Real-Time Feature Tracking and Outlier Rejectionwith Changesin Illlumination
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Abstract

We developan ef cient algorithmto track point features
supportedyimage patchesundegoingaf ne deformations
and changesin illumination. Thealgorithmis basedon a
combinednodelof geometryand photometrythatis usedto
track featuresas well as to detectoutliers in a hypothesis
testingframavork. Thealgorithm runsin real time on a
personalcomputerandis availableto the public.

1 Intr oduction

Tracking the deformationof imageregions hasproven
to be an essentialcomponentof vision-basedsystemsin
a variety of applicationsrangingfrom control systemg7]
to human-computeinteractiond3], medicalimaging[1, 8]
andmosaicingjustto mentionafew. In visualtrackingthe
main interestgoesto establishregion correspondencese-
tweenimagesobtainedrom a moving cameraOncecorre-
spondencéasbeenestablishedthe temporalevolution of
the deformationof eachregion can be used,for instance,
asa combinedmeasuremerdf motionandstructureof the
scene.To this endit is importantfor featurego betracked
reliably for aslong aspossible.Thelongerthebaselineand
the smallerthe error, the more accuratethe reconstruction
[2]. A populartechniquefor visual tracking on unstruc-
turedsceness to minimize the sumof squaredifferences
of imagesintensities,usuallyreferredto asSSD matching.
Much work hasbeenbasedon this principle, startingwith
the pioneeringwork of Lucasand Kanade[6] that estab-
lishesmatchingbetweenframesadjacentin time. As Shi
and Tomasinote[9], interframematchingis not adequate
for applicationswherethe correspondenctor a nite size
imagepatchover along time spanis neededlndeed,inter-
frametrackingis proneto cumulative error whentrajecto-
riesareintegratedovertime. Onthe otherhand,whencon-
sideringmatchingover long time spansthe geometricde-
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formationsof imageregionsbecomesigni cant and more
complex modelsare necessary Shi and Tomasishow that
the afne transformationis a goodtradeof amongmodel
compleity, speedandrobustness.

However, SSDor correlation-basetrackingalgorithms
usuallyassumehatthechangesn thesceneappearancare
only dueto geometriddeformationsThus,whenchangesn
illumination arerelevant,theseapproachegendto perform
poorly. HagerandBelhumeuiin [4] describean SSD-based
tracker that compensate$or illumination changes. Their
approachs dividedinto threephases:rst atargetregionis
de ned, thena basisof referencaemplatedor the illumi-
nationchangeas acquiredandstored,and nally trackingis
performedbasedon theprior knowledgeof thetemplates.

In orderto decidewhethertracking of a featureis fea-
sible or not, it is necessaryo monitorits quality alongthe
sequenceShiandTomasi[9] proposedarule basedonthe
imageresidual,which they called“dissimilarity”, thatdis-
cardsfeaturesvhenthe estimationof the displacemenpa-
rametersannotbe performed-eliably. Along thisdirection
Tommasiniet al. [10] proposeda robust methodto detect
andrejectoutliers. They usethe X84 rule borroved from
robust statistics which achievesrobustnesemploying me-
dian and mediandeviation insteadof the usualmeanand
standardieviation.

As computersarebecomingmoreandmorepowerful, a
growing rangeof applicationscanbe implementedn real-
timewith all thebene tsthatfollow. Forinstancestructure
from motion algorithmshave beenimplementedasfastas
30framespersecond5]. Suchsystemsaisefeaturetracking
asmeasurementand hencespeeds of paramounimpor-
tance.Furthermoreyisualtrackersthatdo notrely on prior
knowledgeon the structureor motion of the sceneandare
insensitve to ervironmentalchangesfor instancellumina-
tion, opento awide variety of applications.

In thispapemwe proposesystenthatperformseal-time
visualtrackingin the presencef illumination changesNo
off-line computationsr prior assumptionaremadeeither



on structureor illumination of the scene.Finally, we pro-
vide a principledmethodto rejectoutliersthatdonot t, for
instanceat occludingboundaries.

