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Abstract

Stablelocal feature detectionandrepresentationis a fun-
damentalcomponentof manyimageregistrationandobject
recognition algorithms. Mikolajczykand Schmid [14] re-
centlyevaluateda varietyof approachesand identi�ed the
SIFT[11] algorithmasbeingthemostresistantto common
image deformations. This paper examines(and improves
upon)the local image descriptorusedby SIFT. Like SIFT,
our descriptorsencodethesalientaspectsof theimagegra-
dientin thefeature point's neighborhood;however, instead
of using SIFT's smoothedweightedhistograms,we apply
Principal ComponentsAnalysis(PCA) to the normalized
gradientpatch. Our experimentsdemonstratethatthePCA-
basedlocal descriptorsaremoredistinctive, more robustto
image deformations,and more compactthan the standard
SIFT representation.We also presentresultsshowingthat
usingthesedescriptors in animageretrieval applicationre-
sultsin increasedaccuracyandfastermatching.

1. Intr oduction
Local descriptors[6, 12,18] arecommonlyemployed in a
numberof real-world applicationssuchasobject recogni-
tion [3, 11] and imageretrieval [13] becausethey can be
computedef�ciently , areresistantto partialocclusion,and
arerelatively insensitive to changesin viewpoint. Thereare
two considerationsto usinglocaldescriptorsin theseappli-
cations.First,wemustlocalizetheinterestpoint in position
andscale.Typically, interestpointsareplacedatlocalpeaks
in a scale-spacesearch,and�ltered to preserve only those
that arelikely to remainstableover transformations.Sec-
ond,we mustbuild a descriptionof the interestpoint; ide-
ally, thisdescriptionshouldbedistinctive(reliablydifferen-
tiating oneinterestpoint from others),concise,andinvari-
antover transformationscausedby changesin camerapose
andlighting. While thelocalizationanddescriptionaspects
of interestpoint algorithmsareoftendesignedtogether, the
solutionsto thesetwo problemsareindependent[14]. This
paperfocusesonapproachesto thesecondaspect– thecon-
structionandevaluationof localdescriptorrepresentations.

Mikolajczyk andSchmid[14] presenteda comparative

study of several local descriptorsincluding steerable�l-
ters[4], differentialinvariants[9], momentinvariants[18],
complex �lters [16], SIFT[11], andcross-correlationof dif-
ferent typesof interestpoints [6, 13]. Their experiments
showed that the rankingof accuracy for thedifferentalgo-
rithmswasrelatively insensitive to themethodemployedto
�nd interestpointsin the imagebut wasdependenton the
representationusedto model the imagepatcharoundthe
interestpoint. Sincetheir bestmatchingresultswereob-
tainedusingtheSIFT descriptor, this paperfocuseson that
algorithm and exploresalternatives to its local descriptor
representation.

Theremainderof thispaperis organizedasfollows. Sec-
tion 2 reviews the relevant aspectsof the SIFT algorithm.
Section3 detailsour PCA-basedrepresentationfor local
features(PCA-SIFT). Section4 presentsour evaluation
methodologyandperformancemetrics.Section5 provides
detailedexperimentalresultscomparingPCA-SIFTto stan-
dardSIFT on feature-matchingexperimentsandalsoin the
context of an imageretrieval application.Section6 exam-
inesthereasonsbehindPCA-SIFT's accuracy by exploring
the role of differentcomponentsin the representation.Fi-
nally, Section7 summarizesthecontributionsof thispaper.

2. Review of the SIFT Algorithm
SIFT, as describedin [12], consistsof four major stages:
(1) scale-spacepeak selection; (2) keypoint localization;
(3) orientationassignment;(4) keypoint descriptor. In the
�rst stage,potentialinterestpointsare identi�ed by scan-
ning the image over location and scale. This is imple-
mentedef�ciently by constructinga Gaussianpyramidand
searchingfor local peaks(termedkeypoints) in a seriesof
difference-of-Gaussian(DoG) images.In thesecondstage,
candidatekeypointsarelocalizedto sub-pixel accuracy and
eliminatedif found to beunstable.The third identi�es the
dominantorientationsfor eachkeypoint basedon its local
imagepatch. The assignedorientation(s),scaleand loca-
tion for eachkeypoint enablesSIFT to constructa canoni-
calview for thekeypoint thatis invariantto similarity trans-
forms. The �nal stagebuilds a local image descriptorfor
eachkeypoint, baseduponthe imagegradientsin its local



neighborhood(discussedbelow in greaterdetail). The�rst
threestageswill notbediscussedfurtherin thispapersince
ourwork makesnocontributionsto thoseareas.

