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Abstract

In this paperwe proposea systenthat detectsndepen-
dentlymoving objects(IMOs) in forward lookinginfra-red
(FLIR) image sequencesaken from an airborne, moving
platform. Ego-motioneffectsare remavedthrougha robust
multi-scaleaffineimage registration process Consequently
areaswith residualmotionindicate objectactivity. These
areasare detectedrefinedandselectedisinga Bayes'clas-
sifier Theremainingregionsare clusteedinto pairs. Each
pair representanobject'sfrontandrearend.Usingmotion
and sceneknowled@ we estimateobject poseand estab-
lish a region-of-inteest(ROI) for ead pair. Edge elements
within eat ROI are usedto segmentthe corvex cover con-
tainingtheIMO. We showdetailedresultsonreal,comple,
cluttered and noisy sequences.Moreover, we outline the
integration of our robust systeninto a compehensiveau-
tomatictarget recanition (ATR) and action classification
system.

1 Intr oduction
1.1 Motivation

Forwardlooking infra-red(FLIR) imagesarefrequently
usedin automatictarget recognition (ATR) applications.
ATR is agenerictermusedfor a varietyof semi-automated
andautomatedperationgangingfrom cuinga humanob-
sener to potential targetsto fire-and-foget. Many re-
searcherbaveinvestigatedvariousapproache® detection,
recognitionandposeestimatiorof targetsfrom staticFLIR
images.A comprehensie recentreview by RatchesWal-
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ters, Buser and Guentheron techniquesfor image-based
ATR systemganbefoundin [17].

A variety of techniquedo detecttargetsin staticimages
have beenproposed Early work oftenwasdata-drvenand
usedadhocmethodsuchasthresholdingpasednthecon-
trastof anobjectcomparedo thelocal backgrounar pixel
statistics.Lateralgorithmsusedknowledge-basedystems
andtemplatematchingapproachesMore recentresearch
focuseson model-basedpproachesand multi-sensorfu-
sion [16, 18, 5]. While commonATR systemscan track
objectshasedbn a seriesof single-frameadetectionsmotion
hasbeenngylectedasa cueto targetdetectiorandposees-
timation. Motion informationcanbe a very strongaid for
finding targetsin images. It canbe motivatedbiologically
to useimagemotionasa low-level sggmentatioraid rather
thana post-processingesultfrom singleframeimageanal-
ysis[23]. Consequentlyincludingdynamicscenenforma-
tion to a static ATR systemaddsan independentriterion
that cansignificantlyincreasedetectionratesand decrease
falsealarms.

Today mary technique®xist for the motion analysisof
visualimagery|[6, 2, 14, 13, 20]. Irani and Anandandif-
ferentiatescenesandthe appropriatelgorithmsalonga 2D
to 3D continuum[13]. In 2D analysisthe scenecanbe ap-
proximatedby a flat surfaceandthe camerais undegoing
mainly rotationsand zooms. 3D scenesare characterized
by significantdepthvariationsin the sceneand a translat-
ing camera.Motion modelshave to be appropriatefor the
processingrvironment.

In this paperwe presenamotion-basedbjectdetection
systemtailoredfor FLIR sequencesOur FLIR sequences
are taken from a moving platform and depict sceneryas
well asindependentlymoving objects(IMOs). This case
representshe mostgeneralandmostdifficult) scenarioof
motion processingObsener-motion (ego-motion)andob-
jectmotionsinducemultiplecoupledmotionsinto the FLIR
images.In our approachywe compensatéor the obserer-
motion, which makesthe backgroundstationary After re-



moving theeffectsof ego-motion residualmotionsmustbe
dueto moving objects.We usetheseresidualmotionareas
to detectandsegmentthe targetsandestimateheir pose.

1.2 FLIR VersusVisible

To detectIMOs in FLIR image sequencesthe sensor
propertiehave to betakeninto accountWe faceadditional
challengesausedy thefollowing importantdifferenceso
visualsequences:

e FLIR imagerysmoothe®ut objectedgesandcorners.
Thisleadsto areductionof distinctfeatures.

e Thegeneratiorandmaintenancef kineticenegy usu-
ally heatup a moving object (e.g., friction, engine
comlustion). Consequentlymoving objectsoften ap-
pearbrighterthanthe background.

e FLIR imagesarenoisy andhave lesscontrast.More-
over, they often containartifactssuchasdirt on the
lens,brightnesavhichfadesout attheendof thescan-
line, or local sensofailureat certainpixel locations.

