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Abstract

We addresshe problemof identifying speci ¢ instance®f a class(cars)
from asetof imagesall belongingo thatclass.Althoughwe cannotbuild
amodelfor ary particularinstancgaswe maybe providedwith only one
“training” exampleof it), we canuseinformationextractedfrom observ-
ing othermembersf the class.We posethis taskasalearningproblem,
in whichthelearneris givenimagepairs,labeledasmatchingor not,and
mustdiscover whichimagefeaturesaremostconsistenfor matchingin-
stancesand discriminative for mismatches.We explore a patchbased
representationyherewe modelthe distributionsof similarity measure-
mentsde ned on the patches. Finally, we describean algorithm that
selectshe mostsalientpatchesdasedon a mutualinformationcriterion.
This algorithm performsidenti cation well for our challengingdataset
of carimagesaftermatchingonly afew, well choserpatches.

1 Intr oduction

Figurel shaws six cars:thetwo leftmostcarswerecapturedy onecameratheright four
carswere seenlater by anothercamerafrom a differentangle. The goalis to determine
which imagesif ary, shav the samevehicle We call this taskvisualidenti cation. Most
existing identi cation systemsareaimedat biometricapplicationssuchasidentifying n-
gerprintsor faces.While objectrecanitionis usedooselyfor severalproblemgincluding
this one), we differentiatevisual identi cation, wherethe challengeis distinguishingbe-
tweenvisually similar objectsof onecateyory (e.g. facescars),andcateyorizationwhere

Figurel: Theldenti cation Problem: Which of thesecars are the same?Thetwo carsonthe
left, photographedrom cameral, alsodrive pastcamera2. Which of the four imageson theright,
taken by camera2, matchthe carsontheleft? Solvingthis problemwill enableapplicationssuchas
wide areatrackingof carswith a sparsesetof camerag2, 9].



Figure2: Detectingand warping car imagesinto alignment: Our identi®cationalgorithmassumes
thata detectionprocesshasfound memberf the classandapproximatelyalignedthemto a canon-
ical view. For our dataset,detectionis performedby a blob tracker. A projective warpto alignthe
sidesis computedby calibratingthe poseof the camerato the road and ®nding the wheelsof the
vehicle. Notethatthis is only a roughapproximation(the two warpedimages,centerandright, are
far from perfectlyaligned)thathelpsto simplify our patchdescriptorsaandpositionalbookkeeping.

thealgorithmmustgrouptogetherobjectsthatbelongto the samecategory but may be vi-
suallydiverse[15, 10, 13]. Identi cation is alsodistinctfrom “objectlocalization” where
the goalis locatinga speci ¢ objectin scenesn which distractorshave little similarity to
thetargetobject[6].t

Onecharacteristiof theidenti cation problemis thatthealgorithmtypically only receves
one positive example of eachqueryclass(e.g. a singleimageof a speci ¢ car), before
having to classify otherimagesasthe “same” or “different”. Given this lack of a class
speci c training set,we cannotusestandardupervisedeatureselectionandclassi cation
methodssuchas[12, 13, 14]. Onepossiblesolutionto this problemis to try to pick uni-
versallygoodfeaturessuchascorners[4, 6], for detectingsalientpoints. However, such
featuresarelikely to be suboptimalasthey arenot category speci c. Anotherpossibility
is to hand-selecyoodfeaturesfor the task,suchasthe distancebetweerthe eyesfor face
identi cation.

Herewe presentanidenti cation frameavork that attemptsto be moregeneral. The core
ideais to useatrainingsetof otherimagepairsfrom thecategory (in our casecars) labeled
asmatchingor not, to learnwhatcharacterizefeatureghatareinformative in distinguish-
ing oneinstancefrom another(i.e. consistenfor matchinginstancesand dissimilar for
mismatches).Our algorithm, given a single novel queryimage,canbuild a “same” vs.
“different” classi er by: (1) examininga setof candidatefeatures(local imagepatches)
on the queryimage (2) selectinga small numberof themthat are likely to be the most
informative for this queryclassand(3) estimatinga functionfor scoringthematchfor each
selectedfeature. Note that a differentsetof features(patches)will be selectedfor each
uniquequery

