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Abstract

In this paperwe comparetheperformanceof descriptorscomputedfor local interestregions,asfor

exampleextractedby the Harris-Af�ne detector[32]. Many differentdescriptorshave beenproposedin

the literature.However, it is unclearwhich descriptorsaremoreappropriateandhow their performance

dependson theinterestregion detector. Thedescriptorsshouldbedistinctive andat thesametime robust

to changesin viewing conditionsas well as to errorsof the detector. Our evaluationusesas criterion

recall with respectto precisionand is carried out for different image transformations.We compare

shapecontext [3], steerable�lters [12], PCA-SIFT [19], differential invariants[20], spin images[21],

SIFT [26], complex �lters [37], moment invariants[43], and cross-correlationfor different types of

interestregions.We alsoproposean extensionof the SIFT descriptor, andshow that it outperformsthe

original method.Furthermore,we observe that the rankingof the descriptorsis mostly independentof

the interestregion detectorand that the SIFT baseddescriptorsperform best.Momentsand steerable

�lters show the bestperformanceamongthe low dimensionaldescriptors.

Index Terms

Local descriptors,interestpoints, interestregions,invariance,matching,recognition.

I . INTRODUCTION

Local photometricdescriptorscomputedfor interestregionshave provedto bevery successful

in applicationssuch as wide baselinematching [37, 42], object recognition[10, 25], texture

Correspondingauthoris K. Mikolajczyk,km@robots.ox.ac.uk.
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recognition[21], imageretrieval [29, 38], robotlocalization[40], videodatamining [41], building

panoramas[4], and recognitionof object categories[8, 9, 22, 35]. They are distinctive, robust

to occlusionand do not requiresegmentation.Recentwork hasconcentratedon making these

descriptorsinvariantto imagetransformations.The ideais to detectimageregionscovariantto a

classof transformations,which arethenusedassupportregionsto computeinvariantdescriptors.

Given invariant region detectors,the remainingquestionsare which is the most appropriate

descriptorto characterizetheregions,anddoesthechoiceof thedescriptordependon theregion

detector. Thereis a largenumberof possibledescriptorsandassociateddistancemeasureswhich

emphasizedifferentimagepropertieslike pixel intensities,color, texture,edgesetc. In this work

we focuson descriptorscomputedon gray-value images.

The evaluation of the descriptorsis performedin the context of matchingand recognition

of the samesceneor object observed underdifferent viewing conditions.We have selecteda

numberof descriptors,which have previously shown a goodperformancein sucha context and

comparethemusingthesameevaluationscenarioandthesametestdata.Theevaluationcriterion

is recall-precision,i.e. the numberof correctand falsematchesbetweentwo images.Another

possibleevaluationcriterion is the ROC (Receiver OperatingCharacteristics)in the context of

imageretrieval from databases[6, 31]. The detectionrate is equivalent to recall but the false

positive rate is computedfor a databaseof imagesinsteadof a single imagepair. It is therefore

dif�cult to predict the actualnumberof falsematchesfor a pair of similar images.

Local featureswerealsosuccessfullyusedfor objectcategory recognitionandclassi�cation.

The comparisonof descriptorsin this context requiresa differentevaluationsetup.However, it

is unclearhow to selecta representative setof imagesfor anobjectcategory andhow to prepare

the ground truth, since there is no linear transformationrelating imageswithin a category. A

possiblesolution is to selectmanuallya few correspondingpoints and apply looseconstraints

to verify correctmatches,asproposedin [18].

In this paperthe comparisonis carriedout for differentdescriptors,different interestregions

andfor differentmatchingapproaches.Comparedto our previouswork [31], this paperperforms

a moreexhaustive evaluationandintroducesa new descriptor. Several descriptorsanddetectors

have beenaddedto the comparisonand the dataset containsa larger variety of scenestypes

andtransformations.We have modi�ed the evaluationcriterion andnow userecall-precisionfor

imagepairs.Therankingof the top descriptorsis thesameasin theROC basedevaluation[31].
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Furthermore,our new descriptor, gradientlocationandorientationhistogram(GLOH), which is

anextensionof theSIFTdescriptor, is shown to outperformSIFTaswell astheotherdescriptors.

A. Relatedwork

Performanceevaluationhasgainedmoreandmoreimportancein computervision [7]. In the

context of matchingandrecognitionseveral authorshave evaluatedinterestpoint detectors [14,

30,33,39]. Theperformanceis measuredby therepeatabilityrate,thatis thepercentageof points

simultaneouslypresentin two images.Thehighertherepeatabilityratebetweentwo images,the

morepointscanpotentiallybe matchedandthe betterarethe matchingandrecognitionresults.

Very little work hasbeendoneon theevaluationof local descriptorsin thecontext of matching

andrecognition.CarneiroandJepson[6] evaluatetheperformanceof pointdescriptorsusingROC

(Receiver OperatingCharacteristics).They show thattheir phase-baseddescriptorperformsbetter

thandifferentialinvariants.In their comparisoninterestpointsaredetectedby theHarrisdetector

andthe imagetransformationsaregeneratedarti�cially . Recently, Ke andSukthankar[19] have

developeda descriptorsimilar to the SIFT descriptor. It appliesPrincipalComponentsAnalysis

(PCA) to the normalizedimagegradientpatchandperformsbetterthanthe SIFT descriptoron

arti�cially generateddata.The criterion recall-precisionand imagepairswereusedto compare

the descriptors.

Local descriptors(also called �lters) have also been evaluated in the context of texture

classi�cation. Randenand Husoy [36] comparedifferent �lters for one texture classi�cation

algorithm.The �lters evaluatedin this paperareLaws masks,Gabor�lters, wavelet transforms,

DCT, eigen�lters, linear predictorsand optimized �nite impulse response�lters. No single

approachis identi�ed as best. The classi�cation error dependson the texture type and the

dimensionalityof the descriptors.Gabor �lters were in most casesoutperformedby the other

�lters. Varmaand Zisserman[44] also compareddifferent �lters for texture classi�cation and

showed that MRF performbetterthanGaussianbased�lter banks.Lazebniket al. [21] propose

a new invariantdescriptorcalled“spin image”andcompareit with Gabor�lters in thecontext of

texture classi�cation.They show that the region-basedspin imageoutperformsthe point-based

Gabor�lter . However, the texture descriptorsandthe resultsfor texture classi�cationcannotbe

directly transposedto region descriptors.The regions often containa single structurewithout

repeatedpatterns,andthestatisticaldependency frequentlyexploredin texturedescriptorscannot
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be usedin this context.

B. Overview

In section II we presenta state of the art on local descriptors.Section III describesthe

implementationdetailsfor the detectorsand descriptorsusedin our comparisonaswell asour

evaluationcriterion andthe dataset. In sectionIV we presentthe experimentalresults.Finally,

we discussthe results.

I I . DESCRIPTORS

Many different techniquesfor describing local image regions have been developed. The

simplestdescriptoris a vectorof imagepixels.Cross-correlationcanthenbe usedto computea

similarity scorebetweentwo descriptors.However, thehigh dimensionalityof sucha description

resultsin a high computationalcomplexity for recognition.Therefore,this techniqueis mainly

usedfor �nding correspondencesbetweentwo images.Note that the region canbe sub-sampled

to reducethe dimension.Recently, Ke andSukthankar[19] proposedto usethe imagegradient

patchandto apply PCA to reducethe sizeof the descriptor.