¢ FLIR sequencearenoteasilyavailable(especiallynot
from controlledexperimentsiandhave alower resolu-
tion. Thesequenceavailableto usare128x128pixels
ascomparedo 512x512pixels and more of standard
visualcameras.

e FLIR sequenceareoftentakenunderdifficult circum-
stancegandmayhave abruptdiscontinuitiesn motion.

Extracting3D structureandmotioninformationfrom an
imageis an underconstrainedoroblemthat can only be
solvedin specialcasegsuchasby translationakgo-motion
with sufiicient scenetexture). Moreover, the aperturemay
limit our view to imageregions with structurethatis in-
suflicient to estimatemotion. Accuratemotion estimation
needsdistinct features— cornersare good, line sggments
canbe sufiicient, but homogeneouareasare uselessThis
isknown asthegeneralize@pertureproblem[21]. Thelim-
itationsanddifficultiesof FLIR imagerymustbetakeninto
account. They demandmore robust (lessnoisesensitve)
techniqueghan visual sequences Consequentlywe pre-
ferreda 2D robust motion modelto highly noisesensitve
3D approaches.Moreover, FLIR processings often per
formedin a time-critical setting. This requiresalgorithms
to be very efficient and/orto be capableof highly parallel
execution.

1.3 Organization
Figure 1 shawvs a graphicalovervien of our proposed

system.In the first module,we compensatéor shortcom-
ings in image quality suchas low contrast,artifactsand

noise(Section?). Thereafterwe performrobustmulti-scale
affine imageregistrationto eliminateeffectsfrom the mo-

tion of thecamergplatform(Section3). Then,candidatee-

gionsfor objectpartsareobtainedoy analyzingtheresidual
misalignmentUsingpropertiesof thesceneandthesensor
we remove unlikely regionsandidentify pairsof front and
rearparts. Togetherwith edgeelementsye obtaina con-
vex coverfor theIMOs’ locationsin theimage(Sectiond).

Section5 demonstrateexperimentalresultsand Section6

summarizeghe proposedsystemand suggestsntegration
into acomprehensie framework.
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Figure 1. Overview of our independentl y mov-
ing object (IMO) detection system.

2 Image Enhancement

Sincemotionprocessings noisesensitve andFLIR im-
agesare of a low quality, we enhancethe imagesto re-
ducemisleadingshortcomingsefore proceedingwith the
motion-basedobject detectionand analysis. In images
recordedfrom a moving platform, artifactsappearas can-
didatesfor independentlynoving objectssincethey do not
move coherentlywith the scendeadingto falsealarms.To
preventthis, theincomingframesarefiltered beforefurther
processing.Locationswith artifactsrarely undego small
modificationgsuchasGaussiamoise) but oftenhave com-
pletelyerroneougray-level valueg(suchassalt-and-pepper
noise).Consequentlya morphologidilter (suchasanorder
statisticfilter) is moresuitablethana linearfilter (suchasa



meanfilter). We decidedto usea medianfilter. It success-
fully removessmallartifactsandimagenoisewhile preserv-
ing relevantedgeinformation.

FLIR imagesarebasedon the thermalelectro-magnetic
spectrum. Differenceswithin a scenes backgroundare
rathersmall comparedo differenceshetweenbackground
andobjects.Thisleads,n generalto averylow contrasin
mostof theimagearea.In orderto enhanceéhebackground
featurepointsthatwill beneededaterto properlycompen-
satefor imagemotion,we normalizethe contrastfor anin-
comingframeby histogramequalizationThistechniquee-
mapsthe gray-level values(orderpreserving)n the image
suchthat the cumulatize histogramhasan approximately
linear slope. In the next sectionwe will discusshow the
effects of cameramotion are removed from the enhanced
sequence.

