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ABSTRACT

In this paper we presenta new approachfor tracking tar-

getsin forward-lookinginfrared(FLIR) imagerytakenfrom

anairborne,moving platform. Our trackingapproachuses
thetargetintensityandthe Gaborresponsdlistributionsand
computesa likelihood measurébetweenthe candidateand
themodeldistributionsby evaluatingthe MeanShift Vector

Whenthe Mean Shift Vector basedtracler fails to locate
thetargetdueto large ego motion, we compensat¢he ego

motionusinga multi-resolutionschemewhich emplgysthe

Gaborresponsesf two consecutre frames,andassumes

pseudo-perspeett motion model. We presentthe experi-

mentsperformedon an AMCOM FLIR datasebf the pro-

posedrackingalgorithm.

1. INTRODUCTION

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

Mostmethoddor trackingtargetsin FLIR imagery use
acommonassumptiorof compensatedlobalmotion. Even
undercompensatedjlobal motion, the tracking resultsof
thesemethodsarenot convincing.

To compensatglobal motion, Strehland Aggarwal [1]
have useda multi- resolutionschemebasedon the affine
motion model. The affine modelhasits limitations andfor
FLIR imageryobtainedrom anairbornesensoyit is unable
to capturethe skew, panandtilt of the planarscene More-
over, theirtargettracker usesheassumptiorthatthetargets
arebrighterthanthe backgroundandit trackstargetsbased
on the expectedmeanand centralmomentsof the targets,
which arenot stablemeasure$or FLIR targets.

ShekarforoushndChellappd4] alsouseanegomotion
stabilizationapproach.Oncevery hot or very cold targets
are detectedthe stabilizationand tracking is basedsolely

onthe goodnes®f thedetectionandthe numberof targets,
i.e. if thenumberof targetsis not adequateor thereis sig-
nificant backgroundexture, the systemmay fail to locate
the target, thereforestabilizationfails to correctlystabilize
theimage.

Braga-Netoand Goutsiag6] have presentech method
basedon morphologicaloperatordor target detectionand
trackingin FLIR imagery Their tracker is basedon the as-
sumptionghatthetargetsdonotvaryin size,they areeither
very hot or very cold spots,andthereis small ego-motion.
However, theseassumptiongontradictgeneralclosing se-
guenceFLIR imagery

Daviesetal. [3] proposeda multiple targettracker sys-
tembasedn Kalmanfilters for FLIR imagery Themethod
assumegonstantaccelerationof the target, which is not
valid for maneueringtargets.In addition,themethodworks
only for sequencewith no globalmotion.

In this paper we presenta new approachor real-time
trackingof the FLIR targetsin presencef high globalmo-
tion. Comparedo previousmethodstheproposedpproach
doesnotuseary constrainton the brightnesof thetaget.
Moreover, it is notrequiredto have atargetthathasconstant
speedor accelerationOur trackingalgorithmis composed
of two major modules. The first moduleis basedon min-
imizing the distancebetweerthe statisticaldistributions of
the targetandthe target candidate.The statisticaldistribu-
tionsareobtainedrom Gabofrfilter responseandtheinten-
sity of theframes.We usedGaborfilter responsef theim-
agessincethese2-D quadraturghasoffilters areconjointly
optimal in providing the maximumpossibleresolutionfor
informationaboutthe orientationandspatialfrequeng con-
tentof localimagestructure[8]. If thetracker modulefails
to locatethe new targetpositiondueto high egomotion,the
secondmodulecompensatethe globalmotion. The global
motion estimationmodule usesa multi-resolutionscheme
of [7] assuminga planarsceneand using perspectie pro-
jectionfor imageformation. It usesGaborfilter responses
of two consecutie framesto obtainthe pseudgoerspectie
parametersThe globalmotioncompensatiomoduleis ex-
ecutedwhenthe mean-shiftraclker fails to trackthe target.



The organizationof the paperis asfollows. In the next
section,we will give detailsof the target-trackingmodule.
In section3, the global motion estimationmoduleis dis-
cussed.Experimentsaregivenin section4, andin the last
section futuredirectionsareoutlined.

2. TARGET TRACKING

FLIR detectorarraysgenerallyproducespatiallyundersam-
pled images,which resultsin poor, noisy datafor further
processingsuchastarget detection trackingandrecogni-
tion. Besidesthe limited capabilitiesof FLIR sensorsthe
imagesobtainedusingthemoften containartifactssuchas
dirt on the sensorandfadingbrightnessalongwith limited
viewing resultingform cloudyweather Moreover, FLIR se-
guencesbtainedvia an airborne,moving platform, suffer
from abruptdiscontinuitiesn motion.

