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Abstract

In this paperweproposea systemthat detectsindepen-
dentlymoving objects(IMOs) in forward lookinginfra-red
(FLIR) image sequencestaken from an airborne, moving
platform. Ego-motioneffectsare removedthrougha robust
multi-scaleaffineimageregistrationprocess.Consequently,
areaswith residualmotionindicateobjectactivity. These
areasaredetected,refinedandselectedusinga Bayes’clas-
sifier. Theremainingregionsare clusteredinto pairs. Each
pair representsanobject’sfrontandrearend.Usingmotion
and sceneknowledge we estimateobject poseand estab-
lish a region-of-interest(ROI) for each pair. Edgeelements
within each ROI are usedto segmenttheconvex cover con-
tainingtheIMO. Weshowdetailedresultsonreal,complex,
cluttered and noisy sequences.Moreover, we outline the
integration of our robust systeminto a comprehensiveau-
tomatic target recognition (ATR) and action classification
system.

1 Intr oduction

1.1 Moti vation

Forwardlooking infra-red(FLIR) imagesarefrequently
usedin automatictarget recognition(ATR) applications.
ATR is agenerictermusedfor a varietyof semi-automated
andautomatedoperationsrangingfrom cuinga humanob-
server to potential targets to fire-and-forget. Many re-
searchershaveinvestigatedvariousapproachesto detection,
recognitionandposeestimationof targetsfrom staticFLIR
images.A comprehensive recentreview by Ratches,Wal-�
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ters, Buser and Guentheron techniquesfor image-based
ATR systemscanbefoundin [17].

A varietyof techniquesto detecttargetsin staticimages
have beenproposed.Early work oftenwasdata-drivenand
usedadhocmethodssuchasthresholdingbasedonthecon-
trastof anobjectcomparedto thelocalbackgroundor pixel
statistics.Lateralgorithmsusedknowledge-basedsystems
andtemplatematchingapproaches.More recentresearch
focuseson model-basedapproachesand multi-sensorfu-
sion [16, 18, 5]. While commonATR systemscan track
objectsbasedonaseriesof single-framedetections,motion
hasbeenneglectedasa cueto targetdetectionandposees-
timation. Motion informationcanbe a very strongaid for
finding targetsin images.It canbe motivatedbiologically
to useimagemotionasa low-level segmentationaid rather
thanapost-processingresultfrom singleframeimageanal-
ysis[23]. Consequently, includingdynamicsceneinforma-
tion to a staticATR systemaddsan independentcriterion
thatcansignificantlyincreasedetectionratesanddecrease
falsealarms.

Today, many techniquesexist for themotionanalysisof
visual imagery[6, 2, 14, 13, 20]. Irani andAnandandif-
ferentiatescenesandtheappropriatealgorithmsalonga2D
to 3D continuum[13]. In 2D analysisthescenecanbeap-
proximatedby a flat surfaceandthecamerais undergoing
mainly rotationsandzooms. 3D scenesarecharacterized
by significantdepthvariationsin the sceneanda translat-
ing camera.Motion modelshave to beappropriatefor the
processingenvironment.

In thispaper, wepresentamotion-basedobjectdetection
systemtailoredfor FLIR sequences.Our FLIR sequences
are taken from a moving platform and depict sceneryas
well as independentlymoving objects(IMOs). This case
representsthemostgeneral(andmostdifficult) scenarioof
motionprocessing.Observer-motion(ego-motion)andob-
jectmotionsinducemultiplecoupledmotionsinto theFLIR
images.In our approach,we compensatefor theobserver-
motion,which makesthebackgroundstationary. After re-



moving theeffectsof ego-motion,residualmotionsmustbe
dueto moving objects.We usetheseresidualmotionareas
to detectandsegmentthetargetsandestimatetheirpose.

1.2 FLIR VersusVisible

To detectIMOs in FLIR imagesequences,the sensor
propertieshaveto betakeninto account.Wefaceadditional
challengescausedby thefollowing importantdifferencesto
visualsequences:� FLIR imagerysmoothesout objectedgesandcorners.

This leadsto a reductionof distinctfeatures.� Thegenerationandmaintenanceof kineticenergyusu-
ally heat up a moving object (e.g., friction, engine
combustion). Consequently, moving objectsoftenap-
pearbrighterthanthebackground.� FLIR imagesarenoisyandhave lesscontrast.More-
over, they often containartifactssuchas dirt on the
lens,brightnesswhichfadesoutat theendof thescan-
line, or localsensorfailureat certainpixel locations.� FLIR sequencesarenoteasilyavailable(especiallynot
from controlledexperiments)andhavea lower resolu-
tion. Thesequencesavailableto usare128x128pixels
ascomparedto 512x512pixelsandmoreof standard
visualcameras.� FLIR sequencesareoftentakenunderdifficult circum-
stancesandmayhaveabruptdiscontinuitiesin motion.