3 Robust Multi-scale Affine Registration

Moving objectsinduce motion in an image sequence.
Since their image motion is independentand different)
from the image motion causedby the cameras move-
ment,they arereferredto asindependentlynoving objects
(IMOs). In the caseof airborneimagery the objectsare
moving on the ground and appearrather small. Conse-
guently the backgroundf thescenewill cover mostof the
image.Thedominantmotionexplainsmostof the apparent
motionin animage. The backgroundn the imageunder
goesdisplacementausedy the obserer’'s movement(or
ego-motion)and, hence,constituteshe dominantmotion.
When ego-motionprevails over mostof the image,IMOs
canalsobeunderstoocsobjectswhosemotionviolatesthe
dominanimotionmodel.In orderto detectsuchobjectswe
removetheeffectsof theprevailing (dominantmotionfrom
thesequenceThis leavesonly the effectsof secondarand
smallermotions(theindependentotions).

Dueto the high noiseandthe eventuallylarge displace-
ments,we have to usethe entireimage and can not rely
on a windowed approachto compensatdor motion. 3D
(or moreprecisely2.5D) modelsrequirea depthmapfrom
thescene.This depthmapcanbe eithergivenor estimated
from the sequenceif sufficient translationakgo-motionis
presenfl, 13]. While 3D modelshave a small modeler
ror (bias),they areproneto high estimatiorerror(variance)
dueto their high numberof degrees-of-freedonfone un-
known depthparametefor everylocationin theimageplus
rigid-motion parameters)The 2D affine modelwith its six
degrees-of-freedonprovides a good balancefor the bias-
variance-tradedf especiallywhen consideringthe FLIR
shortcominga&ndthenoisesensitvity of motionestimation.
An estimatoris robustif outlierscannot arbitrarily worsen
the estimate. By applying robust statistics[12] to motion
estimation[6], the dominantmotion estimatecanbe made

invariantto smallmodel-violationssuchasIMOs or minor
depthdiscontinuitiegparallax).Theselectiorof themotion
modelis crucialto the succes®f compensatindor camera
motion.

Thereare several waysto estimateand compensatéor
the dominantobsener motion. Feature-basethotion esti-
mation[24, 7, 20] seemsinappropriatebecauserery few
featuresare present. Thesetend to be IMOs and would
consequenthdisturb the ego-motion estimation. Abrupt
strokes to the cameramalke spatio-temporafiltering ap-
proacheg2?] ineffective, too. The bestmethodappeargo
be a registrationtechniquethat usesthe entireimageand
is able to handlelarge displacementsvhile being robust
againstthe violations by object motion. Sincethe mov-
ing objectsare very small in airborneimages(maximally
10% of imagearea),we canassumehat cameramotionis
the dominantmotionin the scene.For our systemwe use
the entireimagein a robustmulti-scaleaffine imageregis-
tration [4]. This alignsa framel to a referenceframeT’,
assumingan affine transformatiorof the homogeneouso-
ordinate410] asdescribedn equationl.
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We alwaysusethe mostrecent(current)frameastherefer
enceframe. The motion transformatiorM is estimatedn
four stageg4], asdescribedn thefollowing subsections.

3.1 Pyramid Construction

A Laplacianimageresolutionhierarchyis createdo al-
low processingon various spatial frequenciedevels. In
a Laplacianpyramid, the image is decomposednto one
low-resolutionlow-pasdilteredimageandmultiple higher
resolutionlayersencodingthe higherfrequencieg8]. We
startmotionestimatioratthelowestresolutiorlevel andex-
pandandrefinethe resultslayer by layer until the original
resolutionis reached.

3.2 Motion Estimation

Most motion estimationparadigmsare basedon image
intensityconseration. Intensityconserationassumeshat
duringasuficiently smalltime 7, nointensitypatternin the
imagegetslost. However, it may getdisplacedby v andwv
in z andy directionasexpressedy equation3, whichwas
proposedy HornandSchunkin [11].

I'(z,y) =T (z + u'(z,y),y +v'(z,y))  (3)



I = It andI’ = I'*7 representheimageintensityas
a function of (z,y) attime ¢t andt + 7, respectiely. In

eachlayer of the Laplacianpyramid, motionis estimated.