Distribution baseddescriptors. Thesetechniquesusehistogramsto representdifferent charac-

teristicsof appearanceor shape.A simple descriptoris the distribution of the pixel intensities

representedby a histogram.A more expressive representationwas introducedby Johnsonand

Hebert [17] for 3D object recognitionin the context of rangedata.Their representation(spin

image)is a histogramof the relative positionsin the neighborhoodof a 3D interestpoint. This

descriptorwasrecentlyadaptedto images[21]. Thetwo dimensionsof thehistogramaredistance

from the centerpoint and the intensityvalue.

Zabih andWood�ll [45] have developedan approachrobust to illumination changes.It relies

onhistogramsof orderingandreciprocalrelationsbetweenpixel intensitieswhicharemorerobust

thanraw pixel intensities.The binary relationsbetweenintensitiesof several neighboringpixels

are encodedby binary stringsand a distribution of all possiblecombinationsis representedby

histograms.Thisdescriptoris suitablefor texturerepresentationbut a largenumberof dimensions

is requiredto build a reliabledescriptor[34].

Lowe [25] proposeda scaleinvariantfeaturetransform(SIFT), which combinesa scaleinvari-

antregion detectorandadescriptorbasedon thegradientdistribution in thedetectedregions.The
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descriptoris representedby a 3D histogramof gradientlocationsandorientations,see�gure 1

for illustration.The contribution to the locationandorientationbins is weightedby the gradient

magnitude.The quantizationof gradientlocationsandorientationsmakes the descriptorrobust

to small geometricdistortionsandsmall errorsin the region detection.Geometrichistogram[1]

andshapecontext [3] implementthesameideaandarevery similar to theSIFT descriptor. Both

methodscomputea 3D histogramof locationandorientationfor edgepointswhereall the edge

points have equalcontribution in the histogram.Thesedescriptorswere successfullyused,for

example,for shaperecognitionof drawings for which edgesarereliable features.

Spatial-frequencytechniques.Many techniquesdescribethe frequency content of an image.

The Fourier transform decomposesthe image content into the basis functions. However, in

this representationthe spatial relationsbetweenpoints are not explicit and the basisfunctions

arein�nite, thereforedif�cult to adaptto a local approach.TheGabortransform[13] overcomes

theseproblems,but a large numberof Gabor �lters is required to capturesmall changesin

frequency andorientation.Gabor�lters andwavelets[27] arefrequentlyexploredin the context

of texture classi�cation.

Differential descriptors. A setof imagederivativescomputedup to a given orderapproximates

a point neighborhood.The propertiesof local derivatives(local jet) were investigatedby Koen-

derink [20]. Florack et al. [11] derived differential invariants,which combinecomponentsof

the local jet to obtainrotationinvariance.FreemanandAdelson[12] developedsteerable�lters,

which steerderivatives in a particulardirectiongiven the componentsof the local jet. Steering

derivativesin thedirectionof thegradientmakestheminvariantto rotation.A stableestimationof

thederivativesis obtainedby convolution with Gaussianderivatives.Figure2(a)shows Gaussian

derivativesup to order4.

Baumberg [2] andSchaffalitzky andZisserman[37] proposedto usecomplex �lters derived

from thefamily
���������	��

��������������������������
��
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is theorientation.For the function
�����������

Baumberg usesGaussianderivatives and Schaffalitzky and Zissermanapply a polynomial (cf.

section III-B and �gure 2(b)). These�lters differ from the Gaussianderivatives by a linear

coordinateschangein �lter responsespace.

Other techniques.Generalizedmomentinvariantshave beenintroducedby Van Gool et al. [43]

to describethe multi-spectralnatureof the imagedata.The invariantscombinecentralmoments

de�ned by �! 
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with order 02143 and degree 5 . The momentschar-
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acterizeshapeand intensitydistribution in a region 6 . They are independentandcanbe easily

computedfor any orderanddegree.However, themomentsof high orderanddegreearesensitive

to small geometricandphotometricdistortions.Computingthe invariantsreducesthenumberof

dimensions.Thesedescriptorsarethereforemoresuitablefor color imageswherethe invariants

canbe computedfor eachcolor channelandbetweenthe channels.

I I I . EXPERIMENTAL SETUP

In the following we �rst describethe region detectorsusedin our comparisonandthe region

normalizationnecessaryfor computingthe descriptors.We thengive implementationdetailsfor

the evaluateddescriptors.Finally, we discussthe evaluationcriterion and the imagedataused

in the tests.

A. Supportregions

Region detectorsusedifferent imagemeasurementsand are either scaleor af�ne invariant.

Lindeberg [23] hasdevelopeda scale-invariant “blob” detector, wherea “blob” is de�ned by a

maximumof the normalizedLaplacianin scale-space.Lowe [25] approximatesthe Laplacian

with difference-of-Gaussian(DoG) �lters andalsodetectslocalextremain scale-space.Lindeberg

andG	arding[24] make theblob detectoraf�ne-invariantusinganaf�ne adaptationprocessbased

on thesecondmomentmatrix. MikolajczykandSchmid[29, 30] usea multi-scaleversionof the

Harris interestpoint detectorto localize interestpoints in spaceand then employ Lindeberg's

schemefor scaleselectionandaf�ne adaptation.A similar ideawasexploredby Baumberg [2]

aswell asSchaffalitzky andZisserman[37]. TuytelaarsandVan Gool [42] constructtwo types

of af�ne-invariant regions, one basedon a combinationof interestpoints and edgesand the

other one basedon imageintensities.Mataset al. [28] introducedMaximally StableExtremal

Regions extractedwith a watershedlike segmentationalgorithm.Kadir et al. [18] measurethe

entropy of pixel intensity histogramscomputedfor elliptical regions to �nd local maxima in

af�ne transformationspace.A comparisonof state-of the art af�ne region detectorscan be

found in [33].

1) Region detectors: The detectorsprovide the regions which are usedto computethe de-

scriptors.If not statedotherwisethe detectionscaledeterminesthe size of the region. In this

evaluationwe have used� ve detectors:
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Harris points [15] are invariant to rotation.The supportregion is a �x ed sizeneighborhoodof

41x41pixels centeredat the interestpoint.

Harris-Laplaceregions[29] areinvariantto rotationandscalechanges.The pointsaredetected

by the scale-adaptedHarris function and selectedin scale-spaceby the Laplacian-of-Gaussian

operator. Harris-Laplacedetectscorner-like structures.

Hessian-Laplaceregions[25, 32] areinvariantto rotationandscalechanges.Pointsarelocalized

in spaceat the local maximaof the Hessiandeterminantand in scaleat the local maximaof

the Laplacian-of-Gaussian.This detectoris similar to the DoG approach[26], which localizes

points at local scale-spacemaxima of the difference-of-Gaussian.Both approachesdetectthe

sameblob-like structures.However, Hessian-Laplaceobtainsa higher localizationaccuracy in

scale-space,as DoG also respondsto edgesand detectionis unstablein this case.The scale

selectionaccuracy is alsohigherthanin the caseof the Harris-Laplacedetector. Laplacianscale

selectionactsasa matched�lter andworks betteron blob-like structuresthanon cornerssince

the shapeof the Laplaciankernel �ts to the blobs. The accuracy of the detectorsaffects the

descriptorperformance.

Harris-Af�ne regions [32] are invariant to af�ne imagetransformations.Localizationandscale

areestimatedby theHarris-Laplacedetector. Theaf�ne neighborhoodis determinedby theaf�ne

adaptationprocessbasedon the secondmomentmatrix.

Hessian-Af�ne regions [32, 33] are invariant to af�ne imagetransformations.Localizationand

scaleare estimatedby the Hessian-Laplacedetectorand the af�ne neighborhoodis determined

by the af�ne adaptationprocess.