Extracting3D structureandmotioninformationfrom an
image is an under-constrainedproblem that can only be
solvedin specialcases(suchasby translationalego-motion
with sufficient scenetexture). Moreover, theaperturemay
limit our view to imageregions with structurethat is in-
sufficient to estimatemotion. Accuratemotion estimation
needsdistinct features– cornersare good, line segments
canbesufficient, but homogeneousareasareuseless.This
is knownasthegeneralizedapertureproblem[21]. Thelim-
itationsanddifficultiesof FLIR imagerymustbetakeninto
account. They demandmore robust (lessnoisesensitive)
techniquesthanvisual sequences.Consequently, we pre-
ferreda 2D robust motion modelto highly noisesensitive
3D approaches.Moreover, FLIR processingis 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 shows a graphicaloverview of our proposed
system.In thefirst module,we compensatefor shortcom-
ings in imagequality suchas low contrast,artifactsand

noise(Section2). Thereafter, weperformrobustmulti-scale
affine imageregistrationto eliminateeffectsfrom the mo-
tion of thecameraplatform(Section3). Then,candidatere-
gionsfor objectpartsareobtainedby analyzingtheresidual
misalignment.Usingpropertiesof thesceneandthesensor,
we remove unlikely regionsandidentify pairsof front and
rearparts. Togetherwith edgeelements,we obtaina con-
vex cover for theIMOs’ locationsin theimage(Section4).
Section5 demonstratesexperimentalresultsandSection6
summarizesthe proposedsystemandsuggestsintegration
into acomprehensiveframework.
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Figure 1. Overview of our independentl y mov-
ing object (IMO) detection system.

2 ImageEnhancement

Sincemotionprocessingis noisesensitiveandFLIR im-
agesare of a low quality, we enhancethe imagesto re-
ducemisleadingshortcomingsbeforeproceedingwith the
motion-basedobject detectionand analysis. In images
recordedfrom a moving platform,artifactsappearascan-
didatesfor independentlymoving objectssincethey do not
movecoherentlywith thesceneleadingto falsealarms.To
preventthis, theincomingframesarefilteredbeforefurther
processing.Locationswith artifactsrarely undergo small
modifications(suchasGaussiannoise),but oftenhavecom-
pletelyerroneousgray-levelvalues(suchassalt-and-pepper
noise).Consequently, amorphologicfilter (suchasanorder
statisticfilter) is moresuitablethana linearfilter (suchasa



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

FLIR imagesarebasedon the thermalelectro-magnetic
spectrum. Differenceswithin a scene’s backgroundare
rathersmall comparedto differencesbetweenbackground
andobjects.This leads,in general,to avery low contrastin
mostof theimagearea.In orderto enhancethebackground
featurepointsthatwill beneededlaterto properlycompen-
satefor imagemotion,we normalizethecontrastfor anin-
comingframebyhistogramequalization.Thistechniquere-
mapsthegray-level values(orderpreserving)in the image
suchthat the cumulative histogramhasan approximately
linear slope. In the next sectionwe will discusshow the
effectsof cameramotion are removed from the enhanced
sequence.

3 Robust Multi-scale Affine Registration

Moving objectsinducemotion in an imagesequence.
Since their image motion is independent(and different)
from the image motion causedby the camera’s move-
ment,they arereferredto asindependentlymoving objects
(IMOs). In the caseof airborneimagery, the objectsare
moving on the ground and appearrather small. Conse-
quently, thebackgroundof thescenewill covermostof the
image.Thedominantmotionexplainsmostof theapparent
motion in an image. The backgroundin the imageunder-
goesdisplacementcausedby theobserver’s movement(or
ego-motion)and,hence,constitutesthe dominantmotion.
Whenego-motionprevails over mostof the image,IMOs
canalsobeunderstoodasobjectswhosemotionviolatesthe
dominantmotionmodel.In orderto detectsuchobjects,we
removetheeffectsof theprevailing (dominant)motionfrom
thesequence.This leavesonly theeffectsof secondaryand
smallermotions(theindependentmotions).

Dueto thehigh noiseandtheeventuallylargedisplace-
ments,we have to usethe entire imageand can not rely
on a windowed approachto compensatefor motion. 3D
(or moreprecisely2.5D)modelsrequirea depthmapfrom
thescene.This depthmapcanbeeithergivenor estimated
from thesequence,if sufficient translationalego-motionis
present[1, 13]. While 3D modelshave a small modeler-
ror (bias),they areproneto highestimationerror(variance)
due to their high numberof degrees-of-freedom(one un-
known depthparameterfor everylocationin theimageplus
rigid-motionparameters).The2D affine modelwith its six
degrees-of-freedomprovidesa good balancefor the bias-
variance-tradeoff, especiallywhen consideringthe FLIR
shortcomingsandthenoisesensitivity of motionestimation.
An estimatoris robustif outlierscannot arbitrarilyworsen
the estimate.By applyingrobust statistics[12] to motion
estimation[6], thedominantmotionestimatecanbemade

invariantto smallmodel-violationssuchasIMOs or minor
depthdiscontinuities(parallax).Theselectionof themotion
modelis crucialto thesuccessof compensatingfor camera
motion.