The paperis organizedasfollows. In Section2, we describeour decisionframework in-
cluding the decompositiorof animagepair into bi-patches which give local indications
of matchor mismatch,andintroducethe appearanceéistancebetweenthe two halvesas
a discriminative statisticof bi-patches.This modelis thenre ned in Section3 by condi-
tioning the distancedistributions on hyperfeaturessuchas patchlocation, contrast,and
dominantorientation. A patchsalieny measuréasedon the estimatedistancedistribu-
tionsis introducedin Section3.4. In Section4, we extend our modelto include another
comparisorstatisticthedifferencen patchpositionbetweerimages Finally, in Section5,
we concludeand shav that comparinga small numberof well-chosenpatchesproduces
performancenearlyasgoodasmatchinga densesamplingof them.

2 Matching Patches

We seekto determinewhethera new queryimagel b (the “Left” image)representshe
samevehicleasary of our previously seendatabasémagesl R (the“Right” image). We
assumehat theseimagesare known to containvehicles,hase beenbroughtinto rough
correspondencén our dataset,througha projective transformatiorthat alignsthe sides
of the car) and have beenscaledto approximately200 pixels in length (seeFigure 2 for
details).

1Thereis evidencethatthis distinctionexistsin the humanvisual system.Some®ndingssuggest
thatthefusiform faceareais specializedor identi®cationof instancegrom familiar cateyories[11.
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Figure 3: Patch Matching: Theleft (query)imageis sampled(red dots) by patchesencodedas
oriented®lter channelqfor labeledpatch2, this encodingis shavn). Eachpatchis matchedo the
bestpointin thedatabasénageof thesamecarby maximizingtheappearancsimilarity betweerthe
patchegthe similarity scoreis indicatedby the sizeandcolor of the dots,wherelargerandredderis
moresimilar). Threebi-patchesarelabeled.Althoughthe classi®catiorresultfor this pair of images
shouldbe®same{C = 1), noticethatsomebi-patchesrebetterpredictorsof thisresultthanothers
(the similarity scoreof 2 & 3 is muchbetterthanfor patchl). Our goalis to be ableto predictthe
distributionof P (djC = 1) andP (djC = 0) for eachpatchaccuratelypbasecon theappearancand
positionof the patchin the queryimage(for the 3 patchespur predictionsareshavn on theright).

2.1 Image Patch Features

Our stratgyy is to breakup thewholeimagecomparisorprobleminto multiple local match-
ing problemswherewe encodeasmallpatchFj'- (1 j n)ofthequeryimagel - and

compareeachpieceseparately12, 14]. Astheexactchoiceof featurestheirencodingand
comparisormetricis not crucialto our techniquewe chosea fairly simplerepresentation
that was generalenoughto usein a wide variety of settings,but informative enoughto
capturethe detailsof objects(given the subtlevariationthat candistinguishtwo different
cars,featuressuchas[6] werefoundnotto be preciseenoughfor this task).

Speci cally, we applya rst derivative Gaussiarodd-symmetriclter to the patchat four
orientationghorizontal,vertical,andtwo diagonal) giving four signednumbergerpixel.

To comparea querypatch Fj'- to an areaof the right imageF.?, we encodeboth patches

as4 25 lengthvectors(4 orientationger pixel) andcomputethe normalizedcorrelation
(d =1 CorrCoe(F-L;FjR)) betweerthesevectors.As thetwo carimagesarein rough

alignment,we needonly to searcha smallareaof | R to nd thebestcorrespondingatch
FjR - i.e. theonethatminimizesd; . We will referto sucha matchedeft andright patch

pairF"; FR, togethemwith thederived distanced; , asa bi-patchf; .
2.2 The DecisionRule

We posethetaskof decidingif thea databasémagel R is thesameasaqueryimagel - as
adecisionrule

_P(C=11451%) _ PUYIRIC=1)P(C=1)

R= P(C=0QjlL;IR)  P(IL;IRjC = 0)P(C = 0)

