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Abstract

We developan ef�cient algorithmto track point features
supportedbyimagepatchesundergoingaf�ne deformations
and changesin illumination. Thealgorithm is basedon a
combinedmodelof geometryandphotometrythat is usedto
track featuresas well as to detectoutliers in a hypothesis
testingframework. The algorithm runs in real time on a
personalcomputer, andis availableto thepublic.

1 Intr oduction

Tracking the deformationof imageregionshasproven
to be an essentialcomponentof vision-basedsystemsin
a variety of applicationsrangingfrom control systems[7]
to human-computerinteractions[3], medicalimaging[1, 8]
andmosaicing,just to mentiona few. In visualtrackingthe
main interestgoesto establishregion correspondencesbe-
tweenimagesobtainedfrom amoving camera.Oncecorre-
spondencehasbeenestablished,the temporalevolution of
the deformationof eachregion can be used,for instance,
asa combinedmeasurementof motionandstructureof the
scene.To this endit is importantfor featuresto betracked
reliably for aslongaspossible.Thelongerthebaselineand
the smallerthe error, the moreaccuratethe reconstruction
[2]. A popular techniquefor visual tracking on unstruc-
turedscenesis to minimizethesumof squareddifferences
of imagesintensities,usuallyreferredto asSSDmatching.
Much work hasbeenbasedon this principle,startingwith
the pioneeringwork of Lucasand Kanade[6] that estab-
lishesmatchingbetweenframesadjacentin time. As Shi
andTomasinote [9], interframematchingis not adequate
for applicationswherethe correspondencefor a �nite size
imagepatchovera long time spanis needed.Indeed,inter-
frametrackingis proneto cumulative error whentrajecto-
riesareintegratedover time. On theotherhand,whencon-
sideringmatchingover long time spans,the geometricde-

formationsof imageregionsbecomesigni�cant andmore
complex modelsarenecessary. Shi andTomasishow that
the af�ne transformationis a good tradeoff amongmodel
complexity, speedandrobustness.

However, SSDor correlation-basedtrackingalgorithms
usuallyassumethatthechangesin thesceneappearanceare
only dueto geometricdeformations.Thus,whenchangesin
illumination arerelevant,theseapproachestendto perform
poorly. HagerandBelhumeurin [4] describeanSSD-based
tracker that compensatesfor illumination changes.Their
approachis dividedinto threephases:�rst a targetregionis
de�ned, thena basisof referencetemplatesfor the illumi-
nationchangeis acquiredandstored,and�nally trackingis
performedbasedon theprior knowledgeof thetemplates.

In order to decidewhethertrackingof a featureis fea-
sibleor not, it is necessaryto monitor its quality alongthe
sequence.Shi andTomasi[9] proposeda rule basedon the
imageresidual,which they called“dissimilarity”, thatdis-
cardsfeatureswhentheestimationof thedisplacementpa-
rameterscannotbeperformedreliably. Along thisdirection
Tommasiniet al. [10] proposeda robust methodto detect
andrejectoutliers. They usethe X84 rule borrowed from
robuststatistics,which achievesrobustnessemploying me-
dian and mediandeviation insteadof the usualmeanand
standarddeviation.

As computersarebecomingmoreandmorepowerful, a
growing rangeof applicationscanbe implementedin real-
timewith all thebene�tsthatfollow. For instance,structure
from motion algorithmshave beenimplementedasfastas
30framespersecond[5]. Suchsystemsusefeaturetracking
asmeasurementsandhencespeedis of paramountimpor-
tance.Furthermore,visualtrackersthatdonot rely onprior
knowledgeon thestructureor motionof thesceneandare
insensitiveto environmentalchanges,for instanceillumina-
tion, opento a widevarietyof applications.

In thispaperweproposeasystemthatperformsreal-time
visualtrackingin thepresenceof illuminationchanges.No
off-line computationsor prior assumptionsaremadeeither



on structureor illumination of the scene.Finally, we pro-
videaprincipledmethodto rejectoutliersthatdonot �t, for
instanceat occludingboundaries.