Note that Harris-Af�ne differs from Harris-Laplaceby the af�ne adaptation,which is applied

to Harris-Laplaceregions. In this comparisonwe usethe sameregions except that for Harris-

Laplacethe region shapeis circular. The sameholds for the Hessianbaseddetector. Thus the

numberof regions is the samefor af�ne and scaleinvariant detectors.Implementationdetails

for thesedetectorsaswell asdefault thresholdsare describedin [32]. The numberof detected

regionsvariesfrom 200 to 3000per imagedependingon the content.

2) Region normalization: The detectorsprovide circular or elliptic regionsof differentsize,

which dependson the detectionscale.Given a detectedregion it is possibleto changeits

size or shapeby scaleor af�ne covariant construction.Thus,we can modify the set of pixels

which contribute to the descriptorcomputation.Typically, larger regions contain more signal
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variations.Hessian-Af�ne andHessian-Laplacedetectmainly blob-like structuresfor which the

signalvariationslie on theblob boundaries.To includethesesignalchangesinto thedescription,

the measurementregion is 3 times larger than the detectedregion. This factor is usedfor all

scaleand af�ne detectors.All the regions are mappedto a circular region of constantradius

to obtain scale and af�ne invariance.The size of the normalizedregion should not be too

small in order to representthe local structureat a suf�cient resolution.In all experimentsthis

size is arbitrarily set to 41 pixels. A similar patchsize was usedin [19]. Regions which are

larger thanthe normalizedsize,aresmoothedbeforethesizenormalization.The parameter7 of

the smoothingGaussiankernel is given by the ratio measurement/normalizedregion size.Spin

images,differential invariantsand complex �lters are invariant to rotation. To obtain rotation

invariancefor the other descriptorsthe normalizedregions are rotatedin the direction of the

dominantgradientorientation,which is computedin a small neighborhoodof the region center.

To estimatethe dominantorientationwe build a histogramof gradientanglesweightedby the

gradientmagnitudeand select the orientationcorrespondingto the largest histogrambin, as

suggestedin [25].

Illumination changescan be modeledby an af�ne transformation 5

+

��8��

1:9 of the pixel

intensities.To compensatefor suchaf�ne illumination changesthe imagepatch is normalized

with meanandstandarddeviation of the pixel intensitieswithin the region. The regions,which

are used for descriptorevaluation, are normalizedwith this method if not statedotherwise.

Derivative-baseddescriptors(steerable�lters, differential invariants)canalsobe normalizedby

computingillumination invariants.The offset 9 is eliminatedby the differentiationoperation.

The invarianceto linearscalingwith factor 5 is obtainedby dividing thehigherorderderivatives

by the gradientmagnituderaisedto the appropriatepower. A similar normalizationis possible

for momentsandcomplex �lters, but hasnot beenimplementedhere.

B. Descriptors

In the following we presentthe implementationdetailsfor the descriptorsusedin our experi-

mentalevaluation.We useten differentdescriptors:SIFT [25], gradientlocationandorientation

histogram(GLOH), shapecontext [3], PCA-SIFT [19], spin images[21], steerable�lters [12],

differentialinvariants[20], complex �lters [37], momentinvariants[43], andcross-correlationof

sampledpixel values.Gradientlocationand orientationhistogram(GLOH) is a new descriptor
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MIKOLAJCZYK AND SCHMID: A PERFORMANCEEVALUATION OF LOCAL DESCRIPTORS 9

which extendsSIFT by changingthe locationgrid andusingPCA to reducethe size.

SIFTdescriptorsarecomputedfor normalizedimagepatcheswith thecodeprovidedby Lowe[25].

A descriptoris a 3D histogramof gradientlocationandorientation,wherelocationis quantized

into a 4x4 location grid and the gradientangle is quantizedinto 8 orientations.The resulting

descriptoris of dimension128.Figure1 illustratestheapproach.Eachorientationplanerepresents

the gradientmagnitudecorrespondingto a given orientation.To obtain illumination invariance,

the descriptoris normalizedby the squareroot of the sumof squaredcomponents.

Gradientlocation-orientationhistogram(GLOH) is anextensionof theSIFT descriptordesigned

to increaseits robustnessand distinctiveness.We computethe SIFT descriptorfor a log-polar

location grid with 3 bins in radial direction (the radiusset to 6, 11 and 15) and 8 in angular

direction(cf. �gure 1(e)),which results17 locationbins.Note that the centralbin is not divided

in angulardirections.The gradientorientationsare quantizedin 16 bins. This gives a 272 bin

histogram.The sizeof this descriptoris reducedwith PCA. The covariancematrix for PCA is

estimatedon 47 000 imagepatchescollectedfrom variousimages(seesectionIII-C.1). The128

largesteigenvectorsareusedfor description.

(a) (b) (c) (d) (e)

Fig. 1. SIFT descriptor. (a) Detectedregion. (b) Gradientimageandlocationgrid. (c) Dimensionsof the histogram.(d) 4 of 8

orientationplanes.(e) Cartesianandthe log-polarlocationgrids.The log-polargrid shows 9 locationbins usedin shapecontext

(4 in angulardirection).

Shapecontext is similar to the SIFT descriptor, but is basedon edges.Shapecontext is a 3D

histogramof edgepoint locationsandorientations.Edgesareextractedby theCanny [5] detector.

Location is quantizedinto 9 bins of a log-polar coordinatesystemas displayedin �gure 1(e)

with the radiussetto 6, 11 and15 andorientationquantizedinto 4 bins (horizontal,verticaland

two diagonals).We thereforeobtaina 36 dimensionaldescriptor. In our experimentswe weight

a point contribution to thehistogramwith thegradientmagnitude.This hasshown to give better
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resultsthanusingthe sameweight for all edgepoints,asproposedin [3]. Note that the original

shapecontext wascomputedonly for edgepoint locationsandnot for orientations.

PCA-SIFT descriptoris a vectorof imagegradientsin
�

and
�

directioncomputedwithin the

support region. The gradient region is sampledat 39x39 locationsthereforethe vector is of

dimension3042.The dimensionis reducedto 36 with PCA.

Spin image is a histogramof quantizedpixel locationsand intensity values.The intensity of a

normalizedpatchis quantizedinto 10 bins.A 10 bin normalizedhistogramis computedfor each

of 5 rings centeredon the region. The dimensionof the spin descriptoris 50.

(a) (b)

Fig. 2. Derivative based�lters. (a) Gaussianderivatives up to 4th order. (b) Complex �lters up to 6th order. Note that the

displayed�lters arenot weightedby a Gaussian,for �gure clarity.

Steerable �lter s anddifferential invariantsusederivativescomputedby convolution with Gaus-

sianderivativesof 7

��;�<>=

for an imagepatchof size41. Changingtheorientationof derivatives

asproposedin [12] givesequivalentresultsto computingthe local jet on rotatedimagepatches.

We usethesecondapproach.Thederivativesarecomputedup to 4th order, that is thedescriptor

hasdimension14. Figure2(a) shows 8 of 14 derivatives;the remainingderivativesareobtained

by rotation by ?�@BA . The differential invariantsare computedup to 3rd order (dimension8).

We comparesteerable�lters and differential invariants computedup to the sameorder (cf.

sectionIV-A.3).

Complex �lter s arederived from the following equation
�DCFE������������:���

1

�����

C

���HGD�����

E�I

���������

.

The original implementation[37] has beenused for generatingthe kernels.The kernelsare

computedfor a unit disk of radius1 andsampledat 41x41locations.We use15 �lters de�ned

by JK1MLMN

;

(swapping J and L just gives complex conjugate�lters) ; the responseof the

�lters with J

�

L

�

@ is the averageintensityof the region. Figure2(b) shows 8 of 15 �lters.
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Rotationchangesthephasebut not themagnitudeof theresponse,thereforewe usethemodulus

of eachcomplex �lter response.