Thereareseveral waysto estimateandcompensatefor
thedominantobserver motion. Feature-basedmotionesti-
mation [24, 7, 20] seemsinappropriatebecausevery few
featuresare present. Thesetend to be IMOs and would
consequentlydisturb the ego-motionestimation. Abrupt
strokes to the cameramake spatio-temporalfiltering ap-
proaches[22] ineffective, too. Thebestmethodappearsto
be a registrationtechniquethat usesthe entire imageand
is able to handlelarge displacementswhile being robust
againstthe violations by object motion. Sincethe mov-
ing objectsarevery small in airborneimages(maximally
10%of imagearea),we canassumethatcameramotion is
thedominantmotion in thescene.For our system,we use
theentireimagein a robustmulti-scaleaffine imageregis-
tration [4]. This alignsa frame � to a referenceframe ��� ,
assuminganaffine transformationof thehomogeneousco-
ordinates[10] asdescribedin equation1.�	�
 �� �
 ����������	�
� 
 �� (1)��� �	����������� �"!#��$���%& & 
 �� (2)

We alwaysusethemostrecent(current)frameastherefer-
enceframe. Themotion transformation

�
is estimatedin

four stages[4], asdescribedin thefollowing subsections.

3.1 Pyramid Construction

A Laplacianimageresolutionhierarchyis createdto al-
low processingon variousspatial frequencieslevels. In
a Laplacianpyramid, the image is decomposedinto one
low-resolutionlow-passfilteredimageandmultiplehigher-
resolutionlayersencodingthe higherfrequencies[8]. We
startmotionestimationatthelowestresolutionlevelandex-
pandandrefinethe resultslayerby layeruntil theoriginal
resolutionis reached.

3.2 Motion Estimation

Most motion estimationparadigmsarebasedon image
intensityconservation. Intensityconservationassumesthat
duringasufficiently smalltime ' , nointensitypatternin the
imagegetslost. However, it maygetdisplacedby ( and )
in



and � directionasexpressedby equation3, whichwas
proposedby HornandSchunkin [11].�+*-, 
/. �10 � �2*43/56, 
87 (9*:, 
/. �10 . � 7 );*+, 
<. �60=0 (3)



� � � * and ��� � � *43>5 representthe imageintensityas
a function of , 
<. �60 at time ? and ? 7 ' , respectively. In
eachlayer of the Laplacianpyramid, motion is estimated.
We usean iterative estimatorthat minimizesthe sum-of-
squareddifferences(SSD)betweenthe referenceframe � �
andtheregisteredframe @� ����� � .

The initial motion guessis ‘no motion’ and,hence,the
transformationmatrix equalstheunity matrix at iteration

&
(

�BAC�ED
). TheSSDis anerrormeasurebasedontheinten-

sity conservationassumption[11] anddefinedat iteration F
asfollows:

SSDG �IH J�K L ,M� �ON @��G 0 � (4)

UsingtheGauss-Newtonmethodto minimizetheSSDerror
in respectto themotionparameters,weobtainanincremen-
talparameterupdatePQG for @� G asgivenbyequations5,6and
7. P�G � N�R"S J�K L<TVU ,XWY� 0 ,XWY� 0 UZTV[]\ � �� R^S J�K L<TVU ,_WY� 0 ,a`b�+G 0 [ (5)

@� G �dcfe�  e� � e� � e� % e� ! e� $hg U (6)T �ji 
 
 � & & && & & 
 
 �lk (7)

Theresidualerror `b�+G is computedasthepixel-wisediffer-
encebetweenthereferenceframeandtheregisteredframe`b�2G � � � N @��G . TheimagegradientWm� is approximatedby
filtering the imagewith theSobelkernel[19] for thehori-
zontalandverticaldirection(Figure2).

Figure 2. Sobel edge filter . Linear filter ker-
nels for



- and � -direction.

3.3 ImageWarping

Thecurrentmotionestimate

� G at iteration F is usedto
warptheearlierimage � so it matchesthereferenceimage�+� . We employ a standardwarpingtechniqueusingbilinear
interpolation.Thewarpedimage

e� G �n� G � � is usedin-
steadof theoriginal frame � andthemotionestimationpro-
cessis repeated.Motion estimationandimagewarpingare

iteratedwith theupdatedimage

e�+G andthereferenceframe�+� . Iterationis terminateduponreachinga fix-point for the
motionestimate( P G � & ) or themaximumnumberof iter-
ations.Theselectionof themaximumnumberof iterations
dependson the expectedmagnitudeof inter-framemotion
(typically between3 and10 iterations).