The �nal (keypoint descriptor)stageof the SIFT algo-
rithm builds a representationfor eachkeypoint basedon
a patchof pixels in its local neighborhood.Note that the
patchhasbeenpreviously centeredaboutthekeypoint's lo-
cation,rotatedon thebasisof its dominantorientationand
scaledto the appropriatesize. The goal is to createa de-
scriptorfor thepatchthatis compact,highly distinctive(i.e.,
patchesfrom differentkeypointsmapto differentrepresen-
tations)andyet robust to changesin illumination andcam-
eraviewpoint (i.e., the samekeypoint in different images
mapsto similar representations).As discussedin [12], ob-
vious approachessuchas normalizedcorrelationbetween
imagepatchesdo not work sincethey areoverly sensitive
to registrationerrorsandnon-rigiddeformations.Thestan-
dardkeypoint descriptorusedby SIFT is createdby sam-
pling themagnitudesandorientationsof theimagegradient
in the patcharoundthe keypoint, and building smoothed
orientationhistogramsto capturethe importantaspectsof
thepatch.A 4� 4 arrayof histograms,eachwith 8 orienta-
tion bins,capturesthe roughspatialstructureof thepatch.
This 128-elementvector is thennormalizedto unit length
andthresholdedto remove elementswith smallvalues.

ThestandardSIFT keypoint descriptorrepresentationis
noteworthy in several respects: (1) the representationis
carefully designedto avoid problemsdueto boundaryef-
fects— smoothchangesin location,orientationandscale
do not causeradical changesin the featurevector; (2) it
is fairly compact,expressingthe patchof pixels using a
128 elementvector; (3) while not explicitly invariant to
af�ne transformations,therepresentationis surprisinglyre-
silient to deformationssuchas thosecausedby perspec-
tiveeffects.Thesecharacteristicsareevidencedin excellent
matchingperformanceagainstcompetingalgorithms[14].

On theotherhand,theconstructionof thestandardSIFT
featurevectoris complicatedandthechoicesbehindits spe-
ci�c design(asgivenin [12]) arenot clear. Our initial goal
wasto exploresimpleralternativesandto empiricallyevalu-
atethetradeoffs. However, asdiscussedin theremainderof
this paper, we discoveredthat our alternaterepresentation
was theoreticallysimpler, morecompact,fasterandmore
accuratethanthe standardSIFT descriptor. To ensurethat
our resultsarean accuratere�ection of reality, we usethe
original SIFT sourcecodeand restrict our changesto the
fourthstage.

3. PCA-basedSIFT descriptors

Our algorithmfor local descriptors(termedPCA-SIFT) ac-
ceptsthe sameinput as the standardSIFT descriptor: the
sub-pixel location,scale,anddominantorientationsof the

keypoint. We extract a 41� 41 patch at the given scale,
centeredover the keypoint, and rotatedto align its domi-
nantorientationto a canonicaldirection.1 PCA-SIFTcan
besummarizedin the following steps:(1) pre-computean
eigenspaceto expressthegradientimagesof local patches;
(2) given a patch, computeits local image gradient; (3)
project the gradientimagevector using the eigenspaceto
derive a compactfeaturevector. This featurevectoris sig-
ni�cantly smaller than the standardSIFT featurevector,
andcanbe usedwith the samematchingalgorithms. The
Euclideandistancebetweentwo featurevectorsis usedto
determinewhetherthe two vectorscorrespondto thesame
keypoint in differentimages.

Principal ComponentAnalysis (PCA) [7] is a stan-
dard techniquefor dimensionalityreductionandhasbeen
applied to a broad class of computer vision problems,
including featureselection(e.g., [5]), object recognition
(e.g., [15]) and facerecognition(e.g., [17]). While PCA
suffers from a numberof shortcomings[8, 10], suchasits
implicit assumptionof Gaussiandistributionsandits restric-
tion to orthogonallinear combinations,it remainspopular
dueto its simplicity. The ideaof applyingPCA to image
patchesis not novel (e.g., [3]). Our contribution lies in rig-
orouslydemonstratingthatPCAis well-suitedto represent-
ing keypointpatches(oncethey havebeentransformedinto
a canonicalscale,position and orientation),and that this
representationsigni�cantly improvesSIFT's matchingper-
formance. PCA-SIFTis detailedin the following subsec-
tions.

3.1. Of�ine computation of patch eigenspace
PCA enablesus to linearly-projecthigh-dimensionalsam-
plesontoa low-dimensionalfeaturespace.For ourapplica-
tion, this projection(encodedby thepatcheigenspace)can
bepre-computedonceandstored.