2 Imagedeformation models
2.1 Geometry
Let bethecoordinateofapoint onasurface inthe

scene.Let be the projectionof ontheimage
plane,where , dependingon theimagingprocesscanbe

aperspectie projection: — — , oraspherical
projection: —. We will not make distinctions
betweenthe homogeneousoordinates and

the 2-D coordinates denotesthe intensity
valueatthelocation of animageacquiredattime . Away
from discontinuitiesn , generatedor exampleby occlud-

ing boundariesthe deformationf theimagesof canbe
describedasimagemotion:

1)
where istheregionof interestn theimage,and is,in

general,a nonlineartime-varying function which depends
onanin nite numberof parameter¢thesurface ):

(2)

where is a rigid changeof coordi-
natesbetweenthe inertial referenceframe, that we choose
to coincidewith thecameraeferencesystemattime , and
themoving referencdrame(attime ).

Clearly, having real-time operationin mind, we need
to restrictthe classof deformationgo a nite-dimensional
onethatcanbe easilycomputed.The mostpopularfeature
trackingalgorithmsrely on a purelytranslationamodel:

3)

where is awindow of a certainsize,and is the 2-D
displacemenof ontheimageplane. This modelresults
in very fastalgorithms[6], althoughfor it to be valid one
hasto restrict the size of the window, therebylosing the
bene cial effectsof averaging. Typical sizesfor windows
rangefrom to , dependingon the compleity
of the scene the samplerate of the frame grabberandthe
resolutionof the frame grabber beyond which the model
is easily violated after a few frames. Therefore,a purely
translationaimodelis only valid locally in spaceandtime.
A richer modelcanbe obtainedby consideringeuclidean
transformationf the plane,i.e. where

describesa rotationon the plane. A slightly
richermodelwherethe lineartermis not restrictedto be a
rotation,is anafne transformation:

(4)

where is a generallineartransformatiorof the
planecoordinates , is the2-D displacementand is
thewindow of interest.Thisaf ne modelhasbeernproposed
andtestedby Shiand Tomasi[9].

Becausef imagenoise theequation(1) in generadoes
nothold exactly. If themotionfunction canbeapprox-
imatedby a nite setof parameters, thentheproblemcan
beposedasto determine suchthat:

(5)

for somechoiceof norm , where in the
translationabndaf ne modelrespectrely. Noticethatthe
residualto be minimizedis computedn the measurements
(i.e.imageintensity).

2.2 Photometry

In real ervironmentsbrightnessor contrastchangesare
unavoidablephenomenghatcannotalwaysbecontrolled.It
follows thatmodelinglight changess necessaryor visual
trackersto operatdn a generakituation.

Considera light source in the 3-D spaceandsuppose
we areobservingasmoothsurface . As Figurel explains,

Light Source

Tangent Plane

Image Plane

Figure 1. Imageformationprocesswvhenillumina-
tion is takeninto account:the intensityvalueat on
theimageplanedependsn generabnthelight dis-
tribution, the obsenerposition,the surfacenormal
at andthealbedofunction of

theintensityvalueof eachpointontheimageplanedepends
on the portion of incominglight from the source thatis
re ected by the surface , andis describedy the Bidirec-
tional Re ectanceDistribution Function(BRDF).Whenthe
light source isfarenoughfromthesurface ,theincident
light raysareapproximatelyparallel. In a similar manner
if the obsereris far enoughfrom the surface , the view-
ing anglefor eachpointonthe surfacecanbeapproximated



with aconstantFinally, we assumehatfor apoint onthe
smoothsurface , it is possibleto considera neighborhood
around suchthat normalvectorsto  do not change
within ,i.e.in thesurfaceis aplane.
Undertheaboreassumptionsgndassuminghatthesur
faceis Lambertian,the BRDF simpli es considerablyand
theintensityobsenedatthepoint canbemodeledas:

(6)
where isthealbedofunctionof and
is constantand dependon the anglebetweerthe incident
light directionandthe surfacenormal. On the otherhand,
dueto the cameraautomaticgain (actingon the brightness
parameterpr to re ections coming from neighboringob-
jects, it is necessaryo introducean additive termin the
equation(6) to take into accountfor theseeffects. There-
fore,amoreappropriatanodelturnsoutto be:

()
where is constanfor ary . and canbe
thoughtas parametershat representespectiely the con-
trastandbrightnesshange®f theimage. Wheneitherthe
cameraor the scenes subjectto motion, theseparameters
will changeandsowiill and . Wede ne thefollowing
asour modelfor illumination changes:

(8)

where and arede ned as:

2.3 Computing geometric and photometric pa-
rameters

The combinationof the geometryand photometrygives
thefollowing:

9)
Becausef imagenoiseandbecausdoththeaf ne motion
model and the af ne illumination model are approxima-
tions, equation(9) in generaldoesnot hold exactly. There-
fore, we posethe problemasan optimizationproblem: nd

the parameters , , and thatminimize the following
discrepang:

(10)
where is a weightfunction. Note thatto simplify the

notationswe have droppedthetime index for the param-
eters. In the simplestcase, . However, in gen-
eral, the shapeof dependsn the application. For in-
stancejt canbea bell-like functionto emphasizehe win-
dow center To carryoutthe minimization,we approximate

the modeledintensityusinga rst-order Taylor expansion
around:

(11)
We have:

— (12)
where is the gradientof the imageintensity computed
at collectsthe geometricparameters
and : and ,
where , . — is thederivative of

with respecto . Rewriting equation(12) in matrix form,
we have:
(13)

where ,
and and arethe coordi-
natesof
The problemreducesto determining for eachpatch.
Multiplying equation(13) by on both sides,and
integrating over the whole window with the weight

function , we have thefollowing linear system:

(14)
where

(15)
and

(16)

If we considerthe pixel quantizationthe integral becomes
asummationWewrite  in ablock-matrixform:

(17)
where
(18)
(19)
and
(20)



is the matrix computedin the algorithm of Shi and
Tomasi,which is basedon geometryonly. comesfrom
our modelof photometry and arethe crosstermsbe-
tweengeometryandphotometry Finally, when is invert-
ible, canbecomputeds:

(21)

From equation(21), one can computeall the parameters.
However, it will only give aroughapproximatiorfor be-
causeof the rst-order approximationn equation(12). To
achieve a higheraccurag onecan,for example,employ a
Newton-Raphson-styl@eration. This canbe doneby ap-
proximatingequation(9) aroundthe previous solution,and
iteratingequation(21) until the variationin all the param-
etersis ngyligible. Note that, a simple implementationof
Newton-Raphsominimization algorithm would have in-
volved the Hessianmatrix of the costfunction, which re-
guiresseconderivativesof imageintensities.In our mini-
mizationprocedurepnedoesnot needto computethe Hes-
sian matrix. It hasbeennoticed experimentallythat this
modi cation improves speedand robustnessof the mini-
mizationalgorithm.

3 Hypothesistest-basedoutlier rejection

To decidewhetherfeaturesare being tracked success-
fully or not,we couldexaminethe valueof thediscrepang
(10) betweenthe intensitiesof the imagepatchat time
andthe reconstructiorat time  from the imagepatchat
time . However, suchdiscrepang functiondoesnot com-
pensatdor differencesn theintensityvariationamongthe
patchesof interest. A patchwith high variationgiveshigh
residuabecausef pixel quantizatiorandinterpolationdur-
ing thematching.A suitablediscrepang functionturnsout
to bethenormalizedcross-correlationHence our rejection
rule discardsfeatureswhosenormalizedcross-correlation
fallsbelow a x edthreshold.Tipical valuesrangefrom
to

Another practicalissueto consideris the evaluationof
the information contentof animagepatch. Whena patch
shrinkssigni cantly alongoneor bothdirections theinfor-
mationit carriesmightbecomemeaninglesso thepurposes
of theminimization. Basedon thisreasoningwe introduce
anothermonitoringscheme:let and be the
window for apatch attime and respectiely; compute
theratio betweertheareaor andtheareaof
We discardthe patch if the computedratio falls below
a thresholdwith valuebetween (the featureis no longer
visible)and (theareasareidentical).