Momentinvariantsarecomputedup to 2nd order and2nd degree.The momentsare computed

for derivativesof an imagepatchwith �O 

"�#

� P

Q�R�S

Q*T R

�

"

�

#U),+UV

���������.-

 , where 0W1X3 is the order,

5 is the degree and
+*V

is the image gradient in direction / . The derivatives are computedin
�

and
�

directions.This resultsin a 20-dimensionaldescriptor(2x10 without �  

YZY ). Note that

originally momentinvariantswerecomputedon color images[43].

Crosscorrelation. To obtain this descriptorthe region is smoothedanduniformly sampled.To

limit the descriptordimensionwe sampleat 9x9 pixel locations.The similarity betweentwo

descriptorsis measuredwith cross-correlation.

Distancemeasure. Thesimilarity betweendescriptorsis computedwith theMahalanobisdistance

for steerable�lters, differential invariants,momentinvariantsand complex �lters. We estimate

one covariancematrix [ for eachcombinationof descriptor/detector; the samematrix is used

for all experiments.The matricesare estimatedon imagesdifferent from the test data. We

used21 imagesequencesof planarsceneswhich are viewed underall the transformationsfor

which we evaluatethe descriptors.There are approximately15 000 chainsof corresponding

regions with at least 3 regions per chain. An independentlyestimatedhomographyis used

to establishthe chainsof correspondences(cf. sectionIII-C.1 for details on the homography

estimation).We thencomputetheaverageover the individual covariancematricesof eachchain.

We alsoexperimentedwith diagonalvariancematricesandnearlyidenticalresultswereobtained.

The Euclideandistanceis usedto comparehistogrambaseddescriptors,that is SIFT, GLOH,

PCA-SIFT, shapecontext andspin images.Note that the estimationof covariancematricesfor

descriptornormalizationdiffers from the oneusedfor PCA. For PCA, onecovariancematrix is

computedfrom approximately47 000 descriptors.

C. Performanceevaluation

1) Data set: We evaluatethe descriptorson real imageswith differentgeometricandphoto-

metric transformationsandfor differentscenetypes.Figure3 shows exampleimagesof our data

set1 usedfor the evaluation.Six imagetransformationsare evaluated:rotation (a) & (b); scale

1The dataset is availableat http://www.robots.ox.ac.uk/˜vgg/research/af�ne
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change(c) & (d); viewpoint change(e) & (f); imageblur (g) & (h); JPEGcompression(i); and

illumination (j). In the caseof rotation, scalechange,viewpoint changeand blur, we usetwo

different scenetypes.One scenetype containsstructuredscenes,that is homogeneousregions

with distinctive edgeboundaries(e.g.graf�ti, buildings)andtheothercontainsrepeatedtextures

of differentforms. This allows to analyzethe in�uence of imagetransformationandscenetype

separately.

Imagerotationsare obtainedby rotating the cameraaroundits optical axis in the rangeof

30 and45 degrees.Scalechangeandblur sequencesareacquiredby varying the camerazoom

andfocusrespectively. The scalechangesarein the rangeof 2-2.5.In the caseof the viewpoint

changesequencesthe camerapositionvariesfrom a fronto-parallelview to onewith signi�cant

foreshorteningat approximately50-60degrees.The light changesareintroducedby varying the

cameraaperture.The JPEGsequenceis generatedwith a standardxv imagebrowser with the

imagequality parametersetto 5%.Theimagesareeitherof planarscenesor thecameraposition

was �x ed during acquisition.The imagesare thereforealways relatedby a homography(plane

projective transformation). The ground truth homographiesare computedin two steps.First,

an approximationof the homographyis computedusing manually selectedcorrespondences.

The transformedimageis warpedwith this homographyso that it is roughly alignedwith the

referenceimage.Second,a robust small baselinehomographyestimationalgorithm is usedto

computean accurateresidualhomographybetweenthe referenceimageand the warpedimage,

with automaticallydetectedandmatchedinterestpoints[16]. Thecompositionof theapproximate

andresidualhomographyresultsin an accuratehomographybetweenthe images.

In section IV we display the results for image pairs from �gure 3. The transformation

betweentheseimagesis signi�cant enoughto introducesomenoisein thedetectedregions.Yet,

many correspondencesare found and the matchingresultsare stable.Typically, the descriptor

performanceis higherfor small imagetransformationsbut the rankingremainsthe same.There

are few correspondingregions for large transformationsand the recall-precisioncurves are not

smooth.

A datasetdifferent from the testdatawasusedto estimatethe covariancematricesfor PCA

anddescriptornormalization.In bothcaseswe have used21 imagesequencesof differentplanar
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

(i) (j)

Fig. 3. Dataset.Examplesof imagesusedfor the evaluation,(a)(b) Rotation,(c)(d) Zoom+rotation,(e)(f) Viewpoint change,

(g)(h) Imageblur, (i) JPEGcompression,(j) Light change.
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sceneswhich areviewed underall the transformationsfor which we evaluatethe descriptors2.

2) Evaluationcriterion: We usea criterion similar to the one proposedin [19]. It is based

on the numberof correctmatchesandthe numberof falsematchesobtainedfor an imagepair.

Two regions \ and ] arematchedif the distance/ betweentheir descriptors̀̂_ and ^ba is

below a thresholdc . Eachdescriptorfrom the referenceimageis comparedwith eachdescriptor

from the transformedone and we count the numberof correctmatchesas well as the number

of falsematches.The value of c is varied to obtain the curves.The resultsare presentedwith

recall versus1-precision. Recall is the numberof correctlymatchedregionswith respectto the

numberof correspondingregionsbetweentwo imagesof the samescene:

dfehg

5ji�i

� k

gmlndfdfehg

c�Jo5�c

gmpqenr

k

gmlndsd
enr

0

l

Lt/

e

L

g$enr

The numberof correctmatchesandcorrespondencesis determinedwith the overlaperror [30].

The overlap error measureshow well the regions correspondunder a transformation,here a

homography. It is de�ned by theratio of the intersectionandunionof theregions uUv

�xw�Gy�

\{z

|~}

]

|•�•€��

\�‚

|~}

]

|ƒ�

where \ and ] arethe regionsand „ is the homographybetweenthe

images(cf. sectionIII-C.1). Given the homographyand the matricesde�ning the regions the

error is computednumerically. Our approachcountsthe numberof pixels in the union and the

intersectionof regions.Details can be found in [33]. We assumethat a matchis correct if the

error in the imageareacoveredby two correspondingregions is less than 50% of the region

union, that is u�v`…{@

<>†

. The overlapis computedfor the measurementregionswhich areusedto

computethedescriptors.Typically, therearevery few regionswith largererror thatarecorrectly

matchedandthesematchesarenot usedto computethe recall.The numberof correspondences

(possiblecorrectmatches)aredeterminedwith the samecriterion.

The numberof false matchesrelative to the total numberof matchesis representedby 1-

precision.
w&G

0

dfehg

�

r

�

l

L

� k

�

5ji

rhe

Jo5�c

gmpqenr

k

g$lsdsd
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1
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�
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Given recall, 1-precisionand the numberof correspondingregions, the numberof correct

matchescan be determinedby k

g$lsdsdfenr

0

l

L‡/

e

L

gmenrWˆ‰d
ehg

5ji�i and the numberof false matches

2The dataset is availableat http://www.robots.ox.ac.uk/˜vgg/research/af�ne
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by k
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L . For example,thereare3708corre-

spondingregionsbetweentheimagesusedto generate�gure 4(a).For apointon theGLOH curve

with recallof 0.3 and1-precisionof 0.6, thenumberof correctmatchesis Œ

=

@�•

ˆ

@

<

Œ

�xw�w�wnŽ

, and

thenumberof falsematchesis Œ

=

@�•

ˆ

@

<

Œ

ˆ

@

<•;B€��Šw�G

@

<•;B���‘w*;�;

• . Note that recalland1-precision

areindependentterms.Recall is computedwith respectto the numberof correspondingregions

and1-precisionwith respectto the total numberof matches.