We usean iterative estimatorthat minimizesthe sum-of-
squareddifferencegSSD) betweenthe referencerame I’
andtheregisteredramel = M - I.

The initial motion guessis ‘no motion’ and, hence the
transformatiormatrix equalsthe unity matrix at iteration0
(Mg = 1). TheSSDis anerrormeasurdasedntheinten-
sity conserationassumptiorjll] anddefinedatiterationn
asfollows:

SsSD, = ) (' - i,)? 4)
T,y

Usingthe Gauss-Netonmethodto minimizethe SSDerror
in respecto themotionparametersye obtainanincremen-
tal parameteupdatey,, for 4,, asgivenby equation$, 6 and
7.
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Theresiduakrror AL, is computedasthepixel-wisediffer-
encebetweerthe referencérameandthe registeredframe
AL,=T —1I,. TheimagegradientV1 is approximatedy
filtering the imagewith the Sobelkernel[19] for the hori-
zontalandverticaldirection(Figure?2).
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Figure 2. Sobel edge filter. Linear filter ker-
nels for z- and y-direction.

3.3 ImageWarping

ThecurrentmotionestimatéM,, atiterationn is usedto
warpthe earlierimagel soit matcheghe referencémage
I'. We employ a standardvarpingtechniqueusingbilinear
interpolation.Thewarpedimagein = M,, - I is usedin-
steadof the original framelI andthemotionestimatiorpro-
cesss repeatedMotion estimationandimagewarpingare

iteratedwith the updatedmagel,, andthe referencdrame
I'. Iterationis terminateduponreachinga fix-point for the
motion estimatgd,, = 0) or the maximumnumberof iter-

ations.The selectionof the maximumnumberof iterations
dependon the expectedmagnitudeof inter-framemotion
(typically betweer8 and10iterations).

3.4 Refinement

Theestimatesrerefinedby expandingtheresultswithin
the resolutionpyramid in a coarse-to-findashion(Figure
3). This preventsaliasingof high spatialfrequeng compo-
nentsthatundego large motionsandminimizesthe outlier
sensitvity. It alsospeedsipthemotionanalysissincefewer
iterationsarerequiredat eachresolutionlevel [4, 3].

Initial Motion Processing —_=
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Original Image " 7
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Figure 3. lllustration of coarse-to-fine motion
processing.

4 Locating Moving Objects
4.1 ChangeDetectionand RegionRefinement

After the effectsof cameramotion have beenremoved,
the remainingregions with significantchangesmnay con-
tain IMOs. To determinewhich regionsexhibit significant
changewe first computethe differenceof the currentim-
age(thereferenceémage)to aregisteredramefrom thepast
(e.g.,0.2 secondsagoor 5 framesat 25 framesper sec-
ond). Thetime differencebetweerthe framesmustbelong
enoughsotheIMO movessignificantlybetweerthem,(e.g.,
its movements detectablén theimageconsideringesolu-
tion andtargetdistance).Locationsexceedinga threshold
differenceareconsidereautliersto thebackgroundnotion
and constituteour initial changeregions. Theseare then
processedvith morphologicaloperationssuch as erosion
(eachpixel adoptghelowestvaluein its neighborhoodand
dilation (eachpixel adoptshe highestvaluein its neighbor
hood). Iterative applicationof openingoperationgerosion



followedby dilation) in a3x3 neighborhooaliminatessin-
gletonsandsmallregions. Theopeningis repeatedintil the
imagenolongerchangesA final dilatationoperatiorgrows
theremainingregions.

P(T}) arealsoobtainedfrom the training dataastherela-
tive frequencie®f tamgets.

x={
(15)

For eachregion, we make a decision ); (target or false
alarm)basednthe a posterioriprobabilitiesandthe confi-
dencethresholds accordingto the decisionrule (equation
15). If falsealarmsareto beavoided, shouldbeincreased.
Corverselyif misseddetectionshave a high cost,3 should
be decreasedThis decisiondependn the costof afalse
alarmcomparedo amissedietection All regionsnotmeet-
ing the minimum confidencerequiremeni areunlikely to
be moving objects.Hence thesearerejectedandremoved
for further processing. The remainingregions are the fi-
nal IMO partregions. Throughthe growing processhey
now includethe adjacentboundarieof the corresponding
objects. Onekey propertyof infra-red sensorgs that tar-
getsor their parts(especiallytheir hot-spotsuchasengine,

if maxy (P (Tk|s:)) > 3
else

arg maxy, (P (Ty|s;))
reject
I, = dilate( lim (operf(bin(I' — M -1))))

n—inf

(8)

The resultingimagel,. containsthe candidateregionsfor
IMO parts.

