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Abstract

In this paperwe comparethe performancenf descriptorccomputedfor local interestregions,asfor
exampleextractedby the Harris-Af ne detecto32]. Many differentdescriptorshave beenproposedn
the literature.However, it is unclearwhich descriptorsare more appropriateandhow their performance
depend®n theinterestregion detector The descriptorshouldbe distinctive andat the sametime robust
to changesn viewing conditionsaswell asto errorsof the detector Our evaluationusesas criterion
recall with respectto precisionand is carried out for differentimage transformationsWe compare
shapecontext [3], steerablelters [12], PCA-SIFT[19], differentialinvariants[20], spinimages[21],
SIFT [26], complex lters [37], momentinvariants[43], and cross-correlatiorfor different types of
interestregions.We also proposean extensionof the SIFT descriptor andshaw thatit outperformsthe
original method.Furthermorewe obsene that the ranking of the descriptorss mostly independenbf
the interestregion detectorand that the SIFT baseddescriptorsperform best. Momentsand steerable

Iters shaw the bestperformanceamongthe low dimensionaldescriptors.

Index Terms

Local descriptorsjnterestpoints, interestregions, invariance ,matching,recognition.

. INTRODUCTION

Local photometricdescriptorcomputedor interestregionshave provedto be very successful

in applicationssuch as wide baselinematching[37, 42], object recognition[10, 25], texture
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recognition[21], imageretrieval [29, 38], robotlocalization[40], videodatamining [41], building
panoramag4], and recognitionof object cateyories[8, 9, 22, 35]. They are distinctive, robust
to occlusionand do not require sgmentation.Recentwork has concentratedn making these
descriptorgnvariantto imagetransformationsThe ideais to detectimageregionscovariantto a
classof transformationswhich arethenusedassupportregionsto computeinvariantdescriptors.

Given invariantregion detectorsthe remainingquestionsare which is the most appropriate
descriptorto characterize¢he regions,anddoesthe choiceof the descriptordependon the region
detector Thereis a large numberof possibledescriptorsandassociatedlistancemeasuresvhich
emphasizalifferentimagepropertiedik e pixel intensities,color, texture, edgesetc. In this work
we focus on descriptorscomputedon gray-\valueimages.

The evaluation of the descriptorsis performedin the context of matchingand recognition
of the samesceneor object obsered under different viewing conditions.We have selecteda
numberof descriptorswhich have previously shovn a good performancen sucha contect and
compareghemusingthe sameevaluationscenaricandthe sametestdata.The evaluationcriterion
is recall-precisionj.e. the numberof correctand false matchesbetweentwo images.Another
possibleevaluationcriterion is the ROC (Recever OperatingCharacteristics)n the context of
imageretrieval from database$6, 31]. The detectionrate is equivalentto recall but the false
positive rateis computedfor a databasef imagesinsteadof a singleimagepair. It is therefore
dif cult to predictthe actualnumberof falsematchesor a pair of similar images.

Local featureswere also successfullyusedfor object category recognitionand classi cation.
The comparisonof descriptordan this contet requiresa different evaluationsetup.However, it
is unclearhow to selecta representatie setof imagesfor an objectcateyory andhow to prepare
the groundtruth, sincethereis no linear transformationrelating imageswithin a cateyory. A
possiblesolutionis to selectmanuallya few correspondingpoints and apply loose constraints
to verify correctmatchesasproposedn [18].

In this paperthe comparisonis carriedout for differentdescriptorsdifferentinterestregions
andfor differentmatchingapproachesComparedo our previouswork [31], this paperperforms
a more exhaustve evaluationandintroducesa new descriptor Several descriptorsand detectors
have beenaddedto the comparisonand the dataset containsa larger variety of scenegypes
andtransformationsWe have modi ed the evaluationcriterion andnow userecall-precisiorfor

imagepairs. The rankingof the top descriptords the sameasin the ROC basedevaluation[31].
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Furthermorepur new descriptoy gradientlocation and orientationhistogram(GLOH), which is

anextensionof the SIFT descriptoyis shavn to outperformSIFT aswell asthe otherdescriptors.

A. Relatedwork

Performancesvaluationhasgainedmore and moreimportancein computervision [7]. In the
context of matchingandrecognitionseveral authorshave evaluatedinterestpoint detectors[14,
30,33, 39]. Theperformances measuredby therepeatabilityrate,thatis the percentagef points
simultaneoushypresenin two images.The higherthe repeatabilityrate betweentwo imagesthe
more points can potentially be matchedandthe betterare the matchingand recognitionresults.

Very little work hasbeendoneon the evaluationof local descriptorsn the context of matching
andrecognition.CarneiroandJepsor6] evaluatethe performancef pointdescriptoraisingROC
(Recever OperatingCharacteristics)They shav thattheir phase-basedescriptomperformsbetter
thandifferentialinvariants.In their comparisorinterestpointsaredetectedy the Harris detector
andthe imagetransformationsregeneratedrti cially . Recently Ke and Sukthankaf19] have
developeda descriptorsimilar to the SIFT descriptor It appliesPrincipal ComponentsAnalysis
(PCA) to the normalizedimagegradientpatchand performsbetterthanthe SIFT descriptoron
arti cially generatediata. The criterion recall-precisionrand image pairs were usedto compare
the descriptors.

Local descriptors(also called lters) have also been evaluatedin the context of texture
classi cation. Randenand Husoy [36] comparedifferent Iters for one texture classi cation
algorithm.The lters evaluatedin this paperare Laws masks,Gabor lters, wavelettransforms,
DCT, eigen lters, linear predictorsand optimized nite impulse responselters. No single
approachis identi ed as best. The classi cation error dependson the texture type and the
dimensionalityof the descriptors.Gabor Iters were in most casesoutperformedby the other
Iters. Varmaand Zisserman[44] also compareddifferent lters for texture classi cation and
shaved that MRF performbetterthan GaussiarbasedIter banks.Lazebniket al. [21] propose
anew invariantdescriptorcalled“spin image”andcomparet with Gabor Iters in the contet of
texture classi cation. They show that the region-basedspin image outperformsthe point-based
Gabor Iter . However, the texture descriptorsandthe resultsfor texture classi cation cannotbe
directly transposedo region descriptors.The regions often containa single structurewithout

repeategpatternsandthe statisticaldependengfrequentlyexploredin texture descriptorscannot
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be usedin this context.

B. Overviav

In sectionll we presenta state of the art on local descriptors.Sectionlll describesthe
implementationdetailsfor the detectorsand descriptorsusedin our comparisonaswell asour
evaluationcriterion andthe dataset. In sectionlV we presentthe experimentalresults.Finally,

we discussthe results.