2 Imagedeformation models

2.1 Geometry

Let
�

bethecoordinateof apoint � onasurface� in the
scene.Let �����	�
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be theprojectionof � on the image
plane,where � , dependingon the imagingprocess,canbe
a perspectiveprojection: �	�
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denotesthe intensity
valueat thelocation � of animageacquiredat time ' . Away
from discontinuitiesin � , generatedfor exampleby occlud-
ing boundaries,thedeformationsof theimagesof � canbe
describedasimagemotion:
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where2 is theregionof interestin theimage,and,.�54




is, in
general,a nonlineartime-varying function which depends
onanin�nite numberof parameters(thesurface� ):
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is a rigid changeof coordi-
natesbetweenthe inertial referenceframe,that we choose
to coincidewith thecamerareferencesystemat time * , and
themoving referenceframe(at time ' ).

Clearly, having real-time operationin mind, we need
to restricttheclassof deformationsto a �nite-dimensional
onethatcanbeeasilycomputed.Themostpopularfeature
trackingalgorithmsrely ona purelytranslationalmodel:
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where 2

� is a window of a certainsize,and R is the2-D
displacementof � on the imageplane. 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 P3T=P to U3T�U , dependingon the complexity
of the scene,the samplerateof the framegrabberandthe
resolutionof the frame grabber, beyond which the model
is easily violated after a few frames. Therefore,a purely
translationalmodelis only valid locally in spaceandtime.
A richer modelcanbe obtainedby consideringEuclidean
transformationsof the plane,i.e. ,V� �




�XWY��:ZR where
W[0N�	\8�M]




describesa rotationon the plane. A slightly
richermodelwherethe linear term is not restrictedto bea
rotation,is anaf�ne transformation:
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is a generallinear transformationof the
planecoordinates� , R is the2-D displacement,and 2f` is
thewindow of interest.Thisaf�ne modelhasbeenproposed
andtestedby ShiandTomasi[9].

Becauseof imagenoise,theequation(1) in generaldoes
nothold exactly. If themotionfunction ,V�?4




canbeapprox-
imatedby a �nite setof parametersg , thentheproblemcan
beposedasto determinehg suchthat:
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for somechoiceof norm
t

4

t

, whereg��zy{R}|~%•y€^•%GR‚| in the
translationalandaf�ne modelrespectively. Notice that the
residualto beminimizedis computedin themeasurements
(i.e. imageintensity).

2.2 Photometry

In real environmentsbrightnessor contrastchangesare
unavoidablephenomenathatcannotalwaysbecontrolled.It
follows thatmodelinglight changesis necessaryfor visual
trackersto operatein a generalsituation.

Considera light sourced in the3-D spaceandsuppose
weareobservingasmoothsurface� . As Figure1 explains,
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Figure 1. Imageformationprocesswhenillumina-
tion is takeninto account:the intensityvalueat ƒ on
theimageplanedependsin generalonthelight d dis-
tribution, theobserverposition,thesurfacenormal „

at � andthealbedofunction O of � .

theintensityvalueof eachpointontheimageplanedepends
on the portion of incominglight from the sourced that is
re�ectedby thesurface � , andis describedby theBidirec-
tionalRe�ectanceDistributionFunction(BRDF).Whenthe
light sourced is farenoughfrom thesurface� , theincident
light raysareapproximatelyparallel. In a similar manner,
if theobserver is far enoughfrom thesurface � , theview-
ing anglefor eachpointonthesurfacecanbeapproximated



with aconstant.Finally, weassumethatfor apoint � onthe
smoothsurface � , it is possibleto considera neighborhood

W around � suchthat normalvectorsto � do not change
within W , i.e. in W thesurfaceis aplane.

Undertheaboveassumptions,andassumingthatthesur-
faceis Lambertian,the BRDF simpli�es considerablyand
theintensityobservedat thepoint � canbemodeledas:
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where O is thealbedofunctionof � , 26‡ˆ�z�	�‰W




and …)†

is constantanddependson the anglebetweenthe incident
light directionandthesurfacenormal. On the otherhand,
dueto thecameraautomaticgain(actingon thebrightness
parameter)or to re�ections coming from neighboringob-
jects, it is necessaryto introducean additive term in the
equation(6) to take into accountfor theseeffects. There-
fore,amoreappropriatemodelturnsout to be:
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where ‹
† is constantfor any �+0�2

‡ . …
† and ‹

† canbe
thoughtasparametersthat representrespectively the con-
trastandbrightnesschangesof the image.Wheneitherthe
cameraor thesceneis subjectto motion, theseparameters
will changeandsowill …