4.2 RegionSelectionand PoseEstimation

Somecandidateregionsmaynotcorrespondo amoving
object. For example,heavy noise artifactsor partialsensor
failure couldinducesuchfalsealarmregions. To eliminate
falsealarms,we computefour featuress; ; to s; 4 for each
candidateegionin I.. Thesymbol X; denoteghe setof
pointsin aparticularregioni. Ther-th (central)lmomentum
of X; is denotedn? (ml).

mé = E[(X; —c-E[X;])] (9) exhaustjappeabrighterthanthebackgroundSincethe se-
guencesarerecordedfrom airbornesensorswe are never
onthesameplaneasthetargets. This assureshatthefront
Si,1 m} = mean (10) andrearpartsof regularvehiclescannot be hiddendueto
Si2 = mi = variance (11) self-occlusionWe candistinguishfour casef objectmo-
X tion andtheirresultingFLIR inter-frameintensitychanges:
sig= E [\/”;_33] = skewness (12) [ objectis _ [[ infrontof object | behindobject |
12 appearing becomedbrighter | notobsenable
Sia E [ m414] = kurtosis (13) moving visible || becomedbrighter | becomeslarker
Vi disappearing notobserable | becomeslarker
Basedon thesefeatureswe decideif a region will be pro- moving occluded|| notobserable | notobsenable

We call thefront of theIMO in thedirectionof its move-
mentthe head(andthe otherendis thetail). Consequently
anIMO region wheretheintensityincreasedfterregistra-
tion to thelaterimages frameof referencewill containthe
head. Corversely a darkeningregion in the laterimages
frameof referencas aregionthatthetail justvacatedright
behindtheIMO). Thisinformationnotonly givesusagood
indicationof thelocationof certainobjectparts,but alsoal-
lows usto obtainaroughestimateof theobjectsposein the
image.

In caseof multiple moving objects, we have to find
matchingpairs of final regions. This requiresclustering
the detectedregionsinto pairs consistingof a headand a
tail region each. This alsohelpseliminatemisdetectede-
gions(falsealarms)sinceit is very unlikely thatthereis a
matchingregionto form avalid pair. To establistpairs,we
assumehat the distancefrom one objects front to its tail
is smallerthanfrom ary of its partsto the contrarypart of
ary anotherobject. All possiblepairs (combinationsof a
headanda tail) are considerecandranked by the distance
measureg; ; asgivenby equationl6.

cessedfurther or rejectedas a false alarm. Due to the
severely deterioratedmage quality at the right and lower
borders(end of scan-line),we wantto rejectregionscen-
teredvery closeto ary imagemamgin. Moreover, sizeand
symmetryand compactnessan be usedto exclude other
falsealarms. All thesepropertiesare capturedby the four
region features. We usethemin a Bayesianapproachto
make a decision); regardingthe selectionor rejectionof a
candidateregion i basedon its likelihood of beingcaused
by amoving object.

The a posteriori probability that the region i is part of
a tamget, given its featurevectors; is denotedP (T} |s;).
The a posteriori probablilities P(T}|s;) arecomputedus-
ing Bayes'rule andthelaw of total probabilityasshown in
equationi4.

\_ _p(silTe) - P(Ty)
P(Tklsz) - th(SZ|Th) . P(Th)

The probability densitiesp(s;|T) areassumedo be mul-
tivariate Gaussiardensities. Their parameterg:, and Xy
arecomputedasmaximum-likelihood(ML) estimategrom
supervisedraining sequences.The a priori probabilities

(14)

(16)

pij = lIsig — sj1ll



Startingfrom the closestmatch (lowestranking), we now
successfiely assigntwo regionsto eachpair. Sinceeach
regioncanbein only onepair, thisaccomplishethedesired
clustering.Excessheador tail regions(falsealarmsyemain
unpairedandaredroppedat this stage.