Il. DESCRIPTORS

Many different techniquesfor describinglocal image regions have been developed. The
simplestdescriptoris a vectorof imagepixels. Cross-correlatiortanthenbe usedto computea
similarity scorebetweentwo descriptorsHowever, the high dimensionalityof sucha description
resultsin a high computationakcompleity for recognition.Therefore,this techniqueis mainly
usedfor nding correspondencdsetweentwo images.Note thatthe region canbe sub-sampled
to reducethe dimension.Recently Ke and Sukthankaif19] proposedo usethe imagegradient
patchandto apply PCA to reducethe size of the descriptor
Distribution baseddescriptos. Thesetechniquesuse histogramsto representifferent charac-
teristicsof appearancer shape.A simple descriptoris the distribution of the pixel intensities
representedby a histogram.A more expressve representationvas introducedby Johnsonand
Hebert[17] for 3D objectrecognitionin the context of rangedata. Their representatior{spin
image)is a histogramof the relative positionsin the neighborhoodf a 3D interestpoint. This
descriptowasrecentlyadaptedo imageq21]. Thetwo dimensionsf the histogramaredistance
from the centerpoint andthe intensity value.

ZabihandWood Il [45] have developedan approachrobust to illumination changesilt relies
on histogramf orderingandreciprocalrelationsbetweemixel intensitiesvhich aremorerobust
thanraw pixel intensities.The binary relationsbetweenintensitiesof several neighboringpixels
are encodedby binary stringsand a distribution of all possiblecombinationss representedby
histogramsThis descriptoris suitablefor texturerepresentatiobut alarge numberof dimensions
is requiredto build a reliable descriptor[34].

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

antregion detectoranda descriptobasedon the gradientdistributionin the detectedegions.The
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descriptoris representedby a 3D histogramof gradientlocationsand orientations,see gure 1
for illustration. The contritution to the locationand orientationbins is weightedby the gradient
magnitude.The quantizationof gradientlocationsand orientationsmakes the descriptorrobust
to small geometricdistortionsandsmall errorsin the region detection.Geometrichistogram[1]
andshapecontet [3] implementthe sameideaandarevery similar to the SIFT descriptor Both
methodscomputea 3D histogramof locationandorientationfor edgepointswhereall the edge
points have equal contritution in the histogram.Thesedescriptorswere successfullyused,for
example,for shaperecognitionof dravings for which edgesarereliable features.
Spatial-fequencytechniques.Many techniquesdescribethe frequeng contentof an image.
The Fourier transform decomposeshe image contentinto the basis functions. However, in
this representatiornthe spatial relationsbetweenpoints are not explicit and the basisfunctions
arein nite, thereforedif cult to adaptto a local approachThe Gabortransform[13] overcomes
theseproblems,but a large numberof Gabor lters is requiredto capturesmall changesin
frequeny andorientation.Gabor lters andwavelets[27] arefrequentlyexploredin the context
of texture classi cation.

Differential descriptos. A setof imagederivativescomputedup to a given orderapproximates
a point neighborhoodThe propertiesof local derivatives(local jet) were investigatedoy Koen-
derink [20]. Florack et al. [11] derived differential invariants,which combine componentsof
thelocal jet to obtainrotationinvariance Freemarand Adelson[12] developedsteerablelters,
which steerderivativesin a particulardirection given the componentf the local jet. Steering
derivativesin thedirectionof the gradientmakestheminvariantto rotation.A stableestimationof
the derivativesis obtainedby convolution with Gaussiarderivatives.Figure2(a) shovs Gaussian
derivativesup to order4.

Baumbeg [2] and Schafalitzky and Zisserman37] proposedo usecomple lters derved
from the family , Where is the orientation.For the function
Baumbeg usesGaussianderivatives and Schafalitzky and Zissermanapply a polynomial (cf.
sectionlll-B and gure 2(b)). These lters differ from the Gaussianderivatives by a linear
coordinatexhangein lter responsespace.

Other technigues.Generalizednomentinvariantshave beenintroducedby Van Gool et al. [43]
to describethe multi-spectralnatureof the imagedata.The invariantscombinecentralmoments

de ned by with order and degree . The momentschar
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acterizeshapeand intensity distribution in a region . They areindependentind canbe easily
computedor ary orderanddegree.However, the momentsof high orderanddegreearesensitve
to small geometricand photometricdistortions.Computingthe invariantsreduceshe numberof
dimensionsThesedescriptorsare thereforemore suitablefor color imageswherethe invariants

can be computedfor eachcolor channeland betweenthe channels.

[11. EXPERIMENTAL SETUP

In the following we rst describethe region detectorsusedin our comparisorandthe region
normalizationnecessaryor computingthe descriptors We thengive implementationdetailsfor
the evaluateddescriptors Finally, we discussthe evaluationcriterion and the image dataused

in the tests.

A. Supportregions

Reagion detectorsuse differentimage measurementand are either scaleor afne invariant.
Lindebeg [23] hasdevelopeda scale-ivariant“blob” detectoy wherea “blob” is de ned by a
maximumof the normalizedLaplacianin scale-spacel.owe [25] approximateghe Laplacian
with difference-of-GaussigDoG) lters andalsodetectdocal extremain scale-spacd.indebeg
andGarding[24] make the blob detectoraf ne-invariantusinganaf ne adaptationprocesdased
on the secondmomentmatrix. Mik olajczykand Schmid[29, 30] usea multi-scaleversionof the
Harris interestpoint detectorto localize interestpointsin spaceand then employ Lindebep's
schemefor scaleselectionandafne adaptationA similar ideawas explored by Baumbeg [2]
aswell as Schafalitzky and Zisserman37]. Tuytelaarsand Van Gool [42] constructtwo types
of afne-invariant regions, one basedon a combinationof interestpoints and edgesand the
other one basedon image intensities.Mataset al. [28] introducedMaximally StableExtremal
Regions extractedwith a watershedik e segmentationalgorithm. Kadir et al. [18] measurethe
entrogy of pixel intensity histogramscomputedfor elliptical regionsto nd local maximain
afne transformationspace.A comparisonof state-ofthe art afne region detectorscan be
foundin [33].

1) Reagion detectos: The detectorsprovide the regions which are usedto computethe de-
scriptors.If not statedotherwisethe detectionscaledetermineshe size of the region. In this

evaluationwe have used ve detectors
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Harris points[15] areinvariantto rotation. The supportregion is a x ed size neighborhoodf
41x41 pixels centeredat the interestpoint.

Harris-Laplaceregions[29] areinvariantto rotationand scalechangesThe pointsaredetected
by the scale-adaptediarris function and selectedin scale-spacéy the Laplacian-of-Gaussian
operator Harris-Laplacedetectscornerlik e structures.