† and ‹
† . Wede�ne thefollowing

asourmodelfor illuminationchanges:
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where…e� '




and ‹s�"'




arede�ned as:
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2.3 Computing geometric and photometric pa­
rameters

Thecombinationof thegeometryandphotometrygives
thefollowing:
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Becauseof imagenoiseandbecauseboththeaf�ne motion
model and the af�ne illumination model are approxima-
tions,equation(9) in generaldoesnot hold exactly. There-
fore,weposetheproblemasanoptimizationproblem:�nd
the parameterŝ , R , … and ‹ that minimize the following
discrepancy:
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where
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is a weight function. Note that to simplify the
notations,we have droppedthetime index ' for theparam-
eters. In the simplestcase,
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� . However, in gen-
eral, theshapeof
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dependson theapplication.For in-
stance,it canbea bell-like function to emphasizethewin-
dow center. To carryout theminimization,weapproximate

the modeledintensityusinga �rst-order Taylor expansion
around:

^Z�Q#œžŸR™�+*f…A�z�!‹;�Q*}x (11)

We have:
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where ¢K# is thegradientof the imageintensitycomputed
at � ,
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¥with respectto
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. Rewriting equation(12) in matrix form,
wehave:
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and � and � arethe coordi-
natesof � .

The problemreducesto determining
¶

for eachpatch.
Multiplying equation(13) by µ
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on both sides,and
integrating over the whole window 26‡ with the weight
function
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, we havethefollowing linear »8T�» system:
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If we considerthepixel quantization,the integral becomes
asummation.We write � in a block-matrixform:
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where
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< is the matrix computedin the algorithm of Shi and
Tomasi,which is basedon geometryonly.

Á

comesfrom
our modelof photometry. W and

À

arethecrosstermsbe-
tweengeometryandphotometry. Finally, when � is invert-
ible,

¶

canbecomputedas:
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From equation(21), one can computeall the parameters.
However, it will only give a roughapproximationfor

¶

be-
causeof the �rst-order approximationin equation(12). To
achieve a higheraccuracy onecan,for example,employ a
Newton-Raphson-styleiteration. This canbe doneby ap-
proximatingequation(9) aroundtheprevioussolution,and
iteratingequation(21) until the variationin all the param-
etersis negligible. Note that, a simple implementationof
Newton-Raphsonminimization algorithm would have in-
volved the Hessianmatrix of the cost function, which re-
quiressecondderivativesof imageintensities.In our mini-
mizationprocedure,onedoesnotneedto computetheHes-
sian matrix. It hasbeennoticedexperimentallythat this
modi�cation improves speedand robustnessof the mini-
mizationalgorithm.

3 Hypothesistest-basedoutlier rejection

To decidewhetherfeaturesare being tracked success-
fully or not,we couldexaminethevalueof thediscrepancy
(10) betweenthe intensitiesof the imagepatchat time '

“

andthe reconstructionat time '

“

from the imagepatchat
time ' . However, suchdiscrepancy functiondoesnot com-
pensatefor differencesin theintensityvariationamongthe
patchesof interest.A patchwith high variationgiveshigh
residualbecauseof pixelquantizationandinterpolationdur-
ing thematching.A suitablediscrepancy functionturnsout
to bethenormalizedcross-correlation.Hence,our rejection
rule discardsfeatureswhosenormalizedcross-correlation
fallsbelow a�x edthreshold.Tipical valuesrangefrom *}x »~*

to *‚x Ö~× .

Anotherpracticalissueto consideris the evaluationof
the informationcontentof an imagepatch. Whena patch
shrinkssigni�cantly alongoneor bothdirections,theinfor-
mationit carriesmightbecomemeaninglessto thepurposes
of theminimization.Basedon this reasoning,we introduce
anothermonitoringscheme:let 2ˆØ~� '

“




and 2�Ø~� '




be the
window for apatch# at time '

“

and ' respectively; compute
theratiobetweentheareaor 2ˆØÙ�"'




andtheareaof 2�ØÙ�"'

“




.
We discardthe patch # if the computedratio falls below
a thresholdwith valuebetween* (the featureis no longer
visible)and � (theareasareidentical).

4 Experiments

Figure2 shows » imagesfrom a sequenceof about ÚÙ*w*

frames.Thesceneconsistsof a box rotatingalongthever-
tical axis. The box �rst rotatesfrom left to right, then it
comesbackto theinitial position.As it canbeseen,during
therotationtheilluminationchangessubstantially.