Let usassumehata matchingpair of a headandtail re-
gion hasbeenfound. We canapproximatehe objects pose
in the imageby the directiona’ of the straightline from
the centroidof the object’s headto thetail. In our notation,
o' = 0 anda’ = 90 representhedirectionsstraightupand
straightto the right, respectiely. For the typical airborne
suneillanceapplication,let us assumean elevatedcamera
with alargefocal distanceg(f = inf or parallelprojection)
looking forwardatanobjecton aplanarsurfaceasdepicted
in Figure4. This scenegeometrycan be usedto link the
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Figure 4. Scene geometry for planar surface
and elevated obser ver.

imageposeca’ to thetrue objectposea. Thetrueposea is
definedhereasthedirectionof thevehicles headingonthe
groundplanein respecto the obsenrer.

tan(a) = tan(a') - sin(y) (17)

distance tan(y) = altitude (18)

These equationscan be rewritten to obtain a universal
closed-fornsolutionfor o usingthefunctionatan whichis
ageneralizedirctan functionthatcomputesananglefrom

averticalandahorizontalcomponentApproximateknowl-

edgeof thecameras elevationabove thegroundplane(alti-

tude)andits distanceto the objecton the groundallows us
to computex asfollows:

a = atar(sin(a’) - sin(atar(altitude distancg), cos(a'))
(19)
Figure5 shaws a contourplot of the true objectposeas
afunctionof thedistance-to-altitudeatio andtheprojected
objectposein degreesThetrueposeanglesy = 0, a = 90,
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Figure 5. Contour plot of the true object pose
as a function of the distance-to-altitude ratio
and the projected object pose «'. Lines show
locations of equal true object pose a.

a = 180, a = —90 correspondo the vehiclepointing out-
bound,to the right, inbound,andto the left in respectto
the obsenrer. For distancé¢altitude= 0 the obsereris ex-
actly above the objectand, hence,percevesthe true pose
(o' = a). With increasingdistanceat constantltitudethe
motion componenin z-directionbecomedessvisible. In
the limit, only strict left (—90 degrees)and right (90 de-
grees)movementcanbe perceved. This graphalsoshavs
thatin high distancé¢altitude scenariossmall imagepose
estimatiorerrorsaroundd0 and—90 degreegresultin large
true poseestimationerrors.Fromalong distanceijt is hard
to visually estimatedf anobjectis moving in- or outbound.

4.3 EdgeExtraction and Segmentation

As we have just seenthe IMO regionsindicatethefront
or rear part of the moving object However, not all parts
of the objectareincludedinto thesetwo kinds of regions.
Motion of homogeneouslintenseareas for example,can
not be obsened. How canwe find the entire objectfrom
the IMO part pairs? We have to resortto anotherfeature
domain,sincepure motion informationis not suficient to
solve this problem.Gray-level edgesn theimagecanpro-
vide anindicationof anobjects boundariesIn the caseof
partialocclusionwe interpretthe obstruction-objedborder
asthe objectboundary Independentlfrom the motionde-
tection, we extractthe edgegq9] from the referencerame
basedon the Sobelapproximationof the derivative [19].
This canbe donein parallelwith the changedetection.At
this point we assumehat the objectsprojectto corvex re-



gionsin the imagewith (eventuallyonly partially) visible
objectboundariesn the directionof motion. Eventhough
the corvexity assumptiormay not hold for all objects,its
violation leadsto the detectionof the corvex part,whichis
usuallysufficient. SincetheIMO regionsweregrown, they
now includetheobjectboundariesTheedgein theheadre-
gioncorrespondso theIMO’ sfrontend,andtheedgein the
tail regionto therearend.Consequentlyjocationsfulfilling
bothconstraintslying within anIMO regionandbeingclas-
sifiedasanedgelocation,arethe boundarylocationsof the
object. Using the corvexity assumptionthe corvex cover
of the boundaryregions constituteshe desiredregion-of-
interest(ROI) containingthe independentlymoving object
(IMO).