Hessian-Laplaceegions[25, 32] areinvariantto rotationandscalechangesPointsarelocalized
in spaceat the local maximaof the Hessiandeterminantand in scaleat the local maxima of
the Laplacian-of-GaussiarThis detectoris similar to the DoG approach[26], which localizes
points at local scale-spacenaximaof the difference-of-GaussiarBoth approachesletectthe
sameblob-like structures However, Hessian-Laplac®btainsa higher localizationaccurag in
scale-spaceas DoG also respondsto edgesand detectionis unstablein this case.The scale
selectionaccuray is alsohigherthanin the caseof the Harris-Laplacedetector Laplacianscale
selectionactsasa matched Iter andworks betteron blob-like structureshanon cornerssince
the shapeof the Laplaciankernel ts to the blobs. The accurag of the detectorsaffects the
descriptorperformance.

Harris-Af ne regions[32] areinvariantto afne imagetransformationsLocalizationand scale
areestimatedy the Harris-Laplacedetector The af ne neighborhoods determinedy the af ne
adaptationprocessbhasedon the secondmomentmatrix.

Hessian-Ahe regions[32, 33] areinvariantto af ne imagetransformationsLocalizationand
scaleare estimatedby the Hessian-Laplaceletectorand the af ne neighborhoods determined
by the af ne adaptationprocess.

Note that Harris-Af ne differs from Harris-Laplaceby the af ne adaptationwhich is applied
to Harris-Laplaceregions. In this comparisonwe usethe sameregions except that for Harris-
Laplacethe region shapeis circular The sameholds for the Hessianbaseddetector Thusthe
numberof regionsis the samefor afne and scaleinvariant detectorsImplementationdetails
for thesedetectorsas well as default thresholdsare describedn [32]. The numberof detected
regions variesfrom 200 to 3000 per image dependingon the content.

2) Raion normalization: The detectorsprovide circular or elliptic regions of differentsize,
which dependson the detectionscale. Given a detectedregion it is possibleto changeits
size or shapeby scaleor afne covariantconstruction.Thus, we can modify the setof pixels

which contritute to the descriptorcomputation.Typically, larger regions contain more signal
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variations.Hessian-Afne andHessian-Laplacédetectmainly blob-like structuresor which the
signalvariationslie on the blob boundariesTo includethesesignalchangesnto the description,
the measurementegion is 3 times larger than the detectedregion. This factor is usedfor all
scaleand afne detectorsAll the regions are mappedto a circular region of constantradius
to obtain scale and afne invariance.The size of the normalizedregion should not be too
small in orderto representhe local structureat a sufcient resolution.In all experimentsthis
sizeis arbitrarily setto 41 pixels. A similar patchsize was usedin [19]. Regions which are
larger thanthe normalizedsize,are smoothedoeforethe size normalization.The parameter of
the smoothingGaussiarkernelis given by the ratio measurement/normalizedgion size. Spin
images,differential invariantsand comple< lters are invariantto rotation. To obtain rotation
invariancefor the other descriptorsthe normalizedregions are rotatedin the direction of the
dominantgradientorientation,which is computedin a small neighborhoof the region center
To estimatethe dominantorientationwe build a histogramof gradientanglesweightedby the
gradientmagnitudeand selectthe orientation correspondingo the largest histogrambin, as
suggestedn [25].

lllumination changescan be modeledby an afne transformation of the pixel
intensities.To compensatdor suchafne illumination changeghe image patchis normalized
with meanand standarddeviation of the pixel intensitieswithin the region. The regions,which
are usedfor descriptorevaluation, are normalizedwith this methodif not statedotherwise.
Derivative-basedlescriptorqsteerablelters, differentialinvariants)canalsobe normalizedby
computingillumination invariants. The offset is eliminatedby the differentiationoperation.
Theinvarianceto linear scalingwith factor is obtainedby dividing the higherorderderivatives
by the gradientmagnituderaisedto the appropriatepower. A similar normalizationis possible

for momentsand comple lters, but hasnot beenimplementechere.

B. Descriptos

In the following we presentthe implementatiordetailsfor the descriptorsusedin our experi-
mentalevaluation.We useten differentdescriptorsSIFT [25], gradientlocationandorientation
histogram(GLOH), shapecontet [3], PCA-SIFT[19], spinimages[21], steerablelters [12],
differentialinvariants[20], complec Iters [37], momentinvariants[43], andcross-correlatiomof

sampledpixel values.Gradientlocation and orientationhistogram(GLOH) is a new descriptor
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which extendsSIFT by changingthe locationgrid and using PCA to reducethe size.
SIFTdescriptos arecomputedor normalizedmagepatcheswith the codeprovidedby Lowe [25].
A descriptoris a 3D histogramof gradientlocationand orientation,wherelocationis quantized
into a 4x4 location grid and the gradientangleis quantizedinto 8 orientations.The resulting
descriptoris of dimensionl28.Figurel illustratestheapproachEachorientationplanerepresents
the gradientmagnitudecorrespondingo a given orientation.To obtainillumination invariance,
the descriptoris normalizedby the squareroot of the sumof squaredcomponents.
Gradientlocation-orientationhistogram (GLOH) is an extensionof the SIFT descriptordesigned
to increaseits robustnessand distinctveness We computethe SIFT descriptorfor a log-polar
location grid with 3 bins in radial direction (the radiussetto 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 givesa 272 bin
histogram.The size of this descriptoris reducedwith PCA. The covariancematrix for PCA is
estimatedon 47 000 imagepatchescollectedfrom variousimages(seesectionlll-C.1). The 128

largesteigervectorsare usedfor description.

(@) (b) (©) (d) (e)

Fig. 1. SIFT descriptor (a) Detectedregion. (b) Gradientimageandlocationgrid. (¢) Dimensionsof the histogram.(d) 4 of 8
orientationplanes.(e) Cartesiarandthe log-polarlocationgrids. The log-polargrid shavs 9 locationbins usedin shapecontext

(4 in angulardirection).

Shapecontext is similar to the SIFT descriptor but is basedon edges.Shapecontet is a 3D
histogramof edgepoint locationsandorientationsEdgesareextractedby the Canry [5] detector
Locationis quantizedinto 9 bins of a log-polar coordinatesystemas displayedin gure 1(e)
with the radiussetto 6, 11 and 15 andorientationquantizednto 4 bins (horizontal,verticaland
two diagonals) We thereforeobtaina 36 dimensionaldescriptor In our experimentswe weight

a point contribution to the histogramwith the gradientmagnitude This hasshown to give better
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resultsthanusingthe sameweightfor all edgepoints,asproposedn [3]. Note that the original
shapecontet was computedonly for edgepoint locationsand not for orientations.
PCA-SIFT descriptoris a vector of imagegradientsin  and direction computedwithin the
supportregion. The gradientregion is sampledat 39x39 locationsthereforethe vector is of
dimension3042. The dimensionis reducedto 36 with PCA.

Spinimage is a histogramof quantizedpixel locationsand intensity values.The intensity of a
normalizedpatchis quantizednto 10 bins. A 10 bin normalizedhistogramis computedor 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) Complec lters up to 6th order Note that the

displayed lters arenot weightedby a Gaussianfor gure clarity.