1)
where is chosento balancethe costof the two typesof decisionerrors. The priors are
assumedo beknown.? Speci cally, for theremainingequationsn this paperthepriorsare
assumedo be equal,andhenceare droppedfrom subsequentquations.With ourimage
decompositiorinto patchesthe posteriordrom Eq. (1) will be approximatedisingthe bi-
patchesq;::;; Fn, asP(Cjlt;IR)  P(CjFy;:5Fm) ! P(F1;::;FmijC). Furthermore,
in this paper we will assumea naive Bayesmodelin which, conditionedon C, the bi-
patchesareassumedo beindependentThatis,

_PO%IR[C=1) P(FyuiFmjC=1) _ Y P(FjC=1)
" P(IL;IR[C=0) P(Fy;u;FmjC=0) i P(RiiC= 0)’

)

2For our application dynamicmodelsof traf®c o w cansupplytheprioron P (C).



In practice,we computethe log of this likelihoodratio, whereeachpatchcontributesan
additveterm(denoted_LR ; for patchi). Modelingthelik elihoodsin thisratio (P (F; jC))

is thecentralfocusof this paper

2.3 Uniform AppearanceModel

The most straightforvard way to esti-
mateP (F; jC) is to assumehatthe ap-
pearanceﬁifferenced,» capturesll of the
information F; aboutthe probability of
amatch(i.e. C andF; areindependent
given d; ), andthat aI| of di's from all
patchesareidentically distrihjted. Thus
thedecisionrule, Eqn.1, becomes
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The two conditional distributions,
P(d; jC2f0;1g), areestimatecasnor

malized histogramsfrom all bi-patches
matchedwithin the training data® For

eachvalueof , we evaluateEqn.(3)to

classify eachtest pair as matching or

not, producinga precision-recallcurve.

Figure 4 comparesthis patth-based
model to a direct image comparison
method? Notice that even this naive

patch-based technique signi cantly

outperformghe globalmatching.

Figure4: Identi cation usingappeaancedif-
ferences: The bottomcurve shows the precision
vs. recallfor non-patctbasedirectcomparisorof
recti®edimages. (An ideal precision-recalturve
would reachthe top right corner) Notice thatall
threepatchbasednodelsoutperformthis method.
Thethreetop curvesshaw resultsfor variousmod-
elsof d; from Sections2.3 (Baseline),3.1 (Dis-
crete),and3.2& 3.3(Continuous) Theregression
modeloutperformshe uniform onesigni®cantly-
it reducesthe errorin precisionby closeto 50%
for mostvaluesof recallbelov 90%.

3 Re ning the AppearanceDistrib utions with Hyper-Features

The mostsigni cant weaknesf the abose modelis the assumptiorthat the d; 's from
differentbi-patcheshouldbeidentically distributed(obsene the 3 labeledpatchesn Fig-
ure3). Whenatrainingsetof “same”(C = 1) and“different”(C = 0) imagesds available
for a speci c queryimage, estimatinghesedistributionsdirectly for eachpatchis straight-
forward. How canwe estimatea distribution for P (d; jC = 1), WhereFjL is a patchfrom
anew queryimage,whenwe only have thatsingle positiveexampleof F- ? Theintuitive
answer:by nding analogougpatchesn thetrainingsetof labeled(same/diferent)image
pairs. However, sincethe spaceof all possiblepatchegappearancé& position,<?2° 25+2)
is very large, the chanceof having seena very similar patchto FJ-'- in the training setis

small. In thenext sectionsve presentwo approachebothof whichrely on projectingFjL

into a muchlower dimensionakpaceby extractingmeaningfulfeaturesfrom its position
andappearancéhehyperfeatues.

3.1 Non-Parametric Model with Discrete Hyper-Features

First we attempteda non-parametricapproach,where we model the joint distribu-
tion of d; and a few hyperfeatures(e.g. the x andy coordinateof the patch FjL,

3Dataconsistecbf 175 pairs (88 training, 87 testpairs) of matchingcarimages(C=1) from two
cameragocatedon the samesideof thestreetoneblock apart.Within trainingandtestingsets about
4000pairsof mismatchedctars(C=0) wereformedfrom non-correspondingnages,onefrom each
cameraAll comparisonsvereperformedon grayscalgnot color)images.