3.4 Refinement

Theestimatesarerefinedby expandingtheresultswithin
the resolutionpyramid in a coarse-to-finefashion(Figure
3). Thispreventsaliasingof highspatialfrequency compo-
nentsthatundergo largemotionsandminimizestheoutlier
sensitivity. It alsospeedsupthemotionanalysissincefewer
iterationsarerequiredateachresolutionlevel [4, 3].

Initial Motion Processing

Original Image

Expansion

Expansion

Refinement

Figure 3. Illustration of coar se-to-fine motion
processing.

4 Locating Moving Objects

4.1 ChangeDetectionand RegionRefinement

After the effectsof cameramotion have beenremoved,
the remainingregions with significantchangesmay con-
tain IMOs. To determinewhich regionsexhibit significant
change,we first computethe differenceof the currentim-
age(thereferenceimage)to aregisteredframefromthepast
(e.g.,

&6oqp
secondsago or 5 framesat 25 framesper sec-

ond).Thetimedifferencebetweentheframesmustbelong
enoughsotheIMO movessignificantlybetweenthem,(e.g.,
its movementis detectablein theimageconsideringresolu-
tion andtargetdistance).Locationsexceedinga threshold
differenceareconsideredoutliersto thebackgroundmotion
and constituteour initial changeregions. Theseare then
processedwith morphologicaloperationssuchas erosion
(eachpixeladoptsthelowestvaluein its neighborhood)and
dilation(eachpixel adoptsthehighestvaluein its neighbor-
hood). Iterative applicationof openingoperations(erosion



followedby dilation) in a3x3neighborhoodeliminatessin-
gletonsandsmallregions.Theopeningis repeateduntil the
imagenolongerchanges.A final dilatationoperationgrows
theremainingregions.�2r � dilate,tsvuxwG�y{z |+} , openG , bin ,M� �~N ��� � 0=0�0=0 (8)

The resultingimage � r containsthe candidateregionsfor
IMO parts.

4.2 RegionSelectionand PoseEstimation

Somecandidateregionsmaynotcorrespondto amoving
object.For example,heavy noise,artifactsor partialsensor
failurecould inducesuchfalsealarmregions.To eliminate
falsealarms,we computefour features�^� K � to �^� K ! for each
candidateregion in � r . The symbol �8� denotesthe setof
pointsin aparticularregion � . The � -th (central)momentum
of ��� is denoted� A � ( � �� ).���� ����� ,X��� N�� ����� �8�4� 0

�
� (9)� � K � � � A � �

mean (10)� � K � � � �� �
variance (11)�^� K  � ��������� � �� ��� �
skewness (12)� � K ! � ��������� � �� � � �
kurtosis (13)

Basedon thesefeatureswe decideif a region will be pro-
cessedfurther or rejectedas a false alarm. Due to the
severely deterioratedimagequality at the right and lower
borders(endof scan-line),we want to reject regionscen-
teredvery closeto any imagemargin. Moreover, sizeand
symmetryand compactnesscan be usedto exclude other
falsealarms.All thesepropertiesarecapturedby the four
region features. We usethem in a Bayesianapproachto
make a decision� � regardingtheselectionor rejectionof a
candidateregion � basedon its likelihoodof beingcaused
by a moving object.

The a posteriori probability that the region � is part of
a target, given its featurevector � � is denoted�8,M� �¡  � � 0 .
The a posteriori probablilities �8,4�>¢   �^� 0 arecomputedus-
ing Bayes’ruleandthelaw of total probabilityasshown in
equation14.�8,M�>¢   �^� 0 � £ ,X�Q�   �>¢ 0 � �8,4�>¢ 0S¥¤ £ ,X� �   � ¤ 0 � �8,M� ¤ 0 (14)

Theprobabilitydensities
£ ,M� �   � ¢ 0 areassumedto be mul-

tivariateGaussiandensities.Their parameters¦ ¢ and § ¢
arecomputedasmaximum-likelihood(ML) estimatesfrom
supervisedtraining sequences.The a priori probabilities

�8,4�>¢ 0 arealsoobtainedfrom the trainingdataasthe rela-
tive frequenciesof targets.�~� �©¨dª�«�¬ w ª¡­ ¢6,M�8,4�>¢   �^� 0=0 if w ª�­ ¢1,M�8,M�>¢   �^� 0�0�®f¯

reject else
(15)