Figure4 showstheresidualsof ouralgorithmversusShi-
Tomasi. Figure3 shows the evolution of a selectedpatch.
The top eight imagesare the views at different time in-
stants. The sequencein the middle is the reconstruction
of the patchat time '

“

usingthe geometricparameterses-
timatedby Shi-Tomasi's algorithm. The bottomeight im-
agesarethereconstructedpatchesbasedon our estimation.
Notethatnotonly theappearanceis estimatedcorrectly, but
also the changein illumination is compensatedfor. Fig-
ure5 shows theestimated… (imagecontrast)and ‹ (image
brightness).Bothestimatescomebackto theinitial state,as
expected.In this test,the Shi-Tomasitracker cannottrack
this patchafterapproximately]w*w* frames.

A secondsetof experimentsis devotedto show our out-
lier rejectionrulebasedon theresidual.Figure6 showsthe
settingfor this experiment,where,amongtheothers,it has
beenchosena patch(number4) thatwill beoccludeddur-
ing themotion. Figure7 shows theevolution of the resid-
ualsfor × selectedpatchesusingboth Shi-Tomasiandour
algorithm.As onecansee,residualscanincreasefor differ-
ent reasons.In particularfeature3 is correctlytracked by
Shi-Tomasitracker until frame ]w*w* , but its residualis com-
parableto feature4 that is an outlier. Therefore,theusual
outlier rejectionrule would discardalsothosefeaturesthat
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 PIII computer),the
programcantrack Ú~* patchesof size UYTAU pixelsin �€× mil-
liseconds.

5 Conclusions

We have presentedanextensionof thealgorithmof Shi-
Tomasito take into considerationchangesin illumination
andre�ection. Theestimationof parametersis doneusing
aniterativeoptimizationscheme.Thecomputationalcostis
low andthe algorithmhasbeenimplementedin real-time.
Wehavemadeourreal-timeimplementation(bothcodeand
documentation)availableto thepublic. We testedour algo-
rithm onrealimagesandtheexperimentalresultsshow that
ourmodelis accurateenoughto keeptrackingundersignif-
icantchangesin illumination; furthermore,we showedthat
in real environmentstaking into accountfor light changes



Figure 2. Eight imagesfrom thesesamesequence.Thesuperimposedsquaresshow theregionsof interest.

(a)

(b)

(c)

Figure 3. Somesnapshotsof the region of interestfrom thesesamesequence:(a) original sequenceasit evolvesin
time; (b) reconstructionof theinitial patchusingShi-Tomasialgorithm;(c) reconstructionof theinitial patchusingthe
illumination-invarianttracker. As it canbe seenthe illumination changeleadsShi-Tomasito not convergeproperly.
Ourmethodmaintainstheappearanceof thepatchconstantthroughoutthesequence.

is necessaryin order to track longer. Moreover, the com-
putedresidualis invariantto changesin illumination,which
allows to monitor point featuresandto rejectoutlierscor-
rectly.
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Figure 5. Left : Evolution of … (image contrast).
Theimagecontrastincreasesuntil frame �{ÖÙU andthen
goesbackto � at frame PwÖÙ] , wherethebox returned
to the original position. Right: Evolution of ‹ (im-
agebrightness).Theimagebrightnessdecreasesuntil
frame �JÖ«U andthenincreasesgoing backto * where
thepatchreturnedto theoriginalposition.
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Figure 6. One snapshotfrom the “ two boxes” se-
quence. In this sequencesomefeatureshave been
chosenusingthe selectionalgorithmof Shi-Tomasi.
Feature4 is chosento show thebehavior of theresid-
ual whenthereis partial occlusion. Feature3 is an
exampleof point featurethathashigh residual(when
light changesare not accountedfor) comparableto
occludedfeaturesresidual(seefeature4).
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Figure 7. Evolution of SSD residual for the two
boxes sequence.The residualsof features3 and 4
arecomparable.Thus,usualmonitoringfor occluded
featuresbecomesinadequatewhentheenvironmental
light changes.The otherfeatureshave residualsthat
arecomparablein bothShi-Tomasiandillumination-
invariant trackers. The other featuresdo not suffer
from stronglight changes.Feature3 is subjectto the
re�ectionsfromthecheckerboard,while feature4 be-
comespartially occluded.