Targetsin FLIR sequencesanappearnaseithercold or
hot spotsdueto thermalelectro-magnetispectrum.How-
ever, thereis no a priori informationaboutthetarget'stem-
peratureor shape. Due to target’s low contrastwith the
backgroundpur systemusesbothintensityimagesandim-
agedfiltered by 2D Gaborfilter kernelswhich areoriented
sine-wave gratingsthat are spatially attenuatedy a Gaus-
sianwindow. Two-dimensionalGaborfilters, which have
alsobeenusedfor objectdetectionin FLIR imageq9], have
theform

Gz’ (x, y) — eiﬂp[mQ/O‘Q-i—qf/ﬁQ] . e,Qﬂ—i[uoz-l—’on] (1)

wherea and g specify effective width and height, o and
vo specify modulationof the filter. We used4 directions,
0, 45, 90, 135 anda fixed scale,0.5 for our experiments.
The responsen four directionsare summedfor obtaining
the inputimageto the tracker or global motion compensa-
tion module.In Figurel (a), aframefrom oneof the FLIR
sequenceandin (b) sumof Gaborresponseareshawn. In
Figurelb,thetargetregionsareclearlyemphasized.

Detectionof targetsin the FLIR sequencess a hard
problembecausef the variability of the appearancef tar-
getsdueto atmosphericonditions,backgroundandther
modynamicstateof the targets. The challengesn this re-
gardareextremelylow SNR,non-repeatabilityf thetarget
signaturecompetingclutter, which formssimilar shapess
thoseof theactualtargets ,obscuredargetsandlack of apri-
ori information. In this paper we assumehatthe location
of targetin theinitial frameis given.

In the next sectionwe will give detailsof our modelfor
trackingthetargetin two consecutie frameswhichwill be
generalizedo trackthetargetin thewholesequence.

2.1. Tracking M odél

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

(b)

Fig. 1. (a) Sampleframefrom oneof the FLIR sequences,
(b) summatiorof four Gaborresponsesf the framein (a).

canbe calculatedn a circular patchusinga 2-dimensional
kernelcenterednthetargetcenter{2]. Thekernelprovides
theweightfor aparticularintensityaccordingo its distance
from the centerof thekernel.

Let m bethe centerof a 2-dimensionakernelwhich is
givenby K (m). The kerneldensityestimatefor K (m) is
givenby

ficlm) = — " K (i —m) @
i=1

wheren is the numberof pointsin 2-dimensionakernel
K (m), andh is the radiusof the kernel. Possiblekernels
includeUniform kernel,Gaussiarkernel, Triangularkernel,
Bi-weight kerneland Epanechnikv kernel. Among these
kernels,in the continuouscasethe Epanechnikv kernel
yields the bestminimum meanintegratedsquareerror be-
tweentwo kerneldensitieg5]. Approximatingthe discrete
caseasthecontinuousase we usedthe Epanechnikv ker-

nel to calculatethe kerneldensityestimateof the datathat



lies within the kernel. Two-dimensionaEpanechnikv ker-
nelis givenby

2

Kl = 2

(h* = [1x[I*) ®3)
where||.|| is the magnitudeoperator andh is the radiusof
thekernel.

LetI : R? — N andG : R?> — N bethe functions,
which give intensityvalueandthe Gaborfiltered valueat a
particularspatiallocationrespectiely. Kerneldensityesti-
matesfor thefeaturesaregivenby

2oimy 6(T(xi) — u) Kp(m — x;)
Yin1 Kp(m - x;)

whereT is the featurefunction, which canbeeitherl or G
asdescribedcabore andd is Kroneclker deltafunction.

p(ulKp) =

(4)

2.2. Algorithm

Giventheinitial centerof the targetfor thefirst framemsy,
targetmodel probability distributionsq; andqg areevalu-
atedusingequation(4) for bothintensityandGaborfiltered
imagesrespectiely. For the next frame,centerof thetarget
is initialized atits previouslocationandthe candidaterob-
ability distributionsp; (mg) andpg (myg) arecalculatectal-
culatedfor intensityandGaborfilteredimagesespectiely.
The distancebetweemnmodeland candidatedistributionsis

definedby
d(m) = /1~ p(m) (5)

wherep(m) is the Bhattacharyaoeficient, whichgivesthe
likelihoodof themodelandthecandidatedistributionseval-
uatedaroundtarget centerm, Bhattacharyecoeficient is
givenby

DN | =

p(m) = =" (v/pr, (m)qr, + v/po.(m)ga,)  (6)

wherem is the numberof bins for both the intensity and
the Gaborresponsehistograms. Minimizing the distance
betweentwo distributionsis equivalentto maximizingthe
Bhattacharyaoeficient. Displacemenbf thetargetcenter
is calculatedby the weightedmeanof the kernelwherethe
weightsare obtainedby the Taylor seriesexpansionof the
Bhattacharya@oeficientaroundmy,

plm) = plama) + 1o > (2:: (6<I<xz~) )

a1, N
o7 (o) +0(G(x:) —u)

T Vipm-x))) @)

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

N , qly
w; = uEZI <6(I(x,) - u)sqrtplu (g +
4Gy
0(F(x;) — u)sqrthu (mo) (8)

is strictly positive andis selectedasweightsassociateavith
eachpixel in the kernel. Using the weightsobtainedfrom
equation(8), new locationof thetargetcenteris givenby

= DL i ©
Dim Wi
Thenew locationof thetargetis determinedisingtheweighted
meanequationwhich corvergesin few iterationscompared
to correlationbasedapproacheanddueto simplicity of the
calculationsit is fasterthanthecorrelation.