Steeable lter s anddifferential invariants use derivativescomputedby cornvolution with Gaus-
sianderwvativesof for animagepatchof size41. Changingthe orientationof derivatives
asproposedn [12] givesequialentresultsto computingthe local jet on rotatedimagepatches.
We usethe secondapproachThe derivativesare computedup to 4th order thatis the descriptor
hasdimensionl4. Figure2(a) shavs 8 of 14 derivatives;the remainingderivativesare obtained
by rotation by . The differential invariants are computedup to 3rd order (dimension8).

We comparesteerable lters and differential invariants computedup to the same order (cf.

sectionlV-A.3).

Comple lter s arederived from the following equation

The original implementation[37] has beenusedfor generatingthe kernels. The kernelsare
computedfor a unit disk of radius1 and sampledat 41x41locations.We use15 lters de ned

by (swapping and just gives complex conjugate lters) ; the responseof the

Iters with is the averageintensity of the region. Figure 2(b) shavs 8 of 15 lters.
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Rotationchangeghe phasebut not the magnitudeof the responsethereforewe usethe modulus
of eachcomplec lter response.
Momentinvariants are computedup to 2nd order and 2nd degree. The momentsare computed
for derivatives of animagepatchwith — , Where is the order
is the degreeand is the image gradientin direction . The dervatives are computedin
and directions.This resultsin a 20-dimensionabescriptor(2x10 without ). Note that
originally momentinvariantswere computedon color images[43].
Crosscorrelation. To obtain this descriptorthe region is smoothedand uniformly sampled.To
limit the descriptordimensionwe sampleat 9x9 pixel locations.The similarity betweentwo
descriptords measuredvith cross-correlation.
Distancemeasue. The similarity betweerdescriptorss computedwith the Mahalanobislistance
for steerablelters, differential invariants,momentinvariantsand complex lIters. We estimate
one covariancematrix  for eachcombinationof descriptor/detectqrthe samematrix is used
for all experiments.The matricesare estimatedon imagesdifferent from the test data. We
used2l image sequencesf planarsceneswhich are viewed underall the transformationdor
which we evaluatethe descriptors.There are approximatelyl5 000 chainsof corresponding
regions with at least 3 regions per chain. An independentlyestimatedhomographyis used
to establishthe chainsof correspondence&f. sectionlll-C.1 for details on the homography
estimation).We thencomputethe averageover the individual covariancematricesof eachchain.
We alsoexperimentedvith diagonalvariancematricesandnearlyidenticalresultswereobtained.
The Euclideandistanceis usedto comparehistogrambaseddescriptorsthatis SIFT, GLOH,
PCA-SIFT shapecontet and spinimages.Note that the estimationof covariancematricesfor
descriptomormalizationdiffers from the one usedfor PCA. For PCA, one covariancematrix is

computedfrom approximately47 000 descriptors.

C. Performanceevaluation

1) Data set: We evaluatethe descriptorson realimageswith differentgeometricand photo-
metric transformationandfor differentscenetypes.Figure 3 shavs exampleimagesof our data

set usedfor the evaluation. Six imagetransformationsare evaluated:rotation (a) & (b); scale
1The datasetis available at http://www.robots.ox.ac.uk/"vgg/researchief

February23, 2005 DRAFT



MIKOLAJCZYK AND SCHMID: A PERFORMANCEEVALUATION OF LOCAL DESCRIPORS 12

change(c) & (d); viewpoint change(e) & (f); imageblur (g) & (h); JPEGcompressioni); and
illumination (j). In the caseof rotation, scalechange viewpoint changeand blur, we usetwo
different scenetypes. One scenetype containsstructuredscenesthat is homogeneousegions
with distinctive edgeboundarieqe.g.grafti, buildings)andthe othercontainsrepeatedextures
of differentforms. This allows to analyzethe in uence of imagetransformatiorand scenetype
separately

Image rotationsare obtainedby rotating the cameraaroundits optical axis in the range of
30 and 45 degrees.Scalechangeand blur sequenceare acquiredby varying the camerazoom
andfocusrespectrely. The scalechangesarein the rangeof 2-2.5.1n the caseof the viewpoint
changesequencethe camerapositionvariesfrom a fronto-parallelview to one with signi cant
foreshorteningat approximately50-60degrees.The light changesareintroducedby varying the
cameraaperture.The JPEGsequences generatedvith a standardxv image browser with the
imagequality parametesetto 5%. Theimagesareeitherof planarscenesr the camergosition
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 transformedmageis warpedwith this homographyso that it is roughly alignedwith the
referenceimage. Second,a robust small baselinehomographyestimationalgorithmis usedto
computean accurateresidualhomographybetweenthe referencemageand the warpedimage,
with automaticallydetectecandmatchednterestpoints[16]. Thecompositionof theapproximate
andresidualhomographyresultsin an accuratehomographybetweenthe images.

In section IV we display the results for image pairs from gure 3. The transformation
betweerntheseimagesis signi cant enoughto introducesomenoisein the detectedegions. Yet,
mary correspondenceare found and the matchingresultsare stable. Typically, the descriptor
performancas higherfor smallimagetransformationgut the ranking remainsthe same.There
arefew correspondingegionsfor large transformationsand the recall-precisioncurves are not
smooth.

A datasetdifferentfrom the testdatawas usedto estimatethe covariancematricesfor PCA

anddescriptomormalization.In both casesve have used21 imagesequencesf differentplanar
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() (b)
() (d)
(e) ®
(9) (h)
0] 0]

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

(9)(h) Imageblur, (i) JPEGcompression(j) Light change.
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sceneswhich are viewed underall the transformationgor which we evaluatethe descriptors.
2) Evaluationcriterion: We usea criterion similar to the one proposedn [19]. It is based
on the numberof correctmatchesandthe numberof falsematchesobtainedfor animagepair.
Two regions and arematchedf the distance betweentheir descriptors  and is
below athreshold . Eachdescriptorfrom the referencamageis comparedwith eachdescriptor
from the transformedone and we countthe numberof correctmatchesaswell asthe number
of false matches.The value of is variedto obtainthe curves. The resultsare presentedvith
recall versusl-precision Recallis the numberof correctly matchedregionswith respecto the

numberof correspondingegions betweentwo imagesof the samescene:

The numberof correctmatchesand correspondences determinedwith the overlap error [30].
The overlap error measureshow well the regions correspondunder a transformation,here a
homographylt is de ned by theratio of the intersectiorandunion of the regions
where and aretheregionsand is the homographybetweenthe

images(cf. sectionlll-C.1). Given the homographyand the matricesde ning the regions the
erroris computednumerically Our approachcountsthe numberof pixelsin the union andthe
intersectionof regions. Details can be found in [33]. We assumehat a matchis correctif the
error in the image areacoveredby two correspondingegions s lessthan 50% of the region
union, thatis . The overlapis computedfor the measurementegionswhich are usedto
computethe descriptorsTypically, therearevery few regionswith larger error thatare correctly
matchedandthesematchesare not usedto computethe recall. The numberof correspondences
(possiblecorrectmatches)are determinedwith the samecriterion.