For eachregion, we make a decision �O� (target or false
alarm)basedonthea posterioriprobabilitiesandtheconfi-
dencethreshold̄ accordingto thedecisionrule (equation
15). If falsealarmsareto beavoided,̄ shouldbeincreased.
Conversely, if misseddetectionshave a high cost, ¯ should
bedecreased.This decisiondependson thecostof a false
alarmcomparedtoamisseddetection.All regionsnotmeet-
ing theminimumconfidencerequirement̄ areunlikely to
bemoving objects.Hence,thesearerejectedandremoved
for further processing.The remainingregions are the fi-
nal IMO part regions. Throughthe growing processthey
now includethe adjacentboundariesof the corresponding
objects. Onekey propertyof infra-redsensorsis that tar-
getsor theirparts(especiallytheirhot-spotssuchasengine,
exhaust)appearbrighterthanthebackground.Sincethese-
quencesarerecordedfrom airbornesensors,we arenever
on thesameplaneasthetargets.This assuresthatthefront
andrearpartsof regularvehiclescannot behiddendueto
self-occlusion.We candistinguishfour casesof objectmo-
tion andtheir resultingFLIR inter-frameintensitychanges:

objectis in front of object behindobject

appearing becomesbrighter notobservable
moving visible becomesbrighter becomesdarker
disappearing notobservable becomesdarker

moving occluded notobservable notobservable
Wecall thefront of theIMO in thedirectionof its move-

mentthehead(andtheotherendis thetail). Consequently,
anIMO region wheretheintensityincreasedafterregistra-
tion to thelater image’s frameof referencewill containthe
head. Conversely, a darkeningregion in the later image’s
frameof referenceis aregionthatthetail justvacated(right
behindtheIMO). This informationnotonly givesusagood
indicationof thelocationof certainobjectparts,but alsoal-
lowsusto obtainaroughestimateof theobject’sposein the
image.

In caseof multiple moving objects, we have to find
matchingpairs of final regions. This requiresclustering
the detectedregions into pairsconsistingof a headanda
tail region each.This alsohelpseliminatemisdetectedre-
gions(falsealarms)sinceit is very unlikely that thereis a
matchingregion to form a valid pair. To establishpairs,we
assumethat the distancefrom oneobject’s front to its tail
is smallerthanfrom any of its partsto thecontrarypartof
any anotherobject. All possiblepairs (combinationsof a
headanda tail) areconsideredandrankedby the distance
measure

£ � K ° asgivenby equation16.£ � K ° ��± �^� K � N � °:K � ± (16)



Startingfrom the closestmatch(lowestranking),we now
successively assigntwo regions to eachpair. Sinceeach
regioncanbein only onepair, thisaccomplishesthedesired
clustering.Excessheador tail regions(falsealarms)remain
unpairedandaredroppedat thisstage.

Let usassumethata matchingpair of a headandtail re-
gionhasbeenfound.We canapproximatetheobject’spose
in the imageby the direction ²]� of the straightline from
thecentroidof theobject’sheadto thetail. In ournotation,²<� � & and ²]� ��³ & representthedirectionsstraightupand
straightto the right, respectively. For the typical airborne
surveillanceapplication,let us assumean elevatedcamera
with a largefocal distance( ´ � uxµ6¶ or parallelprojection)
lookingforwardatanobjectonaplanarsurfaceasdepicted
in Figure4. This scenegeometrycanbe usedto link the
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Distance

Figure 4. Scene geometr y for planar surface
and elevated obser ver.

imagepose²]� to thetrueobjectpose² . Thetruepose² is
definedhereasthedirectionof thevehicle’sheadingon the
groundplanein respectto theobserver.· ª µ/,M² 0 � · ª µ/,M² � 0 �Q¸ uxµ/,4¹ 0 (17)

distance

� · ª µ/,4¹ 0 � altitude (18)

Theseequationscan be rewritten to obtain a universal
closed-formsolutionfor ² usingthefunctionatan, whichis
a generalized

ª�«:º · ª µ functionthatcomputesananglefrom
averticalandahorizontalcomponent.Approximateknowl-
edgeof thecamera’selevationabovethegroundplane(alti-
tude)andits distanceto theobjecton thegroundallows us
to compute² asfollows:² � atan, ¸ uvµ/,M² � 0 ��¸ uxµ<, atan, altitude

.
distance0=0 . º+» ¸ ,X² � 0�0

(19)
Figure5 shows a contourplot of the trueobjectposeas

a functionof thedistance-to-altituderatioandtheprojected
objectposein degrees.Thetrueposeangles² � & , ² ��³ & ,
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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 ² � . Lines sho w
locations of equal true object pose ² .

² � 
Q¼�& , ² � N ³ & correspondto thevehiclepointingout-
bound,to the right, inbound,and to the left in respectto
theobserver. For distance½ altitude

� &
theobserver is ex-

actly above the objectand,hence,perceivesthe true pose
( ²]� � ² ). With increasingdistanceat constantaltitudethe
motion componentin z-directionbecomeslessvisible. In
the limit, only strict left ( N ³ & degrees)and right (

³ &
de-

grees)movementcanbeperceived. This graphalsoshows
that in high distance½ altitudescenarios,small imagepose
estimationerrorsaround

³ &
and N ³ & degreesresultin large

trueposeestimationerrors.Froma longdistance,it is hard
to visuallyestimateif anobjectis moving in- or outbound.