“Theglobalimagecomparisormethodusedhereasabaselindechniquaisesnormalizedcorrela-
tion on a combinationof intensityand®Iter channelsandattemptdo overcomeslight misalignment.



Figure5: Fitting a GLM tothe distribution: we demonstrateur approactby ®tting agamma
distribution, throughthe latentvariables = (; ), to they position of the patches. Here we
allowed and tobea3rddegreepolynomialfunctionofy (i.e.Z = [y3;y?;y;1]"). Thecenter
left squareshaws, on eachrow, adistribution of d conditionedbnthey positionof theleft patch(F - )
for eachbi-patch,for training datatakenfrom matchingvehicles.The centefright squareshavs the
samedistributionsfor mismatchedlata. The heightof histogramdistributionsis colorcoded,dark
redindicatinghigherdensity The centralcurve shavs the polynomial®t to the conditionalmeans,
while the outercurvesshaw the range.For referencewe includea partialimageof a carwhose
y-coordinateis alignedwith the centerimages. On the right, we shov two histogramplots, each
correspondingo onerow of thecenteimageqasmallrangeof y correspondingo theblackarrows).
Theresultinggammadistributionsaresuperimposedn the histograms.

i.e. Z = [x;y]). The distribution is modeled“non-parametrically”(similar to Sec-
tion 2.3) usingan N-dimensionahormalizedhistogramwhereeachdimension(d,x, and
y) hasbeenquantizedinto several bins. In this model P (CjF;) P(Cjd;;y;x;) /
P (dijy;;xj; C)P(yj; xjJC)P(C) I P(d;jy;;x;;C), wherethelastformulafollows from
theassumptiorof equalpriors(P (C) = 0:5) andtheindependencef (y; ; x;) andC. The
DiscreteHyperFeaturescurwve in Figure4 shavs the performancegain from conditioning
onthesepositionalhyperfeatures.

3.2 Parametric Model with Continuous Hyper-Features

The drawvback of using a non-parametrianodel for the distributionsis that the amount
of dataneededto populatethe histogramsgrows exponentiallywith the numberof di-
mensions.In orderto add additionalappearance-basdyperfeatures,suchas contrast,
orientededgeeneny, etc., we moved to a smoothparametricrepresentatioffior both the
distribution of d; andthemodelby whichthethehyperfeaturesn uence thisdistribution.

Speci cally, we modelthe distributionsP (d; jC = 1) andP (d;jC = 0) asgammadis-
tributions(notated () ) parameterizethy the meanandshapeparameter = f; g (see
theright panelof Figure5 for examplesof the () tting theempiricaldistributions). The
smoothvariationof  with respecto the hyperfeaturescanbe modeledusinga general-
ized linear model (GLM). Ordinary (least-squared)near modelsassumehat the datais
normally distributedwith constantvariance.GLMs areextensiongo ordinarylinear mod-
elsthatcan t datawhich is not normally distributedandwherethe dispersiorparameter
alsodepend®nthecovariates(see[7] for moreinformationon GLMs).

Ourgoalisto t gammadistributionsto thedistributionsof d valuesfor variouspatchedy
maximizingthe probability densityof dataundergammadistributionswhoseparameters
aresimplepolynomialfunctionsof the hyperfeatures ConsiderasetX 1; :::; X of hyper

featuressuchasposition, contrast,and brightnessof a patch. Let Z = [Zl;:::;Z|]T bea
vectorof | pre-choserunctionsof thosehyperfeatureslike squaresgubes,crossterms,
or simply copiesof the variablesthemseles. Theneachbi-patchdistancedistribution has
theform

P(djX1; X2, Xk;C)= (dy « Z, ¢ Z); (4)
wherethe secondand third argumentsto () are meanand shapeparameters. Each
(therearefour of these: ~_y; c-o: c=1: c=1) IS avectorof parametersf lengthl

SFor the GLM, we usethe identity link function for both and . While the identity is not
the canonicallink functionfor , its adwantageis that our ML optimizationcan be initialized by



thatweightseachhyperfeaturemonomialZ;. The 'sareadaptedo maximizethejoint
datalikelihoodover all patchedor C = 0 or C = 1 withing thetrainingset. Theseideas
areillustratedin detailin Figure5.