Before we start the evaluation we discussthe interpretationof �gures and possiblecurve

shapes.A perfect descriptorwould give a recall equal to 1 for any precision. In practice,

recall increasesfor an increasingdistancethreshold,as noise which is introducedby image

transformationsand region detectionincreasesthe distancebetweensimilar descriptors.Hor-

izontal curves indicate that the recall is attainedwith a high precisionand is limited by the

speci�city of thescenei.e. thedetectedstructuresareverysimilar to eachotherandthedescriptor

cannotdistinguishthem.Anotherpossiblereasonfor non-increasingrecall is that the remaining

correspondingregions are very different from eachother (partial overlap close to 50%) and

thereforethe descriptorsare different. A slowly increasingcurve shows that the descriptoris

affectedby theimagedegradation(viewpoint change,blur, noiseetc.).If curvescorrespondingto

differentdescriptorsarefarapartandhavedifferentslopes,thenthedistinctivenessandrobustness

of the descriptorsis different for a given imagetransformationor scenetype.

IV. EXPERIMENTAL RESULTS

In this sectionwe presentanddiscussthe experimentalresultsof the evaluation.The perfor-

manceis comparedfor af�ne transformations,scalechanges,rotation,blur, jpeg compressionand

illumination changes.In the caseof af�ne transformationswe alsoexaminedifferentmatching

strategies,the in�uence of the overlaperror and the dimensionof the descriptor.

A. Af�ne transformations

In thissectionweevaluatetheperformancefor viewpointchangesof approximately
†

@ degrees.

This introducesa perspective transformationwhich can locally be approximatedby an af�ne

transformation.This is the mostchallengingtransformationof the onesevaluatedin this paper.

Note that therearealsosomescaleandbrightnesschangesin the test images,see�gure 3(e)(f).

In the following we �rst examine different matchingapproaches.Second,we investigatethe
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in�uence of the overlap error on the matchingresults.Third, we evaluatethe performancefor

different descriptordimensions.Fourth, we comparethe descriptorperformancefor different

region detectorsandscenetypes.
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Fig. 4. Comparisonof differentmatchingstrategies.DescriptorscomputedonHessian-Af�ne regionsfor imagesfrom �gure 3(e).

(a) Thresholdbasedmatching.(b) Nearestneighbormatching.(c) Nearestneighbordistanceratio matching. hes-lap gloh

is the GLOH descriptorcomputedfor Hessian-Laplaceregions(cf. sectionIV-A.4).

1) Matching strategies: The de�nition of a match dependson the matchingstrategy. We

comparethreeof them.In the caseof thresholdbasedmatchingtwo regionsarematchedif the

distancebetweentheir descriptorsis below a threshold.A descriptorcanhave several matches

andseveralof themmay be correct.In the caseof nearestneighborbasedmatchingtwo regions
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\ and ] are matchedif the descriptor ^’a is the nearestneighborto ^’_ and if the distance

betweenthemis below a threshold.With thisapproacha descriptorhasonly onematch.Thethird

matchingstrategy is similar to nearestneighbormatchingexceptthat the thresholdingis applied

to the distanceratio betweenthe �rst and the secondnearestneighbor. Thus, the regions are

matchedif “”“,^b_

G

^•a–“”“

€

“”“,^•_

G

^b—–“˜“j…Xc where ^ba is the �rst and ^’— is the secondnearest

neighborto ^b_ . All matchingstrategies compareeachdescriptorof the referenceimagewith

eachdescriptorof the transformedimage.

Figure 4(a)(b)(c) shows the results for the three matching strategies. The descriptorsare

computedon Hessian-Af�ne regions.The rankingof the descriptorsis similar for all matching

strategies.Therearesomesmallchangesbetweennearestneighbormatching(NN) andmatching

basedon thenearestneighbordistanceratio (NNDR). For low falsepositive ratesin �gures 4(a)

and (b) PCA-SIFT obtainsbetterscoresthan SIFT. In �gure 4(c), which shows the resultsfor

NNDR, SIFT is signi�cantly betterthan PCA-SIFT, whereasGLOH obtainsa scoresimilar to

SIFT. Crosscorrelationandcomplex �lters obtainslightly betterscoresthanfor thresholdbased

and nearestneighbormatching.Momentsperform as well as crosscorrelationand PCA-SIFT

in the NNDR matching(cf. �gure 4(c)).

The precision is higher for the nearestneighborbasedmatching (cf. �gure 4(b) and (c))

than for the thresholdbasedapproach(cf. �gure 4(a)). This is becausethe nearestneighboris

mostlycorrect,althoughthedistancebetweensimilardescriptorsvariessigni�cantly dueto image

transformations.Nearestneighbormatchingselectsonly thebestmatchandrejectsall theothers

below the thresholdthereforethereare lessfalsematchesand the precisionis high. Matching

basedon nearestneighbordistanceratio is similar but additionally penalizesthe descriptors

which have many similar matches,i.e. the distanceto the nearestneighboris comparableto the

distancesto other descriptors.This further improves the precision.The nearestneighborbased

techniquescan be usedin the context of matching,however they are dif�cult to apply when

descriptorsaresearchedin a large database.The distancebetweendescriptorsis then the main

similarity criterion. The resultsfor distancetresholdbasedmatchingre�ect the distribution of

the descriptorsin the space,we thereforeusethis methodfor our experiments.

2) Region overlap: In this sectionwe investigatethe in�uence of the overlap error on the

descriptorperformance.Figure5(a)displaysrecallwith respectto overlaperror. To measurethe

recall for differentoverlaperrorswe �x the distancethresholdfor eachdescriptorsuchthat the
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Fig. 5. Evaluationfor differentoverlaperrors.Testimagesarefrom �gure 3(e)anddescriptorsarecomputedfor Hessian-Af�ne

regions.The descriptorthresholdsare set to obtain precision=0.5.(a) Recall with respectto the overlap error. (b) Numberof

correctmatcheswith respectto the overlaperror. The bold line shows the numberof Hessian-Af�ne correspondences.

precisionis 0.5. Figure5(b) shows the numberof correctmatchesobtainedfor a falsepositive

rateof 0.5 and for differentoverlaperrors.

The numberof correctmatchesaswell as the numberof correspondencesis computedfor a

rangeof overlaperrors,i.e. thescorefor 20%is computedfor anoverlaperrorlargerthat10%and

lower than20%.As expectedthe recall decreaseswith increasingoverlaperror (cf. �gure 5(a)).

Therankingis similar to thepreviousresults.We canobserve that therecall for crosscorrelation

dropsfasterthanfor otherhigh dimensionaldescriptors,which indicateslower robustnessof this

descriptorto the region detectoraccuracy. We also show the recall for GLOH combinedwith

scaleinvariantHessian-Laplacedetector(hes-lap gloh ). The recall is zeroup to an overlap

error of 20 % as thereareno correspondingregions for suchsmall errors.The recall increases

to 0.3 at 30% overlap and slowly decreasesfor larger errors.The recall for hes-lap gloh

is slightly above the othersbecausethe large overlaperror is mainly causedby sizedifferences

in the circular regions, unlike for af�ne regions where the error also comesfrom the af�ne

deformationswhich signi�cantly affect the descriptors.