5 Results

Figure6 shavstwo FLIR frames(top row) anddetected
IMOs (bottomrow) andFigure7 depictsa spatio-temporal
view of theentiresequenceDuring framesl to 30, atruck
(theIMO) approachethetankthatsitsin the centerof the
image. The elevated cameragraduallycomescloser At
frame 34, the camerawas struck, resultingin an abrupt
spatio-temporatliscontinuityof the data. The camerdfix-
atesbackat frame 38, but until the last frame 79, the se-
guenceis unstable,with large inter-frame displacements.
Duringthis interval, the truck stopsbriefly andchangedli-
rection,driving towardthe obserer. The sequencelemon-
stratesamixture of continuougranslationabndabrupt,un-
steadyrotationalcameramotion.

Figure8 illustratesthe succes®f the frame-wiseregis-
tration to stabilizethe sequence.Variousspatio-temporal
slicesthroughthe entiresequencareshavn beforeandaf-
ter stabilization. In eachslice the time progressesowards
the right andthe upright axis is the free spatialaxis. The
stabilizationremoved the small and short-termeffects of
the wobbling camera(the jaggedlines in Figure 8(a) be-
comesmoothin (b)), aswell asthe continuouseffect of the
cameraomingcloser(thediverginglinesin Figure8(a)be-
comeparallelin (b)). It is interestingo notethemeiging of
thebright tracesof the sitting tankandthe moving truckin
Figures8(c) and(d). In Figures8(a)and(b), theIMO ‘en-
ters’ the vertical slice late in the sequenceand appearsas
thelower chip of the brighttrace.

The middle row of Figure 6 shavs the detectedhead
(black) andregionsbehindthe objects tail (gray). The ob-
jects’ estimateddirection of movementa’ is indicatedby
the arrowvs. The final object segmentationobtainedfrom
edgeandmotioninformationis shavn in the bottomrow of
Figure6. In framesl5and72thelMO is locatedaccurately
andsuccessfullsegmentedrom thestationarycomponents
of the scene. While our systemreliably detectsthe IMO
for mostframesin the sequenceit fails in frame 34 when

T

framels frame72

Figure 6. Detection and pose estimation re-
sults obtained with our system. FLIR frames
15 and 72 (top row) and the final object part
pairs with pose arrows (middle row). The bot-
tom row shows the corresponding ROls.

Figure 7. Spatio-temporal view of the se-
guence . The data volume’s slices at ¢t = 1,
t =179,z =60, and y = 60 are shown.




Figure 8. Effectiveness of ego-motion com-

pensation. Vertical slices at z = 60 (upper
row) and horizontal slices at y = 60 (lower
row) before (left column) and after stabiliza-
tion (right column).

the camerais struck heavily. This inducesan abruptand
large displacementf the entirescenethatcannot be com-
pensatedavith theregistrationmodule.Consequentlymary
scendfeaturesappearascandidatepartsandno objectsare
detected.

Figure 9 shawvs several intermediateprocessingesults
for frame15. In Figure9(a) the original pixel-wisediffer-
enceAl, of the currentreferenceframe 15 andthe pre-
vious frame 8 is shawvn. The differencedepictedranges
from black (strong decrease)ver gray (no change)to
white (strongincrease).After multi-scaleregistration,the
obsenermotionis removedandtheerrorsin thedifference
image(Figure9(b)) aredueto IMOs. Theinitial regionsfor
IMO parts(Figure9(c)) arerefinedthroughmorphological
operationgo obtainthe candidatddMO part regions (Fig-
ure9(e)). Candidateegionsareselectedwhichin thiscase
removesthe falsealarmregionsat the maigin) andpaired.
Edgeg(Figure9(d)) within valid pair regionsconstitutethe
IMO boundariesas shawvn in Figure 9(f). From an over
all perspectie we obtainexcellentresults,especiallywhen
consideringhequality of theFLIR sequenceThevehicleis
detectedandsegmentedsuccessfullyandaccuratelyduring
mostframesof the sequencekigure10 shavs the obtained
poseestimatedasedexclusively onimagemotion. Thees-
timatedposechangedrom approximately—85 to —175 de-

(e) (f)

Figure 9. Steps in the processing at frame 15.
(a) Original diff erence of frames 8 and 15. (b)
After affine multi-scale registration. (c) Initial
IMO parts. (d) Edge map. (e) Candidate IMO
parts. (f) Final IMO boundar y parts.

grees.This correctlyrepresentshetrucks’ left turn action.