Oncethe 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 thresholdo be 0.35for our experiments.

Trackingbasedntheweightedmeanapproachrequires
thatthe new targetcenterlies within the kernelcenteredn
the previous location of the target. In FLIR imagery tar
getmotionin the capturedrameis dueto eitherego (sen-
sor) motion or objectmotion. However, the discontinuities
in motion stemsfrom the large ego motion, which canbe
compensatedly a global motion compensatiomodule. If
the distancebetweenthe candidateandthe modeldistribu-
tions, givenin equation(5), doesnot corverge,we execute
theglobalmotioncompensatiomodule whichwill bedis-
cussedn detailin the next section.

3. GLOBAL MOTION COMPENSATION

We assumen our target-trackingmodulethat the motion
is small. If this conditionis violated, then the output of
the tracker becomesunreliable,andrequiresglobal motion
compensation.

Thereareseveralapproachegresentedn literaturefor
the ego motion compensatiorin visual images,however
they maynotbedirectly applicableto FLIR imagesbecause
of the natureof imagery Oneof the mostsignificantchar
acteristicof FLIR scenegs thelack of texturalinformation
in the scene.In addition,the scenes usuallycomposedf
patchesof uniform intensitieswith small contrastbetween
thepatchesThesecharacteristicef FLIR imagerymakesit
difficult to estimatehesensomotionfrom images.n order
to getaroundthe problemof limited texture, we have used
Gaborfilter responsesf theimagesin the multi-resolution



framework of [10]. The proposednethodusespseudger
spectie model of motion, which is ableto provide better
estimateof motion,whereaffine modelfails.

Themotionof thesensobetweerntwo imageframesun-
derpseuderspectie modelis expressedy

U= Ma (10)

where

T
a= ( ay a a3 a4 as dag ay as )

where(u,v) is the optical flow. Optical flow canbe calcu-
latedusingthe opticalflow constraintequationgivenby

Fx'U=-f (11)
whereFx = ( f, f, ) is aspatialgradientvectorand
fi isthetemporalderivative of Gaborfilter responsef two
consecutre frames.Combiningequationg10) and(11) re-
sultsin a linear systemthat can be solved using the least
squaremethod,

(Z MTFXFXTM) a=-> fiM"Fx

In Figure2, (a) referencdrame(previousframe),(b) current
frame,(c) registeredrameand(d) the differenceimagebe-
tweenthe currentframeandtheregisteredrameareshovn
for the Gaborfilter responses.

Onceprojectionparametersy, arecalculatedy solving
systemof equation(12), we applythetransformatiorto the
target centerof the previous and calculatethe approximate
new targetcenter by

(12)

mp =mg_1 + U (13)
After compensatiorof the global motion by updatingthe
target centerusing equation(13), we evaluatemeanshift
vector on this updatedlocation. Since estimationof the
global motion is doneonly whenthe tracker fails, i.e. the
referencdrameis alwaysthepreviousframe;globalmotion
moduledoesnot suffer from accumulatiorof projectioner-
rors.

4. EXPERIMENTS

We have appliedthe proposedmethodto AMCOM FLIR
datasefor trackingtargets.Thedatasetwasmadeavailable
to usin grayscaldormatandwascomposeaf 41 sequences
whereeachframewas128x128.

The proposedmethodwas developedusing C++ run-
ning on Windows 20000n a Pentiumlll platformandcur-
rentimplementatiorof the algorithmis capableof tracking
onetargetat atime at 15 framesper second.Currentlythe
initializing of thetargetcenteris performedmanually

Thetrackingresultsof thealgorithmwerevisually con-
firmed. Most of thetime, the secondnodulefor compensa-
tion of globalmotionwasnotused.In Figure3, we give the
diagramfor the distance givenin equation(5), between2
distributionscorrespondingo consecutie framesfor 5 se-
lectedsequencefrom the AMCOM dataset.The diagram
is obtainedwithout executingthe globalmotioncompensa-
tion module. Framenumberswherethe distancemeasure
is above 0.5, shav that the global motion compensatiotis
required.In the diagram,theregions,wherethe distances
1.0,shaw thatthetrackeris failing to locatethetarget.