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

precision.

Given recall, 1-precisionand the numberof correspondingegions, the numberof correct

matchescan be determinedby and the numberof false matches

2The datasetis available at http://www.robots.ox.ac.uk/"vgg/researchief
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by . For example,thereare 3708 corre-
spondingregionsbetweertheimagesusedto generategure 4(a).For apointonthe GLOH curve
with recallof 0.3 and 1-precisionof 0.6, the numberof correctmatcheds , and
the numberof falsematchess . Notethatrecalland 1-precision
areindependenterms.Recallis computedwith respecto the numberof correspondingegions
and 1-precisionwith respectto the total numberof matches.

Before we start the evaluation we discussthe interpretationof gures and possiblecurve
shapes.A perfect descriptorwould give a recall equalto 1 for ary precision.In practice,
recall increasedor an increasingdistancethreshold,as noise which is introducedby image
transformationsand region detectionincreaseshe distancebetweensimilar descriptors.Hor-
izontal curves indicate that the recall is attainedwith a high precisionand is limited by the
speci city of thescend.e. thedetectedstructuresarevery similar to eachotherandthe descriptor
cannotdistinguishthem. Another possiblereasonfor non-increasingecallis that the remaining
correspondingregions are very different from each other (partial overlap close to 50%) and
thereforethe descriptorsare different. A slowly increasingcurve shavs that the descriptoris
affectedby theimagedegradation(viewpoint changeplur, noiseetc.).If curvescorrespondingo
differentdescriptorsarefar apartandhave differentslopesthenthedistinctvenesandrobustness

of the descriptordgs differentfor a given imagetransformationor scenetype.

V. EXPERIMENTAL RESULTS

In this sectionwe presentand discussthe experimentalresultsof the evaluation.The perfor
mances comparedor af ne transformationsscalechangestotation,blur, jpeg compressiomand
illumination changesin the caseof af ne transformationsve also examinedifferent matching

stratgies, the in uence of the overlap error and the dimensionof the descriptor

A. Afne transformations

In this sectionwe evaluatethe performancdor viewpointchange®f approximately degrees.
This introducesa perspectie transformationwhich can locally be approximatedby an af ne
transformationThis is the most challengingtransformationof the onesevaluatedin this paper
Note thatthereare alsosomescaleandbrightnesschangesn the testimages,see gure 3(e)(f).

In the following we rst examine different matchingapproachesSecond,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 detectorsand scenetypes.
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Fig.4. Comparisorof differentmatchingstrategjies.Descriptorscomputedon Hessian-Afne regionsfor imagesfrom gure 3(e).

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

is the GLOH descriptorcomputedfor Hessian-Laplaceegions (cf. sectionlV-A.4).

1) Matching strategies: The de nition of a match dependson the matching stratgy. We
comparethreeof them.In the caseof thresholdbasedmatchingtwo regions are matchedif the
distancebetweentheir descriptorss belon a threshold.A descriptorcan have several matches

andseveral of themmay be correct.In the caseof nearesneighborbasedmatchingtwo regions
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and are matchedif the descriptor is the nearesteighborto andif the distance
betweerthemis belov athreshold With this approacha descriptothasonly onematch.Thethird
matchingstrategy is similar to nearesneighbormatchingexceptthatthe thresholdings applied
to the distanceratio betweenthe rst and the secondnearestneighbor Thus, the regions are
matchedif where is the rst and is the secondnearest
neighborto . All matchingstratgyies compareeachdescriptorof the referenceimage with
eachdescriptorof the transformedmage.

Figure 4(a)(b)(c) shawvs the results for the three matching stratgies. The descriptorsare
computedon Hessian-Afne regions. The ranking of the descriptords similar for all matching
stratgies. Therearesomesmall changedetweemearesneighbormatching(NN) andmatching
basedon the nearesnheighbordistanceratio (NNDR). For low falsepositive ratesin gures 4(a)
and (b) PCA-SIFT obtainsbetterscoresthan SIFT. In gure 4(c), which shaws the resultsfor
NNDR, SIFT is signi cantly betterthan PCA-SIFT whereasGLOH obtainsa scoresimilar to
SIFT. Crosscorrelationandcomplex lters obtainslightly betterscoreshanfor thresholdbased
and nearestneighbormatching.Momentsperform as well as crosscorrelationand PCA-SIFT
in the NNDR matching(cf. gure 4(c)).

The precisionis higher for the nearestneighborbasedmatching (cf. gure 4(b) and (c))
thanfor the thresholdbasedapproach(cf. gure 4(a)). This is becauseahe nearesmneighboris
mostly correct,althoughthe distancebetweersimilar descriptorsrariessigni cantly dueto image
transformationsNearesieighbormatchingselectsonly the bestmatchandrejectsall the others
below the thresholdthereforethere are lessfalse matchesand the precisionis high. Matching
basedon nearestneighbordistanceratio is similar but additionally penalizesthe descriptors
which have mary similar matchesj.e. the distanceto the nearesneighboris comparabldo the
distancedo other descriptors.This further improvesthe precision.The nearesineighborbased
techniquescan be usedin the context of matching,however they are dif cult to apply when
descriptorsare searchedn a large databaseThe distancebetweendescriptorss thenthe main
similarity criterion. The resultsfor distancetresholdbasedmatchingre ect the distribution of
the descriptordan the space we thereforeusethis methodfor our experiments.

2) Ragion overlap: In this sectionwe investigatethe in uence of the overlap error on the
descriptorperformanceFigure5(a) displaysrecall with respecto overlaperror To measurghe

recall for differentoverlaperrorswe x the distancethresholdfor eachdescriptorsuchthatthe
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Fig. 5. Evaluationfor differentoverlaperrors.Testimagesarefrom gure 3(e)anddescriptorsarecomputedor Hessian-Afne
regions. The descriptorthresholdsare setto obtain precision=0.5(a) Recall with respectto the overlap error (b) Number of

correctmatcheswith respecto the overlap error. The bold line shavs the numberof Hessian-Afne correspondences.

precisionis 0.5. Figure 5(b) shavs the numberof correctmatchesobtainedfor a falsepositive
rate of 0.5 andfor differentoverlaperrors.