3.3 Automatic Selectionof Hyper-Features

In this sectionwe describgéheautomatialeterminatiorof Z. Recallthatin our GLM model
weassumealinearrelationshipbetweerZ and , . Thisallowsusto usestandardeature
selectiontechniquessuchasLeastAngle RegressionLARS)[3], to choosea few (around

10) hyperfeaturedrom alarge setof candidate$,suchas: (a) thex andy positionsof F -,

(b) theintensityandcontrastwithin F - andthe averageintensityof the entirevehicle, (c)
theaverageenegy in eachof the8 oriented Iter channelsand(d) derivedquantitiesfrom
theabove (e.g. squarecubic,andcrossterms). LARS wasthenaslkedto chooseZ from
thesefeaturesOnceZ is set,we proceedasin Section3.2.

Runninganautomatideatureselectiontechniqueon this large setof possibleconditioning
featureggivesusa principledmethodof reducingthe compleity of our model. Reducing
the compleity is importantnot only to speedup computationput alsoto mitigatethe risk

of over- tting to thetrainingset. Thetop curve in Figure4 shaws resultswhenZ includes
the rst 10featurefoundby LARS. Evenwith sucha naive setof featurego choosefrom,

the performancef the systemimprovessigni cantly.

3.4 Estimating the Saliencyof a Patch

FromthedistributionsP (d; jC = 0) andP (d; jC = 1) computedseparatelyor eachpatch,
it is alsopossibleto estimatehe salieny of the patch,i.e.theamountof informationabout
our decisionvariableC we arelikely to gain shouldwe computethe bestcorresponding

FjR. Intuitively, if the distribution of D; is very differentfor C = 0 andC = 1, then

the amountof information gained by matchingpatchj is likely to be large (seethe 3
distributionson theright of Figure3). To emphasizéhefactthatthe distribution P (d; jC)

is a x ed function of FJ-L, given the learnedhyperfeatureweights , we slightly atuse
notationandreferto therandomvariablefrom which d; is sampledasF;".

With this notation,computingthe mutualinformation bet\NeeerL andC givesusamea-
sureof the expectednformationgain from a patchwith particularhyperfeatures:

I(F;C)= H(F") H(F-jC):

HereH () is Shannorentropy. Thekey factto noticeis thatthis measureeanbe computed
justfrom theestimatedlistributionsoverd; (which,in turn,wereestimatedrom thehyper

featuresof FjL) beforethe patchhasbeenmatched. This allows us to matchonly those
patcheghatarelik ely to beinformatie, leadingto signi cant computationasavings.

4 Modeling Appearanceand Position Differ ences

In thelastsectionwe only consideredhe similarity of two matchingpatchegshatmake up
abi-patchin termsof the appeaanceof the patcheqd; ). Recallthatfor eachleft patch
FjL , amatchingright patch FjR is found by searchingor the mostsimilar patchin some
large neighborhoodaroundthe expectediocationfor the match. In this section,we shov
how to modelthechangen position r;, of thematchrelative to its expectedocation,and
how this, whencombinedwith theappearanceodel,improvesthematchingperformance.

solving an ordinaryleastsquaregproblem. We experimentallycomparedt to the canonicalinverse
link ( = ( CT Z) 1), but obseredno noticeablechangen performancen our dataset.

8In orderto useLARS (or mostotherfeatureselectiormethodsfoutof the box®, we useregres-
sionbasedon anL 2 lossfunction. While this is not optimalfor non-normaldata,from experiments
we have veri®edthatit is areasonabl@approximatiorfor the featureselectionstep.