Figure4 showvs asetof selectedramesfrom asequence
wherethereis high but smoothglobalmotion,i.e. theglobal
motion compensatioomoduleis not executed. In the ini-
tial frame,thetargetcenterandthe kernel,which encapsu-
latesthe target, is manuallymarked andthe white crossin
the otherframesshow the tracked targetcenter Thetarget
tracker correctlytrackedthetarget.

Similarly, in Figureb, theoutputof thetargettracker for
trackinga cold targetis shavn. Thetargetin the sequence
hasvery low contrastwith the backgroundandthe neigh-
boringlocationshidethetargetdueto high gradientmagni-
tude.Thesequencgivenin Figure5 shavstheimportance
of using both the intensity and the Gaborfilter responses
together sincethe tamgettracker fails to locatethe tamgetif
only oneof thefeaturesvereused.

Thoughthetrackingresultsarereasonablén mostof the
casesjarge global motion makesthe trackingbecomeun-
stable.In this casethe secondmodulerefinesthe tracking
results. In figure 6, we give an examplewherethe tracker
failed to locatethe target, but compensateglobal motion
helpedthetrackerto locatethetargetcorrectly In Figure6,
(a) shaws the trackingresultswithout global motion com-
pensatiorand(b) shavs trackingresultafter compensating
theglobalmotion.

To justify the increasein performanceof the system,
which usesbothintensityandgaborfilter responseasfea-
tures,we performedexperimenton 18 sequncesf theAM-
COM datesetin theexperimentsproposednean-shifbased
trackerusedntensityor gaborresponsealone,andwe com-
paredthe tracking resultswith the combinedfeature. The
comparisoris givenin Tablel. In the table,eachrow rep-
resentsthe tracking result of 18 sequnces.We displayed
the resultsin 3 catayories: robust, promising and failed,
where”robust” is usedfor correcttargettracking,”promis-
ing” standsfor acceptablgerformanceand”failed” repre-
sentsthefailure of thetargettracler.



5. CONCLUSIONSAND FUTURE DIRECTIONS

We have proposedanalgorithmfor trackingtargetsin FLIR
images. Our systemtracksthe target by finding the trans-
lation of the targetcenterusingtheintensityand Gaborre-
sponsedistributions. Whenthe distancebetweentwo dis-
tributions is not small, we compensatéhe global motion
from the previousframeto currentframeassumingpseudo-
perspectie motion model, andtransformthe target center
accordingly

Currentlywe areableto trackonetarget,andwe arere-
fining the systemto trackmultiple targets.
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Sequence | Intensity Only | Gabor Response Only | Combined
rngl4.15 promising robust robust
rngls.20 failed robust robust
rngl5.NS failed robust robust
rngl6.04 robust failed robust
rngl6.07 failed failed promising
rngl6.08 robust promising robust
rngl6.18 failed robust robust
rngl7.01 promising failed robust
rngl7.20 failed failed robust
rng18.03 failed promising promising
rngl8.05 failed promising robust
rngl8.07 failed robust robust
rngl8.16 failed failed promising
rngl8.18 failed promising promising
rng19.01 promising promising robust
rngl19.06 promising promising robust
rng19.07 robust promising robust
rngl9.11 promising robust robust

Table 1. Performancevaluationfor intensity only, gaborresponsenly andintensityandgaborcombinedtracking of the
proposedsystemfor 18 sequencefom the AMCOM dataset.



Fig. 2. (a) Thereferencerame, (b) currentframe, (c) first frame registeredonto the secondframe,i.e. global motionis
compensatedsingthe pseudo-perspedctt projection,(d) the differenceimageobtainedirom (b) and(c), (d) thedifference
imageobtainedrom (a) and(b).

distance to model o
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Fig. 3. Distancemeasuref equation(5) evaluatedfor consecutie framesfor six differentsequencefom the dataset.
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Fig. 4. Tamgettrackingresultsfor a sequencevherethereis a big globalmotion; (a) manuallyinitialized targetfor frameO0,
automaticallytrackedtargetshovn by '+’ in (b) frame8, (c) frame19, (d) frame35, (e) frame51, (f) frame68, (g) frame78
and(h) frame89.

(b) (d)
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Fig. 5. Tamgettrackingresultsfor a cold target; (a) manuallyinitialized targetfor frame0, automaticallytrackedtargetshavn
by '+ in (b) framel1, (c) frame39, (d) frame63, (e) frame91, (f) frame119,(g) framel54and(h) framel70.



Fig. 6. (a) Targettrackingresultsfor a fragmentof a sequencevherethe tracker fails dueto discontinuityin motion, white
crossshows the outputof thetracker andthe blackcirclesshaw the correctliocationof thetarget. (b) Refinedtrackingresults
for the samefragment,wherethe global motion compensatioomoduleis executedonly oncefor compensatinghe global

motionfor thefirst andsecondrame.