The numberof correctmatchesaswell asthe numberof correspondences computedfor a
rangeof overlaperrors,i.e.thescorefor 20%is computedor anoverlaperrorlargerthat10%and
lower than20%. As expectedthe recall decreasewiith increasingoverlaperror (cf. gure 5(a)).
Therankingis similar to the previous results.We canobsene thatthe recallfor crosscorrelation
dropsfasterthanfor otherhigh dimensionaldescriptorsyhich indicateslower robustnesof this
descriptorto the region detectoraccurag. We also shav the recall for GLOH combinedwith
scaleinvariantHessian-Laplacéetector(hes-lap  gloh ). Therecallis zeroup to anoverlap
error of 20 % asthereare no correspondingegionsfor suchsmall errors.The recall increases
to 0.3 at 30% overlap and slowly decreasesor larger errors. The recall for hes-lap  gloh
is slightly above the othersbecausehe large overlaperror is mainly causedoy size differences
in the circular regions, unlike for afne regions where the error also comesfrom the afne
deformationswhich signi cantly affect the descriptors.

Figure 5(b) shavs the actual numberof correct matchesfor different overlap errors. This
gure alsore ects theaccuray of thedetector The bold line shavs the numberof corresponding

regionsextractedwith Hessian-Afne. Therearefew correspondingegionswith anerror belov
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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 correspondingegions are
locatedin the rangeof 10% and 60% overlap errors,whereasmost of the correctmatchesare
locatedin the range10% to 40%. In the following experimentsthe numberof correspondences
is countedbetween0% and50% overlaperror. We allow for 50% error becausehe regionswith
this overlaperror canbe matchedif they are centeredon the samestructure,unlike the regions
which are shifted and only partially overlapping.If the numberof detectedregionsis high, the
probability of an accidentaloverlap of two regionsis also high, althoughthey may be centered
on differentimagestructuresThe large rangeof allowed overlaperrorsresultsin a large number
of correspondenceshich also explainslow recall.

3) Dimensionality: The derivatives-basedescriptorsandthe complex lters canbe computed
up to an arbitrary order Figure 6(a) displaysthe resultsfor steerablelters 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
steerablelters; 9, 15 dimensiondor complec lters. We usedthe testimagesfrom gure 3(e)
anddescriptorsare computedfor Hessian-Aine regions. Note that the vertical axesin gure 6
are scaled.The differencebetweensteerablelters computedup to 3rd and up to 4th orderis
small but noticeable.This shavs that the 3rd and 4th order derivatives are still distinctive. We
canobsenre a similar behaior for differentordersof differentialinvariantsand complec lters.
Steerablelters computedup to 3th order perform betterthan differential invariantscomputed
up to the sameorder The multiplication of derivatives necessaryo obtain rotation invariance
increaseghe instability.

Figure 6(b) shaws the resultsfor high dimensionalregion-baseddescriptors(GLOH, PCA-
SIFT and cross correlation). The GLOH descriptoris computedfor 17 location bins and 16
orientationsand the 128 largest eigervectorsare used (gloh - 128). The performanceis
slightly lower if only 40 eigervectorsare used(gloh - 40) and much lower for all 272
dimensionggloh - 272). A similar behaior is obseredfor PCA-SIFTandcrosscorrelation.
Crosscorrelationis evaluatedfor 36, 81, and 400 dimensionsj.e. 6x6, 9x9 and 20x20 samples
and resultsare bestfor 81 dimensions(9x9). Figure 6(b) shavs that the optimal number of
dimensiondn this experimentis 128 for GLOH, 36 for PCA-SIFTand81 for crosscorrelation.

In the following we usethe numberof dimensionswvhich gave the bestresultshere.
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Fig. 6. Evaluationfor different descriptordimensions.Testimagesare from gure 3(e) and descriptorsare computedfor

Hessian-Afne regions.(a) Low dimensionaldescriptors(b) High dimensionalregion-basedlescriptors.

Table | displaysthe sum of the rst 10 eigervaluesand the sum of all eigervaluesfor the
descriptors. Theseeigervaluesresultfrom PCA of descriptorsnormalizedby their variance The
numbersgivenin tablel correspondo the amountof variancecapturedoy differentdescriptors,
thereforeto their distinctivenessPCA-SIFT hasthe largestsum, followed by GLOH, SIFT and
the otherdescriptorsMomentshave the smallestvalue. This re ects the discriminatve power of
the descriptorsput the robustnesss equallyimportant. Therefore the ranking of the descriptors
canbe differentin otherexperiments.

4) Ragion andscendypes: In this sectionwe evaluatethe descriptomperformancdor different
afne region detectorsanddifferentscenetypes.Figures7(a) and 7(b) shaw the resultsfor the
structuredscenewith Hessian-Afne andHarris-Afne regions,and gures 7(c) and (d) for the
textured scenefor Hessian-Afne andHarris-Afne regionsrespectiely.

The recall is betterfor the textured scene( gure 7(c) and (d)) than for the structuredone
(gures 7(a) and (b)). The numberof detectedregionsis signi cantly larger for the structured
scene which containsmary cornerlike structuresThis leadsto an accidentaloverlap between
regions, thereforea high numberof correspondencedhis also meansthat the actualnumber
of correctmatchess larger for the structuredscene.The textured scenecontainssimilar motifs,
however the regions capturesufciently distinctive signal variations.The differencein perfor

manceof SIFT baseddescriptoraandothersis larger on the texturedscenewhich indicatesthata
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Descriptor
PCA-SIFT 1.0839e+12 1.9743e+12
GLOH 1.4085e+11 2.8277e+11
SIFT 3.4210e+09 6.4541e+09
Shapecontet 3.3582e+09 7.1149e+09
Spinimages 4.4791e+09 5.2355e+09
Crosscorrelation 1.0657e+09 1.4076e+09
Steerablelters 4.1529e+07 4.2909e+07
Differentialinvariants 2.5970e+07 2.6349e+07
Comple lters 1.6328e+07 1.8264e+07
Moments 1.3829e+07 1.8100e+07

TABLE |
DISTINCTIVENESS OF THE DESCRIPTORS. SUM OF THE FIRST 10 AND SUM OF ALL EIGENVALUESFOR DIFFERENT

DESCRIPTORS.

large discriminative power is necessaryo matchthem.Note thatthe GLOH descriptorperforms
beston the structuredsceneand SIFT obtainsthe bestresultsfor the texturedimages.

Descriptorscomputedfor Harris-Afne regions (see gure 7(d)) give slightly worseresults
than those computedfor Hessian-Afne regions (see gure 7(c)). This is obsened for both,
structuredand textured scenesThe methodfor scaleselectionand for af ne adaptationis the
samefor HarrisandHessiarbasedegions.However, asmentionedn sectionlll-A, thelLaplacian
basedscaleselectioncombinedwith the Hessiandetectorgives more accurateresults.

Note that GLOH descriptorscomputedon scaleinvariant regions perform worse than mary
otherdescriptorseehes-lap  gloh andhar-lap  gloh in gure 7), astheseregionsand

thereforethe descriptorsare only scaleandnot af ne invariant.