Figure 5(b) shows the actual numberof correct matchesfor different overlap errors. This

�gure alsore�ects theaccuracy of thedetector. Thebold line shows thenumberof corresponding

regionsextractedwith Hessian-Af�ne. Therearefew correspondingregionswith an error below
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10%, but nearly 90% of them are correctly matchedwith the SIFT baseddescriptors,PCA-

SIFT, momentsand crosscorrelation(cf. �gure 5(a)). Most of the correspondingregions are

locatedin the rangeof 10% and 60% overlaperrors,whereasmost of the correctmatchesare

locatedin the range10% to 40%. In the following experimentsthe numberof correspondences

is countedbetween0% and50%overlaperror. We allow for 50%errorbecausethe regionswith

this overlaperror canbe matchedif they arecenteredon the samestructure,unlike the regions

which areshiftedandonly partially overlapping.If the numberof detectedregions is high, the

probability of an accidentaloverlapof two regions is alsohigh, althoughthey may be centered

on differentimagestructures.Thelargerangeof allowedoverlaperrorsresultsin a largenumber

of correspondenceswhich alsoexplains low recall.

3) Dimensionality:Thederivatives-baseddescriptorsandthecomplex �lters canbecomputed

up to an arbitraryorder. Figure6(a) displaysthe resultsfor steerable�lters computedup to 3rd

and 4th order, differential invariantsup to 2nd and 3rd order and complex �lters up to 2nd

and 6th order. This resultsin 5, 9 dimensionsfor differential invariants;9, 14 dimensionsfor

steerable�lters; 9, 15 dimensionsfor complex �lters. We usedthe test imagesfrom �gure 3(e)

anddescriptorsarecomputedfor Hessian-Af�ne regions.Note that the vertical axes in �gure 6

are scaled.The differencebetweensteerable�lters computedup to 3rd and up to 4th order is

small but noticeable.This shows that the 3rd and 4th order derivativesare still distinctive. We

canobserve a similar behavior for differentordersof differential invariantsandcomplex �lters.

Steerable�lters computedup to 3th order perform betterthan differential invariantscomputed

up to the sameorder. The multiplication of derivativesnecessaryto obtain rotation invariance

increasesthe instability.

Figure 6(b) shows the resultsfor high dimensional,region-baseddescriptors(GLOH, PCA-

SIFT and crosscorrelation).The GLOH descriptoris computedfor 17 location bins and 16

orientationsand the 128 largest eigenvectors are used (gloh - 128 ). The performanceis

slightly lower if only 40 eigenvectorsare used (gloh - 40) and much lower for all 272

dimensions(gloh - 272 ). A similar behavior is observedfor PCA-SIFTandcrosscorrelation.

Crosscorrelationis evaluatedfor 36, 81, and400 dimensions,i.e. 6x6, 9x9 and20x20samples

and resultsare best for 81 dimensions(9x9). Figure 6(b) shows that the optimal numberof

dimensionsin this experimentis 128 for GLOH, 36 for PCA-SIFTand81 for crosscorrelation.

In the following we usethe numberof dimensionswhich gave the bestresultshere.
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Fig. 6. Evaluation for different descriptordimensions.Test imagesare from �gure 3(e) and descriptorsare computedfor

Hessian-Af�ne regions.(a) Low dimensionaldescriptors.(b) High dimensional,region-baseddescriptors.

Table I displaysthe sum of the �rst 10 eigenvaluesand the sum of all eigenvaluesfor the

descriptors.Theseeigenvaluesresultfrom PCA of descriptorsnormalizedby their variance.The

numbersgiven in tableI correspondto theamountof variancecapturedby differentdescriptors,

thereforeto their distinctiveness.PCA-SIFThasthe largestsum,followed by GLOH, SIFT and

theotherdescriptors.Momentshave thesmallestvalue.This re�ects thediscriminative power of

thedescriptors,but the robustnessis equallyimportant.Therefore,the rankingof thedescriptors

canbe different in otherexperiments.

4) Region andscenetypes: In this sectionweevaluatethedescriptorperformancefor different

af�ne region detectorsanddifferentscenetypes.Figures7(a) and 7(b) show the resultsfor the

structuredscenewith Hessian-Af�ne andHarris-Af�ne regions,and�gures 7(c) and(d) for the

texturedscenefor Hessian-Af�ne andHarris-Af�ne regions respectively.

The recall is better for the textured scene(�gure 7(c) and (d)) than for the structuredone

(�gures 7(a) and (b)). The numberof detectedregions is signi�cantly larger for the structured

scene,which containsmany corner-like structures.This leadsto an accidentaloverlapbetween

regions, thereforea high numberof correspondences.This also meansthat the actualnumber

of correctmatchesis larger for the structuredscene.The texturedscenecontainssimilar motifs,

however the regions capturesuf�ciently distinctive signal variations.The differencein perfor-

manceof SIFT baseddescriptorsandothersis largeron thetexturedscenewhich indicatesthata
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Descriptor
Sš™•›Bœ�• œŸžf Z¡£¢$ Z¤n¥�¦m§•¨h �©£¡˜ª So™� Z¡£¢$ Z¤s¥�¦$§•¨* �©£¡”ª

PCA-SIFT 1.0839e+12 1.9743e+12

GLOH 1.4085e+11 2.8277e+11

SIFT 3.4210e+09 6.4541e+09

Shapecontext 3.3582e+09 7.1149e+09

Spin images 4.4791e+09 5.2355e+09

Crosscorrelation 1.0657e+09 1.4076e+09

Steerable�lters 4.1529e+07 4.2909e+07

Differential invariants 2.5970e+07 2.6349e+07

Complex �lters 1.6328e+07 1.8264e+07

Moments 1.3829e+07 1.8100e+07

TABLE I

DISTINCTIVENESS OF THE DESCRIPTORS. SUM OF THE FIRST 10 AND SUM OF ALL EIGENVALUES FOR DIFFERENT

DESCRIPTORS.

largediscriminative power is necessaryto matchthem.Note that theGLOH descriptorperforms

beston the structuredsceneandSIFT obtainsthe bestresultsfor the texturedimages.

Descriptorscomputedfor Harris-Af�ne regions (see�gure 7(d)) give slightly worse results

than thosecomputedfor Hessian-Af�ne regions (see�gure 7(c)). This is observed for both,

structuredand textured scenes.The methodfor scaleselectionand for af�ne adaptationis the

samefor HarrisandHessianbasedregions.However, asmentionedin sectionIII-A, theLaplacian

basedscaleselectioncombinedwith the Hessiandetectorgivesmoreaccurateresults.

Note that GLOH descriptorscomputedon scaleinvariant regions perform worsethan many

otherdescriptors(seehes-lap gloh andhar-lap gloh in �gure 7), astheseregionsand

thereforethe descriptorsareonly scaleandnot af�ne invariant.

B. Scalechanges

In this sectionwe evaluatethedescriptorsfor combinedimagerotationandscalechange.Scale

changeslie in the range2-2.5andimagerotationsin the rangeŒ�@‰A

G~«j†

A . Figure8(a) shows the

performanceof descriptorscomputedfor Hessian-Laplaceregionsdetectedon a structuredscene

(see�gure 3(c)), and�gure 8(c) on a texturedscene(see�gure 3(d)). Harris-Laplaceregionsare

usedin �gures 8(b)(d). We can observe that GLOH gives the bestresultson Hessian-Laplace
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Fig. 7. Evaluationfor a viewpoint changesof ¬�­	®&¯•­ degrees.(a)Resultsfor a structuredscene,cf. �gure 3(e) with Hessian-

Af�ne regions.(b) Resultsfor a structuredscene,cf. �gure 3(e) with Harris-Af�ne regions.(c) Resultsfor a texturedscene,cf.

