-
tweenthecurrentframeandtheregisteredframeareshown
for theGaborfilter responses.

Onceprojectionparameters,
�
, arecalculatedby solving

systemof equation(12),we applythetransformationto the
targetcenterof thepreviousandcalculatetheapproximate
new targetcenter, byGI¬­��GI¬ � E | �

(13)

After compensationof the global motion by updatingthe
target centerusing equation(13), we evaluatemeanshift
vector on this updatedlocation. Sinceestimationof the
global motion is doneonly whenthe tracker fails, i.e. the
referenceframeis alwaysthepreviousframe;globalmotion
moduledoesnot suffer from accumulationof projectioner-
rors.

4. EXPERIMENTS

We have appliedthe proposedmethodto AMCOM FLIR
datasetfor trackingtargets.Thedatasetwasmadeavailable
to usin grayscaleformatandwascomposedof 41sequences
whereeachframewas128x128.

The proposedmethodwas developedusing C++ run-
ning on Windows 2000on a PentiumIII platformandcur-
rent implementationof thealgorithmis capableof tracking
onetargetat a time at 15 framespersecond.Currentlythe
initializing of thetargetcenteris performedmanually.

Thetrackingresultsof thealgorithmwerevisuallycon-
firmed.Mostof thetime,thesecondmodulefor compensa-
tion of globalmotionwasnotused.In Figure3, wegivethe
diagramfor the distance,given in equation(5), between2
distributionscorrespondingto consecutive framesfor 5 se-
lectedsequencesfrom the AMCOM dataset.The diagram
is obtainedwithout executingtheglobalmotioncompensa-
tion module. Framenumbers,wherethe distancemeasure
is above 0.5, show that the globalmotion compensationis
required.In thediagram,theregions,wherethedistanceis
1.0,show thatthetracker is failing to locatethetarget.

Figure4 showsasetof selectedframesfrom asequence
wherethereis highbut smoothglobalmotion,i.e. theglobal
motion compensationmoduleis not executed. In the ini-
tial frame,thetargetcenterandthekernel,which encapsu-
latesthe target, is manuallymarkedandthe white crossin
theotherframesshow the trackedtargetcenter. Thetarget
trackercorrectlytrackedthetarget.

Similarly, in Figure5, theoutputof thetargettrackerfor
trackinga cold target is shown. Thetarget in thesequence
hasvery low contrastwith the backgroundandthe neigh-
boringlocationshidethetargetdueto highgradientmagni-
tude.Thesequencegivenin Figure5 shows theimportance
of using both the intensity and the Gaborfilter responses
together, sincethe target tracker fails to locatethe target if
only oneof thefeatureswereused.

Thoughthetrackingresultsarereasonablein mostof the
cases,large global motion makesthe trackingbecomeun-
stable.In this case,thesecondmodulerefinesthe tracking
results. In figure 6, we give an examplewherethe tracker
failed to locatethe target, but compensatedglobal motion
helpedthetracker to locatethetargetcorrectly. In Figure6,
(a) shows the trackingresultswithout global motion com-
pensationand(b) shows trackingresultaftercompensating
theglobalmotion.

To justify the increasein performanceof the system,
which usesboth intensityandgaborfilter responsesasfea-
tures,weperformedexperimentson18sequncesof theAM-
COMdateset.In theexperiments,proposedmean-shiftbased
trackerusedintensityorgaborresponsesalone,andwecom-
paredthe trackingresultswith the combinedfeature. The
comparisonis givenin Table1. In the table,eachrow rep-
resentsthe tracking result of 18 sequnces.We displayed
the resultsin 3 categories: robust, promising and failed,
where”robust” is usedfor correcttargettracking,”promis-
ing” standsfor acceptableperformanceand”f ailed” repre-
sentsthefailureof thetargettracker.



5. CONCLUSIONS AND FUTURE DIRECTIONS

Wehaveproposedanalgorithmfor trackingtargetsin FLIR
images.Our systemtracksthe target by finding the trans-
lation of thetargetcenterusingthe intensityandGaborre-
sponsedistributions. Whenthe distancebetweentwo dis-
tributions is not small, we compensatethe global motion
from thepreviousframeto currentframeassumingpseudo-
perspective motion model,andtransformthe target center
accordingly.

Currentlyweareableto trackonetarget,andwe arere-
fining thesystemto trackmultiple targets.
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Sequence Intensity Only Gabor Response Only Combined
rng14.15 promising robust robust
rng15.20 failed robust robust
rng15.NS failed robust robust
rng16.04 robust failed robust
rng16.07 failed failed promising
rng16.08 robust promising robust
rng16.18 failed robust robust
rng17.01 promising failed robust
rng17.20 failed failed robust
rng18.03 failed promising promising
rng18.05 failed promising robust
rng18.07 failed robust robust
rng18.16 failed failed promising
rng18.18 failed promising promising
rng19.01 promising promising robust
rng19.06 promising promising robust
rng19.07 robust promising robust
rng19.11 promising robust robust

Table 1. Performanceevaluationfor intensityonly, gaborresponseonly andintensityandgaborcombinedtrackingof the
proposedsystemfor 18 sequencesfrom theAMCOM dataset.



(a) (b) (c)

(d) (e)

Fig. 2. (a) The referenceframe,(b) currentframe,(c) first frameregisteredonto the secondframe, i.e. global motion is
compensated,usingthepseudo-perspectiveprojection,(d) thedifferenceimageobtainedfrom (b) and(c), (d) thedifference
imageobtainedfrom (a)and(b).

Fig. 3. Distancemeasureof equation(5) evaluatedfor consecutiveframesfor six differentsequencesfrom thedataset.



(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 4. Targettrackingresultsfor a sequencewherethereis a big globalmotion; (a) manuallyinitialized target for frame0,
automaticallytrackedtargetshown by ’+’ in (b) frame8, (c) frame19, (d) frame35, (e) frame51, (f) frame68, (g) frame78
and(h) frame89.

(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 5. Targettrackingresultsfor acold target;(a)manuallyinitialized targetfor frame0, automaticallytrackedtargetshown
by ’+’ in (b) frame11,(c) frame39,(d) frame63, (e) frame91, (f) frame119,(g) frame154and(h) frame170.



(a)

(b)

Fig. 6. (a) Target trackingresultsfor a fragmentof a sequencewherethetracker fails dueto discontinuityin motion,white
crossshows theoutputof thetrackerandtheblackcirclesshow thecorrectlocationof thetarget. (b) Refinedtrackingresults
for the samefragment,wherethe global motion compensationmoduleis executedonly oncefor compensatingthe global
motionfor thefirst andsecondframe.