B. Scalechanges

In this sectionwe evaluatethe descriptordor combinedmagerotationandscalechange Scale
changedie in the range2-2.5andimagerotationsin the range . Figure 8(a) shaws the
performanceof descriptorcomputedor Hessian-Laplaceegionsdetectedn a structuredscene
(see gure 3(c)),and gure 8(c) on atexturedsceneg(see gure 3(d)). Harris-Laplaceregionsare

usedin gures 8(b)(d). We can obsenre that GLOH givesthe bestresultson Hessian-Laplace
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Fig. 7. Evaluationfor a viewpoint changesf degrees.(aResultsfor a structuredscenecf. gure 3(e)with Hessian-
Af ne regions.(b) Resultsfor a structuredscenecf. gure 3(e)with Harris-Afne regions.(c) Resultsfor a textured scene cf.
gure 3(f), Hessian-Afe regions.(d) Resultsfor a texturedscenegf. gure 3(f), Harris-Afne regions.har-lap  gloh isthe

GLOH descriptorcomputedor Harris-Laplaceregions.hes-lap  gloh is the GLOH descriptorcomputedor Hessian-Laplace
regions.

regions. In the caseof Harris-LaplaceSIFT and shapecontect obtain betterresultsthat GLOH
if 1-precisionis larger than0.1. The ranking for otherdescriptords similar.

We canobsene that the performanceof all descriptorss betterthanin the caseof viewpoint
changes.The regions are more accuratesincethere are less parameterdo estimate.As in the
caseof viewpoint changeghe resultsare betterfor the textured images.However, the number

of correspondingegionsis 5 timeslarger for Hessian-Laplacand 10 timesfor Harris-Laplace
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Fig. 8. Evaluationfor scalechange®f afactor2-2.5combinedwith animagerotationof . (@) Resultsfor a structured

scenegf. gure 3(c)with Hessian-Laplaceegions.(b) Resultsfor a structuredscenecf. gure 3(c) with Harris-Laplaceegions.
(c) Resultsfor atexturedscenecf. gure 3(d)with Hessian-Laplaceegions.(d) Resultsfor atexturedscenecf. gure 3(d)with
Harris-Laplaceregions. hes-aff ~ gloh is the GLOH descriptorcomputedfor Hessian-Afe regions and har-aff gloh

is the GLOH descriptorcomputedfor Harris-Af ne regions.

on the structuredscenethanon the textured one.

GLOH descriptorscomputedon af ne invariantregionsdetectedoy Harris-Afne (har-aff
gloh ) and Hessian-Afne (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 obsered

for both structuredand textured scenesThis shawvs that af ne invariant detectorscan also be
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usedin the presenceof scalechangesf combinedwith an appropriatedescriptor

C. Image rotation
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Fig. 9. Evaluationfor an image rotation of . Descriptorscomputedfor Harris points. hes-aff  gloh - GLOH

descriptor computedfor Hessian-Afne regions. (a) Resultsfor the structuredimagesfrom gure 3(a). There are 1671
correspondencefor Hessian-Afe. (b) Resultsfor the textured imagesfrom gure 3(b). There are 1671 correspondences

for Hessian-Afe.

To evaluatethe performanceor imagerotation we usedimageswith a rotationanglein the
range between30 and 45 degrees.This representgdhe 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 belovn 1 becausemary
correspondenceare establishedaccidentally Harris detector nds mary points closeto each
other and mary supportregions accidentallyoverlap due to the large size of the region (41
pixes).

To evaluatethein uence of the detectorerrorswe displaythe resultsfor the GLOH descriptor
computedon Hessian-Afne regions (hes-aff  gloh ). The performanceis insigni cantly
lower thanfor descriptorscomputedof x edsizepatchesenteredn Harris points. The number

of correctmatchess higherfor the af ne invariantdetector Therearethreetypesof error that
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in uence the descriptorscomputation:the region error, the localization error and the error of

the estimatedorientationangle.In the caseof standardHarris the scaleandthereforethe patch
size remains x ed. The only noise comesfrom the inaccurag of the localization and from

the angle estimation.We noticein gure 9(a) that theseerrorshave lessimpact on descriptor
performancehanthe region error which occursin the caseof Hessian-Afne. The error dueto

the orientationestimationis small sincethe rotation invariantdescriptorsdo not performbetter
thanthe non-invariantones.

Figure 9(b) presentsthe resultsfor scannedtext displayedin gure 3(b). The rank of the
descriptorchangesGLOH, SIFT andshapecontext obtainthe bestresults 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
mary falsematchesGLOH descriptorcomputedon af ne invariantregions (hes-aff  gloh )

performswell, i.e. lower thanon Harris point, but betterthan mostof the other descriptors.

D. Image blur
1r- 1~
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Fig. 10. Evaluation for blur. Descriptorsare computedon Hessian-Afne regions. (a) Resultsfor a structuredscene,cf.
gure 3(g) (har-aff gloh - Harris-Afne regions, 1125 correspondencesijb) Resultsfor a textured scenecf. gure 3(h)

(har-aff gloh - Harris-Afne regions, 6197 correspondences).

In this sectionthe performances measuredor imageswith a signi cant amountof blur. Blur

was introducedby changingthe camerafocus. Figure 10(a) shows the resultsfor the structured
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sceneand gure 10(b)for the textured scene.The imagesare displayedin gure 3(g) and (h),
respectrely. Resultsare presentedor regions detectedwith Hessian-Afne. We also shav the
resultsfor GLOH computedon Harris-Af ne regions (har-aff gloh ).

The resultsshav thatall descriptorsare affectedby this type of imagedegradation,although
there are no geometrictransformationsn theseimages.The pixel intensitiesand the shape
of local structureschangein an unpredictableway and the descriptorsare not robust to such
deformationsit is dif cult to modelthesedeformationsthereforethe comparison®n arti cially
generatedlataare frequentlyoverly optimistic.

GLOH and PCA-SIFT give the highestscores.The performanceof shapecontext, which is
basedn edgesdecreasesigni cantly comparedo geometricchangegsectiondV-A andlV-B).
The edgesdisappeaiin the caseof a strongblur.

GLOH computedon Harris-Af ne regionsobtainsa signi cantly lower scorethanon Hessian-
Af ne regions.Blur hasa largerin uence on the performanceof the Harris-Af ne detectorthan
on the performanceof the Hessian-Afne detector Similar obsenationswere madein [33].

Theresultsfor the texturedsceneg(cf. gure 10(b)) areevenmorein uenced by blurring. The
descriptorscannotdistinguishthe detectedregions since blurring makes them nearly identical.
SIFT gives the largest numberof matchesin this scene.Cross-correlatiorobtainsthe lowest

scoreamongthe high dimensionaldescriptorsbut higherthanlow dimensionalones.

E. JPEGcompession

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
presentedor regions detectedwith Hessian-Afe.