4 Experiments

Figure2 shavs imagesfrom a sequencef about
frames.The sceneconsistf a box rotatingalongthe ver-
tical axis. The box rst rotatesfrom left to right, thenit
comesbackto theinitial position.As it canbeseenduring
therotationtheillumination changesubstantially

Figure4 shavstheresidualof ouralgorithmversusShi-
Tomasi. Figure 3 shavs the evolution of a selectedpatch.
The top eight imagesare the views at different time in-
stants. The sequenceén the middle is the reconstruction
of the patchattime  usingthe geometricparameteres-
timatedby Shi-Tomasis algorithm. The bottomeightim-
agesarethereconstructegatchesdasedn our estimation.
Notethatnotonly theappearancis estimatectorrectly but
also the changein illumination is compensatedor. Fig-
ure5 shavstheestimated (imagecontrastland (image
brightness)Both estimategomebackto theinitial state as
expected.In this test, the Shi-Tomasitracker cannottrack
this patchafterapproximately  frames.

A secondsetof experimentds devotedto shawv our out-
lier rejectionrule basedn theresidual .Figure6 shavs the
settingfor this experimentwhere,amongthe others,it has
beenchosera patch(number4) thatwill be occludeddur-
ing the motion. Figure 7 shavs the evolution of the resid-
ualsfor selectedpatcheausingboth Shi-Tomasiand our
algorithm.As onecansee residualscanincreasdor differ-
entreasons.In particularfeature3 is correctlytracked by
Shi-Tomasitracker until frame , but its residualis com-
parableto feature4 thatis anoutlier. Thereforethe usual
outlier rejectionrule would discardalsothosefeatureghat
areinsteadvalid ones.

We implement our algorithm on a personal com-
puter The code and detailed documentation are
available at http://www.ee.wustl.edu/ hljin/
research In our test (on a 1GHz Pl computer),the
programcantrack patcheof size pixelsin ~ mil-
liseconds.

5 Conclusions

We have presentedn extensionof thealgorithmof Shi-
Tomasito take into consideratiorchangesn illumination
andre ection. The estimationof parameterss doneusing
aniterative optimizationschemeThe computationatostis
low andthe algorithmhasbeenimplementedn real-time.
We have madeour real-timeimplementatior{bothcodeand
documentationgvailableto the public. We testedour algo-
rithm onrealimagesandthe experimentakesultsshav that
our modelis accurateenoughto keeptrackingundersignif-
icantchangesn illumination; furthermore we shavedthat
in real ervironmentstaking into accountfor light changes



Figure 2. Eightimagesfrom thesesameequenceThe superimposedquareshav theregionsof interest.
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Figure 3. Somesnapshot®f the region of interestfrom the sesamesequence(a) original sequenceasit evolvesin
time; (b) reconstructiorof theinitial patchusingShi-Tomasialgorithm;(c) reconstructiorof theinitial patchusingthe
illumination-invarianttracker. As it canbe seenthe illumination changdeadsShi-Tomasito not corverge properly
Our methodmaintainsthe appearancef the patchconstanthroughouthe sequence.

is necessaryn orderto track longer Moreover, the com-
putedresidualis invariantto changes$n illumination, which
allows to monitor point featuresandto rejectoutliers cor
rectly.
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Figure 5. Left: Ewolution of (image contrast).
Theimagecontrasincreasesintil frame  andthen
goesbackto atframe , wherethe box returned
to the original position. Right: Evolution of  (im-
agebrightness)Theimagebrightnessiecreaseantil
frame andthenincreasegjoing backto where
the patchreturnedo the original position.

Figure 6. Onesnapshofrom the “two boxes’ se-
quence. In this sequencesomefeatureshave been
chosenusingthe selectionalgorithm of Shi-Tomasi.
Featured is choserto shav the behaior of theresid-
ual whenthereis partial occlusion. Feature3 is an
exampleof point featurethathashigh residual(when
light changesare not accountedor) comparableto
occludedfeaturesesidual(seefeatured).
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Figure 7. Evolution of SSD residualfor the two

boxes sequence. The residualsof features3 and 4

arecomparableThus,usualmonitoringfor occluded
featureshecomesnadequatevhenthe ervironmental
light changes.The otherfeatureshave residualshat
arecomparablén both Shi-Tomasiandillumination-

invarianttrackers. The other featuresdo not suffer

from stronglight changesFeature3 is subjectto the
re ectionsfromthecheclerboardwhile featured be-
comegpatrtially occluded.