�gure 3(f), Hessian-Af�ne regions.(d) Resultsfor a texturedscene,cf. �gure 3(f), Harris-Af�ne regions.har-lap gloh is the

GLOH descriptorcomputedfor Harris-Laplaceregions.hes-lap gloh is theGLOH descriptorcomputedfor Hessian-Laplace

regions.

regions.In the caseof Harris-LaplaceSIFT andshapecontext obtainbetterresultsthat GLOH

if 1-precisionis larger than0.1. The ranking for otherdescriptorsis similar.

We canobserve that the performanceof all descriptorsis betterthanin the caseof viewpoint

changes.The regions are more accuratesincethereare lessparametersto estimate.As in the

caseof viewpoint changesthe resultsare betterfor the textured images.However, the number

of correspondingregionsis 5 times larger for Hessian-Laplaceand10 timesfor Harris-Laplace
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Fig. 8. Evaluationfor scalechangesof a factor2-2.5combinedwith an imagerotationof °•­�±f®²¬�³‹± . (a) Resultsfor a structured

scene,cf. �gure 3(c) with Hessian-Laplaceregions.(b) Resultsfor a structuredscene,cf. �gure 3(c) with Harris-Laplaceregions.

(c) Resultsfor a texturedscene,cf. �gure 3(d) with Hessian-Laplaceregions.(d) Resultsfor a texturedscene,cf. �gure 3(d) with

Harris-Laplaceregions.hes-aff gloh is the GLOH descriptorcomputedfor Hessian-Af�ne regionsand har-aff gloh

is the GLOH descriptorcomputedfor Harris-Af�ne regions.

on the structuredscenethanon the texturedone.

GLOH descriptorscomputedon af�ne invariantregionsdetectedby Harris-Af�ne (har-aff

gloh ) and Hessian-Af�ne (hes-aff gloh ) obtain slightly lower scoresthan SIFT based

descriptorscomputedon scale invariant regions, but they perform better than all the other

descriptors,unlike on imageswith viewpoint changes(cf. �gures 4 and 7). This is observed

for both structuredand textured scenes.This shows that af�ne invariant detectorscan also be
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usedin the presenceof scalechangesif combinedwith an appropriatedescriptor.

C. Image rotation
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Fig. 9. Evaluation for an imagerotation of °•­�±´®µ¬�³•± . Descriptorscomputedfor Harris points. hes-aff gloh - GLOH

descriptor computedfor Hessian-Af�ne regions. (a) Results for the structuredimages from �gure 3(a). There are 1671

correspondencesfor Hessian-Af�ne. (b) Resultsfor the textured imagesfrom �gure 3(b). There are 1671 correspondences

for Hessian-Af�ne.

To evaluatethe performancefor imagerotationwe usedimageswith a rotation anglein the

rangebetween30 and 45 degrees.This representsthe most dif�cult case.In �gure 9(a) we

comparethe descriptorscomputedfor standardHarris points detectedon a structuredscene

(cf. �gure 3(a)). All curves are horizontal at similar recall values,i.e. all descriptorshave a

similar performance.Note that momentsobtain a low scorefor this scenetype. The applied

transformation(rotation) doesnot affect the descriptors.The recall is below 1 becausemany

correspondencesare establishedaccidentally. Harris detector�nds many points close to each

other and many support regions accidentallyoverlap due to the large size of the region (41

pixes).

To evaluatethe in�uence of thedetectorerrorswe displaytheresultsfor theGLOH descriptor

computedon Hessian-Af�ne regions (hes-aff gloh ). The performanceis insigni�cantly

lower thanfor descriptorscomputedof �x edsizepatchescenteredon Harrispoints.Thenumber

of correctmatchesis higher for the af�ne invariantdetector. Thereare threetypesof error that
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in�uence the descriptorscomputation:the region error, the localizationerror and the error of

the estimatedorientationangle.In the caseof standardHarris the scaleandthereforethe patch

size remains�x ed. The only noise comesfrom the inaccuracy of the localization and from

the angleestimation.We notice in �gure 9(a) that theseerrorshave less impact on descriptor

performancethanthe region error which occursin the caseof Hessian-Af�ne. The error dueto

the orientationestimationis small sincethe rotation invariantdescriptorsdo not performbetter

thanthe non-invariantones.

Figure 9(b) presentsthe results for scannedtext displayedin �gure 3(b). The rank of the

descriptorschanges.GLOH, SIFTandshapecontext obtainthebestresults.Moments,differential

invariants,crosscorrelationand complex �lters fail on this example.The precisionis low for

all the descriptors.The descriptorsdo not capturesmall variationsin texture which resultsin

many falsematches.GLOH descriptorcomputedon af�ne invariantregions(hes-aff gloh )

performswell, i.e. lower thanon Harris point, but betterthanmostof the otherdescriptors.

D. Image blur
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Fig. 10. Evaluation for blur. Descriptorsare computedon Hessian-Af�ne regions. (a) Resultsfor a structuredscene,cf.

�gure 3(g) (har-aff gloh - Harris-Af�ne regions,1125 correspondences).(b) Resultsfor a textured scene,cf. �gure 3(h)

(har-aff gloh - Harris-Af�ne regions,6197correspondences).

In this sectiontheperformanceis measuredfor imageswith a signi�cant amountof blur. Blur

wasintroducedby changingthe camerafocus.Figure10(a)shows the resultsfor the structured
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sceneand �gure 10(b) for the texturedscene.The imagesaredisplayedin �gure 3(g) and (h),

respectively. Resultsare presentedfor regions detectedwith Hessian-Af�ne. We also show the

resultsfor GLOH computedon Harris-Af�ne regions (har-aff gloh ).

The resultsshow that all descriptorsareaffectedby this type of imagedegradation,although

there are no geometrictransformationsin theseimages.The pixel intensitiesand the shape

of local structureschangein an unpredictableway and the descriptorsare not robust to such

deformations.It is dif�cult to modelthesedeformations,thereforethecomparisonson arti�cially

generateddataare frequentlyoverly optimistic.

GLOH and PCA-SIFT give the highestscores.The performanceof shapecontext, which is

basedon edges,decreasessigni�cantly comparedto geometricchanges(sectionsIV-A andIV-B).

The edgesdisappearin the caseof a strongblur.

GLOH computedon Harris-Af�ne regionsobtainsa signi�cantly lower scorethanon Hessian-

Af�ne regions.Blur hasa larger in�uence on theperformanceof theHarris-Af�ne detectorthan

on the performanceof the Hessian-Af�ne detector. Similar observationsweremadein [33].

The resultsfor the texturedscene(cf. �gure 10(b)) areevenmorein�uenced by blurring. The

descriptorscannotdistinguishthe detectedregions sinceblurring makes them nearly identical.

SIFT gives the largest numberof matchesin this scene.Cross-correlationobtainsthe lowest

scoreamongthe high dimensionaldescriptorsbut higher than low dimensionalones.

E. JPEGcompression

In �gure 11 we evaluate the in�uence of JPEG compressionfor a structuredscene(cf.

�gure 3(i)). The quality of the transformedimage is 5% of the referenceone. Resultsare

presentedfor regionsdetectedwith Hessian-Af�ne.