The performanceof descriptorgs betterthanin the caseof blur (cf. sectionlV-D), but worse
thanin caseof rotationandscalechange®f structuredscenegcf. sectiondV-C and 1V-B). The
performancegraduallyincreasesith decreasingprecisionfor all descriptorsj.e. all descriptors
are affected by JPEGartifacts. PCA-SIFT obtainsthe bestscorefor a low false positive rate
and SIFT for a false positive rate above 0.2. The resultsfor GLOH lie in betweenthosetwo

descriptors.
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Fig. 11. Evaluationfor JPEGcompressiongcf. gure 3(i). Descriptorsare computedon Hessian-Afe regions (har-aff

gloh - Harris-Afne regions, 4142 correspondences).

F. lllumination changes

Figure 12 shaws the resultsfor illumination changeswvhich have beenobtainedby changing
the camerasettings.The image pair is displayedin gure 3(j). The descriptorsare computed
for Hessian-Afne regions.Figure 12(a) compareswo approaches$o obtainafne 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 ), seesectionlll-A for details.We obsene that the descriptorccomputedon normal-
ized regionsaresigni cantly better Theoretically the two methodsare equivalent.However, the
ratio of derivativesampli es the noisedueto region andlocationerrorsaswell asnon-afne illu-
minationchangesThe importanceof af ne illumination invarianceis shavn by the comparison
with descriptorswhich are not intensity normalized(not invariant steerable fil-
ters , not invariant differential invariants ). Thesedescriptorsobtain worse
results.The scoreis not zerobecausehesedescriptorsare basedon derivativeswhich eliminate
the constantfactorfrom the intensity

In gure 12(b)the standarddescriptorsarecomparedn the presencef illumination changes.
All the descriptorsarecomputedon normalizedmagepatchesGLOH obtainsthe bestmatching

score.The samedescriptorcomputedon Harris-Af ne regions obtainsan equivalentscore.
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Fig. 12. Evaluationfor illumination changescf. gure 3(j). The descriptorsare computedfor Hessian-Afne regions (har-

aff gloh - Harris-Afne regions,1120correspondencesfa) lllumination invarianceof differentialdescriptorssteerable

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 sectionillustrates a matching example for imageswith a viewpoint changeof more
than , see gure 13. Hessian-Afne detects2511 and 2337 regions in the left and right
imagerespectiely. Thereare 747 correspondencadenti ed by the overlapcriterion de ned in
sectionlll-C. For the 400 nearesineighbormatchesobtainedwith the GLOH descriptoy 192
are correct(displayedin yellow in gure 13) and 208 are false (displayedin blue).

Table Il presentgecall, false positive rate and the numberof correctmatchesobtainedwith
different descriptors.Theseresultsare all basedon a x ed numberof 400 nearestneighbor
matchesGLOH obtainsthe highestrecall - 0.25,a slightly lower scoreis obtainedby SIFT and
shapecontet. Complec lters achiese the lowestscore- 0.06. The numberof correctmatches
vary from 192 to 44. Thereare approximately4.4 timeslesscorrectmatchedor complex lters
thanfor GLOH. This clearly shawvs the advantageof SIFT-baseddescriptors.
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() (b)

Fig. 13. Matching example. There are 400 nearestneighbormatchesobtainedwith the GLOH descriptoron Hessian-Aine

regions. Thereare 192 correctmatchegyellow) and 208 falsematchegblue).

Descriptor recall | 1-precision| #nearesheighbor

correctmatches
GLOH 0.25 0.52 192
SIFT 0.24 0.56 177
Shapecontet 0.22 0.59 166
PCA-SIFT 0.19 0.65 139
Moments 0.18 0.67 133
Crosscorrelation 0.15 0.72 113
Steerablelters 0.12 0.78 90
Spinimages 0.09 0.84 64
Differentialinvariants | 0.07 0.87 54
Comple lters 0.06 0.89 44

TABLE I

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.

February23, 2005 DRAFT



MIKOLAJCZYK AND SCHMID: A PERFORMANCEEVALUATION OF LOCAL DESCRIPORS 30

V. DiscussioN AND CONCLUSIONS

In this paperwe have presentedan experimentalevaluation of interestregion descriptors
in the presenceof real geometricand photometrictransformationsThe goal was to compare
descriptorscomputedon regions extracted with recently proposedscale and af ne-invariant
detectiontechniques Note that the evaluation was designedfor matchingand recognition of
the sameobjector scene.

In mostof the testsGLOH obtainsthe bestresults,closelyfollowed by SIFT. This shawvs the
robustnessandthe distinctive characterof the region-basedSIFT descriptor Shapecontext also
shaws a high performanceHowever, for texturedscenesor whenedgesarenot reliableits score
is lower.

The bestlow dimensionaldescriptorsare gradientmomentsand steerablelters. They canbe
consideredas an alternatve when the high dimensionalityof the histogram-basedescriptors
is an issue.Differential invariantsgive signi cantly worse resultsthan steerablelters, which
is surprising as they are basedon the same basic components(Gaussianderivatives). The
multiplication of derivativesnecessaryo obtainrotation invarianceincreaseghe instability.

Crosscorrelationgivesunstableresults.The performancedepend®n the accurag of interest
point and region detection,which decreasegor signi cant geometrictransformations Cross
correlationis more sensitve to theseerrorsthan otherhigh dimensionaldescriptors.

Reagionsdetectedy Hessian-LaplacandHessian-Afne aremainly blob-like structuresThere
are no signi cant signal changesn the centerof the blob thereforedescriptorsperform better
on larger neighborhoodsThe resultsare slightly but systematicallybetter on Hessianregions
thanon Harris regions dueto their higheraccurag.

Therankingof the descriptordgs similar for differentmatchingstrategies.We canobsenre that
SIFT givesrelatively betterresultsif nearestneighbordistanceratio is usedfor thresholding.
Note that the precisionis higherfor nearesineighborbasedmatchingthan for thresholdbased
matching.

Obviously, the comparisonpresentechereis not exhaustve and it would be interestingto
include more scenecatejories. However, the comparisonseemsto indicate that robust region-
baseddescriptorgperform betterthan point-wisedescriptors Correlationis the simplestregion-
baseddescriptor However, our comparisonhas shovn that it is sensitve to region errors. It

would be interestingto include correlationwith patchalignmentwhich correctsfor theseerrors
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andto measurehe gain obtainedby suchan alignment.Of coursethis is very time consuming
and shouldonly be usedfor veri cation.

Similar experimentsshould be conductedfor recognition and classi cation of object and
scenecatgories. An evaluation of the descriptorsin the context of texture classi cation and
classi cation of similar local structureswill be a usefulandvaluableadditionto our work. This
would probablyimply clusteringof local structuresbasedon the descriptorsand an evaluation
of theseclusters.It would be also interestingto comparethe SIFT baseddescriptorsin the

evaluationframework proposedn [21, 44].
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