4.3 EdgeExtraction and Segmentation

As wehave just seen,theIMO regionsindicatethefront
or rear part of the moving object However, not all parts
of the objectareincludedinto thesetwo kinds of regions.
Motion of homogeneouslyintenseareas,for example,can
not be observed. How canwe find the entireobject from
the IMO part pairs? We have to resortto anotherfeature
domain,sincepuremotion informationis not sufficient to
solve this problem.Gray-level edgesin the imagecanpro-
vide anindicationof anobject’s boundaries.In thecaseof
partialocclusion,we interprettheobstruction-objectborder
astheobjectboundary. Independentlyfrom themotionde-
tection,we extract the edges[9] from the referenceframe
basedon the Sobelapproximationof the derivative [19].
This canbedonein parallelwith thechangedetection.At
this point we assumethat theobjectsprojectto convex re-



gionsin the imagewith (eventuallyonly partially) visible
objectboundariesin thedirectionof motion. Even though
the convexity assumptionmay not hold for all objects,its
violation leadsto thedetectionof theconvex part,which is
usuallysufficient. SincetheIMO regionsweregrown, they
now includetheobjectboundaries.Theedgein theheadre-
gioncorrespondsto theIMO’sfrontend,andtheedgein the
tail regionto therearend.Consequently, locationsfulfilling
bothconstraints,lying within anIMO regionandbeingclas-
sifiedasanedgelocation,aretheboundarylocationsof the
object. Using the convexity assumption,the convex cover
of the boundaryregionsconstitutesthe desiredregion-of-
interest(ROI) containingthe independentlymoving object
(IMO).

5 Results

Figure6 shows two FLIR frames(top row) anddetected
IMOs (bottomrow) andFigure7 depictsa spatio-temporal
view of theentiresequence.During frames1 to 30,a truck
(theIMO) approachesthetankthatsits in thecenterof the
image. The elevatedcameragraduallycomescloser. At
frame 34, the camerawas struck, resulting in an abrupt
spatio-temporaldiscontinuityof the data. Thecamerafix-
atesbackat frame38, but until the last frame79, the se-
quenceis unstable,with large inter-frame displacements.
During this interval, thetruck stopsbriefly andchangesdi-
rection,driving towardtheobserver. Thesequencedemon-
stratesamixtureof continuoustranslationalandabrupt,un-
steadyrotationalcameramotion.

Figure8 illustratesthesuccessof the frame-wiseregis-
tration to stabilizethe sequence.Variousspatio-temporal
slicesthroughtheentiresequenceareshown beforeandaf-
ter stabilization. In eachslice the time progressestowards
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 asthecontinuouseffectof the
cameracomingcloser(thediverginglinesin Figure8(a)be-
comeparallelin (b)). It is interestingto notethemergingof
thebright tracesof thesitting tankandthemoving truck in
Figures8(c) and(d). In Figures8(a)and(b), theIMO ‘en-
ters’ the vertical slice late in the sequenceandappearsas
thelowerchipof thebright trace.

The middle row of Figure 6 shows the detectedhead
(black)andregionsbehindtheobject’s tail (gray). Theob-
jects’ estimateddirectionof movement ²]� is indicatedby
the arrows. The final object segmentationobtainedfrom
edgeandmotioninformationis shown in thebottomrow of
Figure6. In frames15and72theIMO is locatedaccurately
andsuccessfullysegmentedfromthestationarycomponents
of the scene. While our systemreliably detectsthe IMO
for mostframesin thesequence,it fails in frame34 when

frame

"¾

frame ¿ p
Figure 6. Detection and pose estimation re-
sults obtained with our system. FLIR frames
^¾

and ¿ p (top row) and the final object par t
pair s with pose arrows (mid dle row). The bot-
tom row sho ws the corresponding ROIs.

Figure 7. Spatio-temporal view of the se-
quence . The data volume’ s slices at ? � 


,? � ¿ ³ , 
 ��À & , and � �lÀ & are sho wn.



(a) (b)

(c) (d)

Figure 8. Effectiveness of ego-motion com-
pensation. Vertical slices at


 �ÁÀ &
(upper

row) and horizontal slices at � �ÂÀ &
(lower

row) before (left column) and after stabiliza-
tion (right column).

the camerais struckheavily. This inducesan abruptand
largedisplacementof theentirescenethatcannot becom-
pensatedwith theregistrationmodule.Consequently, many
scenefeaturesappearascandidatepartsandno objectsare
detected.