The performanceof descriptorsis betterthanin the caseof blur (cf. sectionIV-D), but worse

thanin caseof rotationandscalechangesof structuredscenes(cf. sectionsIV-C and IV-B). The

performancegraduallyincreaseswith decreasingprecisionfor all descriptors,i.e. all descriptors

are affectedby JPEGartifacts.PCA-SIFT obtainsthe best scorefor a low false positive rate

and SIFT for a falsepositive rate above 0.2. The resultsfor GLOH lie in betweenthosetwo

descriptors.
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Fig. 11. Evaluation for JPEGcompression,cf. �gure 3(i). Descriptorsare computedon Hessian-Af�ne regions (har-aff

gloh - Harris-Af�ne regions,4142correspondences).

F. Illumination changes

Figure12 shows the resultsfor illumination changeswhich have beenobtainedby changing

the camerasettings.The imagepair is displayedin �gure 3(j). The descriptorsare computed

for Hessian-Af�ne regions.Figure12(a)comparestwo approachesto obtainaf�ne illumination

invariancefor differential descriptors: (i) basedon region normalization(steerable fil-

ters anddiff. invariant usedin all our comparisons),(ii) basedon theinvarianceof the

descriptors(invariant steerable filters and invariant differential in-

variants ), seesectionIII-A for details.We observe that thedescriptorscomputedon normal-

ized regionsaresigni�cantly better. Theoretically, the two methodsareequivalent.However, the

ratio of derivativesampli�es thenoisedueto region andlocationerrorsaswell asnon-af�ne illu-

minationchanges.The importanceof af�ne illumination invarianceis shown by the comparison

with descriptorswhich are not intensity normalized(not invariant steerable fil-

ters , not invariant differential invariants ). Thesedescriptorsobtain worse

results.The scoreis not zerobecausethesedescriptorsarebasedon derivativeswhich eliminate

the constantfactor from the intensity.

In �gure 12(b) thestandarddescriptorsarecomparedin thepresenceof illumination changes.

All thedescriptorsarecomputedon normalizedimagepatches.GLOH obtainsthebestmatching

score.The samedescriptorcomputedon Harris-Af�ne regionsobtainsan equivalentscore.
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Fig. 12. Evaluationfor illumination changes,cf. �gure 3(j). The descriptorsare computedfor Hessian-Af�ne regions (har-

aff gloh - Harris-Af�ne regions,1120correspondences).(a) Illumination invarianceof differentialdescriptors.steerable

filters and differential invariants are the standarddescriptorscomputedon the intensity normalizedregions.

invariant steerable filters and invariant differential invariants are the illumination invariants

and not invariant steerable filters andnot invariant differential invariants are not intensity

normalized.(b) Descriptorscomputedon illumination normalizedregions.

G. Matching example

This section illustrates a matching example for imageswith a viewpoint changeof more

than
†

@
A , see �gure 13. Hessian-Af�ne detects2511 and 2337 regions in the left and right

imagerespectively. Thereare747 correspondencesidenti�ed by the overlapcriterion de�ned in

sectionIII-C. For the 400 nearestneighbormatchesobtainedwith the GLOH descriptor, 192

arecorrect(displayedin yellow in �gure 13) and208 are false(displayedin blue).

Table II presentsrecall, falsepositive rate and the numberof correctmatchesobtainedwith

different descriptors.Theseresultsare all basedon a �x ed numberof 400 nearestneighbor

matches.GLOH obtainsthehighestrecall - 0.25,a slightly lower scoreis obtainedby SIFT and

shapecontext. Complex �lters achieve the lowestscore- 0.06.The numberof correctmatches

vary from 192 to 44. Thereareapproximately4.4 timeslesscorrectmatchesfor complex �lters

thanfor GLOH. This clearly shows the advantageof SIFT-baseddescriptors.
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(a) (b)

Fig. 13. Matching example.Thereare 400 nearestneighbormatchesobtainedwith the GLOH descriptoron Hessian-Af�ne

regions.Thereare192 correctmatches(yellow) and208 falsematches(blue).

Descriptor recall 1-precision #nearestneighbor

correctmatches

GLOH 0.25 0.52 192

SIFT 0.24 0.56 177

Shapecontext 0.22 0.59 166

PCA-SIFT 0.19 0.65 139

Moments 0.18 0.67 133

Crosscorrelation 0.15 0.72 113

Steerable�lters 0.12 0.78 90

Spin images 0.09 0.84 64

Differential invariants 0.07 0.87 54

Complex �lters 0.06 0.89 44

TABLE II

RECALL , 1-PRECISION AND NUMBER OF CORRECT MATCHES OBTAINED WITH DIFFERENT DESCRIPTORS FOR A FIXED

NUMBER OF 400 NEAREST NEIGHBOR MATCHES ON THE IMAGE PAIR DISPLAYED IN FIGURE 13. THE REGIONS ARE

DETECTED WITH HESSIAN-AFFINE.
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V. DISCUSSION AND CONCLUSIONS

In this paper we have presentedan experimentalevaluation of interest region descriptors

in the presenceof real geometricand photometrictransformations.The goal was to compare

descriptorscomputedon regions extracted with recently proposedscale and af�ne-invariant

detectiontechniques.Note that the evaluation was designedfor matchingand recognitionof

the sameobjector scene.

In mostof the testsGLOH obtainsthe bestresults,closelyfollowedby SIFT. This shows the

robustnessandthe distinctive characterof the region-basedSIFT descriptor. Shapecontext also

shows a high performance.However, for texturedscenesor whenedgesarenot reliableits score

is lower.

The bestlow dimensionaldescriptorsaregradientmomentsandsteerable�lters. They canbe

consideredas an alternative when the high dimensionalityof the histogram-baseddescriptors

is an issue.Differential invariantsgive signi�cantly worse resultsthan steerable�lters, which

is surprising as they are basedon the samebasic components(Gaussianderivatives). The

multiplication of derivativesnecessaryto obtain rotation invarianceincreasesthe instability.

Crosscorrelationgivesunstableresults.The performancedependson the accuracy of interest

point and region detection,which decreasesfor signi�cant geometrictransformations.Cross

correlationis moresensitive to theseerrorsthanotherhigh dimensionaldescriptors.

Regionsdetectedby Hessian-LaplaceandHessian-Af�ne aremainlyblob-likestructures.There

are no signi�cant signal changesin the centerof the blob thereforedescriptorsperform better

on larger neighborhoods.The resultsare slightly but systematicallybetteron Hessianregions

thanon Harris regionsdue to their higheraccuracy.

Therankingof thedescriptorsis similar for differentmatchingstrategies.We canobserve that

SIFT gives relatively better resultsif nearestneighbordistanceratio is usedfor thresholding.

Note that the precisionis higher for nearestneighborbasedmatchingthan for thresholdbased

matching.

Obviously, the comparisonpresentedhere is not exhaustive and it would be interestingto

include more scenecategories.However, the comparisonseemsto indicatethat robust region-

baseddescriptorsperformbetterthanpoint-wisedescriptors.Correlationis the simplestregion-

baseddescriptor. However, our comparisonhas shown that it is sensitive to region errors. It

would be interestingto includecorrelationwith patchalignmentwhich correctsfor theseerrors
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andto measurethe gain obtainedby suchan alignment.Of coursethis is very time consuming

andshouldonly be usedfor veri�cation.

Similar experimentsshould be conductedfor recognition and classi�cation of object and

scenecategories.An evaluationof the descriptorsin the context of texture classi�cation and

classi�cationof similar local structureswill be a usefulandvaluableadditionto our work. This

would probablyimply clusteringof local structuresbasedon the descriptorsandan evaluation

of theseclusters.It would be also interestingto comparethe SIFT baseddescriptorsin the

evaluationframework proposedin [21, 44].
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