Resultgor two othercomplex anddifficult sequenceare
shavn in Figure11. Thetop row shows a reference-LIR
frame. Thedifferenceo the previousframebeforeregistra-
tion is depictedin the middle row to illustrate overall mo-
tion effects. In the bottomrow the candidatepart pairsare
shavn. Final partpairsareoverlaid with a poseindication
arrov. Theframeshavn ontheleft (Figurell(a))contains
two moving objectsin a highly clutteredscene(road and
trees),a tank moving rapidly to the right and anotherob-
jectmoving towardstheupperleft of theimage.StaticATR
systems&ndevenhumanobsenersmayhave difficultiesde-
tectingthe targetsin this image. Our dynamicsystemsuc-
cessfullydetectsboth objects’ headandtail and recovers
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Figure 10. Pose development during turning
action of object.

their poses.A falsealarmtail in the upperright corneris
alsodetectedatfirst, but is rejectedater, sinceit cannotbe
paired. The sequencen theright-handside (Figure11(b))
shaws a tank moving acrossan unobstructedield towards
the obserer. The systemsuccessfullydetectsthe heated
right wheelsandgivesa goodestimateof thetank pose. It
canalsobe seenthat the hot exhaustfumesinducea false
alarmby appearingo be a headpart. However, the fumes
do not follow rigid motion. A heatedgeappearson the
fumes’front but, dueto thegradualdilution andcooling,no
correspondinggil exists. Consequentlythefalselydetected
headremainsunpairedandis rejected.

6 Conclusionand Future Work

In this paperwe proposea novel motion-basedbject
detectionsystemfor FLIR sequences.Motion is a very
strongcue,especiallyin highly clutteredervironmentsthat
hasnot beenconsidereduficiently in previouswork. The
shortcoming®f the sensorandrequirementdor real-time
processingnduce the needfor a fastand robust system.
Our detectionsystemadaptawvell-known robusttechniques
fromthevisibleto the FLIR domain.An iterative approach,
usedfor the mosttime-costlyoperationjmageregistration,
assuresa scalablealgorithm compledity. We proposea
new methodologyo link the new dynamicinformationand
staticcues,suchas objectpose,enablingthe construction
of more redundantand fault-tolerantsystems. Our algo-
rithm hasbeenimplementedand resultson difficult, real
sequencearepresented.

In future work we want to integratethe presentedly-
namicscenenalysisystemwith existing staticimageATR

Tm = g i\ -

(@) (b)

Figure 11. More results on comple x and diffi-
cult sequences. Reference frames (top row),
diff erences before alignment (middle) and
candidate parts with superimposed pose es-
timates for final pairs (bottom row).

Sensors Analysis Integration Results
ROIs

—= Action
= Multi
Sensor —»= Type
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{ GPS HEgomotioF—» —= Pose

Figure 12. Overview of our proposed future
target detection and recognition system.




systemgsuchas[15]) into acomprehensie system(Figure
12). The shadedox highlightsthe partsof the systemde-
scribedin this paper Togetherwith cuesfrom othermod-
ules, it canbe usedin a Bayesiansensorfusion paradigm
to improve detectionaccuray andreducefalsealarms.In
sucha fusion stagedetectionrecognitionand poseresults
from variouscuessuchasmotion,targetshapesizeor parts
canbeintegratedusinga Bayesiarmeta-classifierThe dif-
ferent paradigmscan be usedto mutually verify their re-
sults and synegetically improve performance.Compared
to existing systemsdynamicsceneanalysisenableghein-
clusion of target action recognition. This action recogni-
tion couldenablemulti-frameanalysisesultssuchasobject
startsandstopsandchangesn acceleratiomnddirectionto
be extractedautomatically Target actionknowledgepro-
videsa high-level abstractiorbasedcon motionanalysishat
hasgreatpotentialto extendandenhancexisting systems.
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