Figure 9 shows several intermediateprocessingresults
for frame15. In Figure9(a) theoriginal pixel-wisediffer-
ence `b� A of the currentreferenceframe 15 and the pre-
vious frame 8 is shown. The differencedepictedranges
from black (strong decrease)over gray (no change)to
white (strongincrease).After multi-scaleregistration,the
observer-motionis removedandtheerrorsin thedifference
image(Figure9(b))aredueto IMOs. Theinitial regionsfor
IMO parts(Figure9(c)) arerefinedthroughmorphological
operationsto obtainthe candidateIMO part regions(Fig-
ure9(e)).Candidateregionsareselected(which in thiscase
removesthe falsealarmregionsat themargin) andpaired.
Edges(Figure9(d)) within valid pair regionsconstitutethe
IMO boundariesas shown in Figure 9(f). From an over-
all perspective we obtainexcellentresults,especiallywhen
consideringthequalityof theFLIR sequence.Thevehicleis
detectedandsegmentedsuccessfullyandaccuratelyduring
mostframesof thesequence.Figure10showstheobtained
poseestimatesbasedexclusively on imagemotion.Thees-
timatedposechangesfrom approximatelyN ¼;¾ to N 
 ¿ ¾ de-

(a) (b)

(c) (d)

(e) (f)

Figure 9. Steps in the processing at frame

"¾

.
(a) Original diff erence of frames

¼
and


^¾
. (b)

After affine multi-scale registration. (c) Initial
IMO par ts. (d) Edge map. (e) Candidate IMO
par ts. (f) Final IMO boundar y par ts.

grees.This correctlyrepresentsthetrucks’ left turn action.

Resultsfor two othercomplex anddifficult sequencesare
shown in Figure11. The top row shows a referenceFLIR
frame.Thedifferenceto thepreviousframebeforeregistra-
tion is depictedin the middle row to illustrateoverall mo-
tion effects. In thebottomrow thecandidatepartpairsare
shown. Final partpairsareoverlaidwith a poseindication
arrow. Theframeshown on theleft (Figure11(a))contains
two moving objectsin a highly clutteredscene(roadand
trees),a tank moving rapidly to the right andanotherob-
jectmoving towardstheupperleft of theimage.StaticATR
systemsandevenhumanobserversmayhavedifficultiesde-
tectingthe targetsin this image.Our dynamicsystemsuc-
cessfullydetectsboth objects’ headand tail 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 rejectedlater, sinceit cannotbe
paired.Thesequenceon theright-handside(Figure11(b))
shows a tankmoving acrossan unobstructedfield towards
the observer. The systemsuccessfullydetectsthe heated
right wheelsandgivesa goodestimateof thetankpose.It
canalsobe seenthat the hot exhaustfumesinducea false
alarmby appearingto bea headpart. However, the fumes
do not follow rigid motion. A heatedgeappearson the
fumes’front but, dueto thegradualdilution andcooling,no
correspondingtail exists.Consequently, thefalselydetected
headremainsunpairedandis rejected.

6 Conclusionand Future Work

In this paperwe proposea novel motion-basedobject
detectionsystemfor FLIR sequences.Motion is a very
strongcue,especiallyin highly clutteredenvironments,that
hasnot beenconsideredsufficiently in previouswork. The
shortcomingsof the sensorandrequirementsfor real-time
processinginduce the needfor a fast and robust system.
Our detectionsystemadaptswell-known robusttechniques
from thevisibleto theFLIR domain.An iterativeapproach,
usedfor themosttime-costlyoperation,imageregistration,
assuresa scalablealgorithm complexity. We proposea
new methodologyto link thenew dynamicinformationand
staticcues,suchasobjectpose,enablingthe construction
of more redundantand fault-tolerantsystems. Our algo-
rithm hasbeenimplemented,andresultson difficult, real
sequencesarepresented.

In future work we want to integratethe presenteddy-
namicsceneanalysissystemwith existingstaticimageATR

(a) (b)

Figure 11. More results on comple x and diffi-
cult sequences. Reference frames (top row),
diff erences before alignment (mid dle) and
candidate par ts with superimposed pose es-
timates for final pair s (bottom row).
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Figure 12. Overview of our proposed future
target detection and recognition system.



systems(suchas[15]) into acomprehensivesystem(Figure
12). Theshadedbox highlightsthepartsof thesystemde-
scribedin this paper. Togetherwith cuesfrom othermod-
ules, it canbe usedin a Bayesiansensorfusion paradigm
to improve detectionaccuracy andreducefalsealarms. In
sucha fusionstagedetection,recognitionandposeresults
from variouscuessuchasmotion,targetshape,sizeor parts
canbeintegratedusinga Bayesianmeta-classifier. Thedif-
ferent paradigmscan be usedto mutually verify their re-
sultsandsynergetically improve performance.Compared
to existing systems,dynamicsceneanalysisenablesthein-
clusion of target action recognition. This action recogni-
tioncouldenablemulti-frameanalysisresultssuchasobject
startsandstopsandchangesin accelerationanddirectionto
be extractedautomatically. Target actionknowledgepro-
videsahigh-level abstractionbasedonmotionanalysisthat
hasgreatpotentialto extendandenhanceexistingsystems.

Acknowledgement

Wewould liketo thankDebiPaxtonfor herassistancein
editingthispaper.