Figure6: Results:The LEFT plot shavs precisionvs. recall curvesfor modelsof r. Theresults
for x and y areshawn separatelyasthereareoftenmorehorizontalthanverticalfeatureson cars,
y is better).Re-estimatingparametersf theglobalalignmentW (af®ne®t), signi®cantlyimproves

the curves. Finally, performanceas improved by combiningpositionwith appearancé&Complete®
curwe) comparedo usingappearancalone. The CENTER pair of imagesshav a correctmatch,
with the patchcentergndicatedby circles. Thecolor of the circlesin thetopimageindicatesMI
in bottomimageLLR ;. Our patchselectioralgorithmchooseshetop patchedbasednMI  where
subsequenpatchesarepenalizedor overlappingwith earlierones(neighborhooduppression)The
top 10 23left® patcheschosermaremarked with arr ows connectinghemto the correspondingright®
patches Notice thattheseareconcentratedh informative regions. The RIGHT plot quanti®esthis
obsenration: the curvesshav 3 differentmethodsof choosingthe orderof patches randomorder
Ml andMI with neighborhooduppressionNoticethatthis top curve with 3 patchesloesaswell
asthedirectcomparisormethod.All 3 methodsconvergeabove 50 patches.

Letr; = ( X;; Y;) bethedifferencein positionbetweerthe coordinatef F- andFjR

within the standardizedoordinateframes.Generallywe expectr; 0 if thetwo images
portraythe sameobject(C = 1). Theestimatefor R, incorporatingthe informationfrom
bothd andr becomes

Y B2 :C = JP(EZ:C = 1)
L P(idi2,:C= OP(dZ,C= 0)

®)

whereZ; aginrefersto asetof hyperfeatures.

Herewe focusonthe rst factor wherethedistribution of r; givenC is dependenon the
appearancandpositionof the left patch(Fj'- , throughthe hyperfeaturesZ; ) andonthe
similarity in appearancéd; ). Theintuition for thedependencend; is thatfor theC = 1
1Ecasec,}/ve expectr; to besmalleronaveragewhenagoodappearanceatch(smalld; ) was
ound.

Following our approactfor d;, we modelthe distribution of r; asa 0 meannormaldis-
tribution, N (0; ) , where (we usea diagonalcovariance)is a functionof Z; ,d;. The
parameterizatiof (Z; ,d;) is found throughfeatureselection,while the weightsfor the
linear function areobtainedby maximizingthelikelihoodof r; over thetraining data. To
addressnitial misalignmentwe selecta smallnumberof patchesmatchthem,andcom-
pute a global af ne alignmentbetweenthe images. We subsequentlscoreeachmatch
relative to this globalalignment.

The bottom four curves of Figure 6 shav that tting an afne model rst signi cantly

improvesthe positionalsignal. While positionseemgo be lessinformative thanappear
ance,the completemodel,which combinesappearancandposition(Eg. 5), outperforms
appearancalone.

5 Conclusion

The centerand right sidesof Figure 6 shav our ability to selectthe most informative
patcheausingthe estimatedmutualinformation| (FJ-L ; C) of eachpatch. To prevent spa-
tially overlappingpatchesrom beingchosenwe addeda penaltyfactorto the mutualin-



formationscorethatpenalizegpatcheghatarevery closeto otherchoserpatchegMI with
neighborhoodsuppression).To give a numericalindication of the performancewe note
thatwith only 10 patchesgivena 1-to-87 forcedchoiceproblem,our algorithmchooses
the correctmatchingimage93%of thetime.

A differentapproacho a learningproblemthatis similar to ourscanbe foundin [5, §],
which describemethodsfor learningcharacteior objectcateyoriesfrom few training ex-
amples. Theseworks approachthis problemby learningdistributions on sharedfactors
[8] or priorson parametersf x eddistributionsfor a cateyory [5] wherethetrainingdata
consistsof imagesfrom other cateyories. We, on the otherhand,abandorthe notion of
building a modelwith a x edform for an objectfrom a singleexample. Instead we take
a discriminatve approachand modelthe statisticalpropertiesof imagepatchdifferences
conditionedon propertiesof the patch. Theselearnedconditionaldistributionsallow usto
evaluate,for eachfeature the amountof informationpotentiallygainedby matchingit to
the otherimage’
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"Answerto Figure1l: top left matchesbottomcenter;bottomleft matchesbottomright. For our
algorithm,matchingtheseimageswasnotachallenge.