References

[1] G. Adiv. Determiningthree-dimensionalmotionandstruc-
turefrom opticalflow generatedby severalmoving objects.
IEEETransactionsonPatternAnalysisandMachineIntelli-
gence, 7(4):384–400,1985.

[2] J. K. Aggarwal andN. Nandhakumar. On thecomputation
of motionfrom sequencesof images:A review. Proceedings
IEEE, 76:917–935,August1989.

[3] R. Battiti, E. Amaldi, and C. Koch. Computingoptical
flow acrossmultiplescales:anadaptive coarse-to-finestrat-
egy. InternationalJournal of ComputerVision, 6(2):133–
145,1991.

[4] J. R. Bergen,P. Anandan,K. J. Hanna,andR. Hingorani.
Hierarchicalmodel–basedmotion estimation. In Proceed-
ingsEuropeanConferenceonComputerVision,Berlin,Ger-
many, volume588of LNCS, pages237–252.Springer, May
1992.

[5] B. Bhanu, D. E. Dudgeon,E. G. Zelnio, A. Rosenfeld,
D. Casasent,andI. S.Reed.Introductionto thespecialissue
on automatictargetdetectionandrecognition.IEEE Trans-
actionson Image Processing, 6(1):1–6,January1997.

[6] M. J.Black andP. Anandan.Therobustestimationof mul-
tiple motions:Parametricandpiecewise-smoothflow fields.
ComputerVision and Image Understanding, 63(1):75–104,
January1996.

[7] W. Burger andB. Bhanu. Estimating3-D egomotionfrom
perspective imagesequences.IEEE Transactionson Pat-
tern AnalysisandMachineIntelligence, 12(11):1040–1058,
November1990.

[8] P. Burt andE. H. Adelson.Thelaplacianpyramidasacom-
pact imagecode. IEEE Transactionson Communication,
COM-31(4):532–540,April 1983.

[9] J.Canny. A computationalapproachto edgedetection.IEEE
Transactionson PatternAnalysisandMachineIntelligence,
8(6):679–698,November1986.

[10] J. D. Foley, A. van Dam, S. K. Feiner, and J. F. Hughes.
ComputerGraphics: Principles and Practice. Addison-
Wesley, Reading,MA, 1990.

[11] B. K. P. Horn andB. G. Schunk. Determingoptical flow.
Artificial Intelligence, 17:185–203,1981.

[12] P. J.Huber. RobustStatistics. Wiley, New York, 1981.
[13] M. Irani and P. Anandan. A unified approachto moving

object detectionin 2D and 3D scences. IEEE Trans. on
PatternAnalysisandMachine Intelligence, 20(6):577–589,
June1998.

[14] C. H. Morimoto,D. Dementhon,L. S.Davis, R. Chellappa,
and R. Nelson. Detectionof independentlymoving ob-
jectsin passivevideo. In Proceedingsof IntelligentVehicles
Workshop,Detroit, MI, pages270–275,September1995.

[15] D. Nair andJ.K. Aggarwal. A focusedtargetsegmentation
paradigm. In Fourth EuropeanConferenceon Computer
Vision, volume 1, pages579–588,Cambridge,UK, April
1996.

[16] N. NandhakumarandJ. K. Aggarwal. Multisensorycom-
putervision. Advancesin Computers, 34:60,1992.

[17] J. A. Ratches,C. P. Walters,R. G. Buser, andB. D. Guen-
ther. Aidedandautomatictargetrecognitionbaseduponsen-
soryinputsfromimageformingsystems.IEEETransactions
on PatternAnalysisandMachine Intelligence, 19(9):1004–
1019,September1997.

[18] S. Rogers,J. Colombi, C. Martin, J. Gainey, K. Fielding,
T. Burns,D. Ruck,M. Kabrisky, andM. Oxley. Neuralnet-
works for automatictarget recognition. Neural Networks,
8(7–8):1153–1184,1995.

[19] I. E. Sobel.Camera ModelsandMachinePerception. PhD
thesis,StanfordUniv., 1970.

[20] P. H. S.Torr andA. Zisserman.Concerningbayesianmotion
segmentation,model averaging,matchingand the trifocal
tensor. In Fifth EuropeanConferenceon ComputerVision,
Freiburg, Germany, June1998.

[21] B. A. Wandell. Foundationsof Vision. SinauerAssociates,
Inc.,1995.

[22] J.Y. A. WangandE. H. Adelson.Spatio-temporalsegmen-
tationof videodata. In Proceedingsof SPIEon Image and
Video ProcessingII, vol 2182, SanJose, pages120–131,
February1994.

[23] A. H. Wertheim.Motion perceptionduringself-motion:The
direct versusthe inferential controversy revisited. Behav-
ioral andBrain Sciences, 17:293–355,1994.

[24] Q. Wu. A correlation-relaxation-labelingframework for
computingopticalflow – templatematchingfrom anew per-
spective. IEEE Transactionson Pattern Analysisand Ma-
chineIntelligence, 17(9):843–853,September1995.