As discussedabove, the input vectoris createdby con-
catenatingthehorizontalandverticalgradientmapsfor the
41� 41 patchcenteredat thekeypoint. Thus,theinput vec-
tor has2� 39� 39= 3042elements.We thennormalizethis
vector to unit magnitudeto minimize the impactof varia-
tionsin illumination. It is importantto notethatthe41� 41
patchdoesnotspantheentirespaceof pixel values,nor the
smallermanifoldof patchesdrawn from naturalimages;it
consistsof the highly-restrictedsetof patchesthat passed
throughthe�rst threestagesof SIFT. More precisely, each
of the patchessatis�es the following properties: (1) it is
centeredona localmaximumin scale-space;(2) it hasbeen
rotatedso that (oneof its) dominantgradientorientations
is alignedto bevertical;(3) it only containsinformationfor
thescaleappropriateto thiskeypoint– i.e., the41� 41patch

1For keypointswith multiple dominantorientations,we build a repre-
sentationfor eachorientation,in thesamemannerasSIFT.



mayhave beencreatedfrom a muchlargerregion from the
original image. The remainingvariationsin the input vec-
tor aremainlydueto the“identity” of thekeypoint (i.e., the
3-D scenecorrespondingto this location)or to unmodeled
distortions(suchasperspective effectscausedby changing
cameraviewpoint). It is not unreasonableto believe that
theseremainingvariationscan be reasonablymodeledby
low-dimensionalGaussiandistributions, enablingPCA to
accuratelyrepresentthemwith a compactfeaturerepresen-
tation.More importantly, projectingthegradientpatchonto
the low-dimensionalspaceappearsto retain the identity-
relatedvariation while discardingthe distortionsinduced
by other effects. This hypothesisis supportedby the ex-
perimentalevidencediscussedin Sections4 and6.

To build our eigenspace,we ran the �rst threestagesof
the SIFT algorithmon a diversecollectionof imagesand
collected21,000patches.Eachwasprocessedasdescribed
above to createa 3042-elementvector, and PCA was ap-
plied to thecovariancematrix of thesevectors.Thematrix
consistingof thetop n eigenvectorswasstoredon disk and
usedas the projectionmatrix for PCA-SIFT. The images
usedin building theeigenspacewerediscardedandnotused
in any of thematchingexperiments.

3.2. Feature representation
To �nd thefeaturevectorfor a givenimagepatch,we sim-
ply createits 3042-elementnormalizedimagegradientvec-
tor and project it into our featurespaceusing the stored
eigenspace.Weempiricallydeterminedgoodvaluesfor the
dimensionalityof the featurespace,n; mostof the results
describedin this paperusen = 20 (Section6 discusses
the effectsof n on performance).The standardSIFT rep-
resentationemploys 128-elementvectors;usingPCA-SIFT
resultsin signi�cant spacebene�ts.

As discussedabove, we usethe Euclideandistancebe-
tween two featurevectorsto determinewhetherthe two
vectorsbelong to the samekeypoint in different images.
Thresholdingthis distancegeneratesa binarydecision,and
adjustingthisthresholdenablesoneto selecttheappropriate
trade-off betweenfalsepositivesandfalsenegatives.

4. Evaluation
First,wediscusstheevaluationmetricsusedto quantifyour
results.We thenoutlineourexperimentalsetupanddiscuss
the issueof generatingground-truthdata. Resultsarepre-
sentedin Section5.

4.1. Evaluation metrics
Receiver Operating Characteristics(ROC) and Recall-
Precisionarebothpopularmetricsin theliterature,andare
sometimesusedinterchangeably. Both capturethefactthat
we want to increasethe numberof correctpositiveswhile

minimizingthenumberof falsepositives;however, thesub-
tle differencesbetweenthemetricsshoulddictatethechoice
of oneover the other for speci�c scenarios.As observed
in [2], the former is well-suitedfor evaluatingclassi�ers,
sincethe falsedetectionrate is well-de�ned; the latter is
better-suitedfor evaluatingdetectors, sincethe numberof
falsedetectionsrelativeto thetotal numberof detectionsis
correctlyexpressedby 1� precision even thoughthe total
numberof negativescannotbedetermined.

Following [14], we choseto measurethe performance
of the SIFT local descriptorrepresentationson a keypoint
matchingproblem, de�ned as follows: given an interest
point in one image,�nd all matchesof that interestpoint
in the dataset. Clearly, this is a detectionrather than a
classi�cation task (the total number of negatives is not
well-de�ned), and thus the appropriatemetric is recall-
precision.Therefore,although[14] usesROC curves,this
paperpresentsrecall vs.1� precision graphs.

Thesegraphsare generatedas follows. The keypoints
for all of the imagesin the datasetare identi�ed (using
the initial stagesof the SIFT algorithm). All pairsof key-
pointsfrom differentimagesareexamined.If theEuclidean
distancebetweenthe featurevectorsfor a particularpair
of keypoints falls below the chosenthreshold,this pair is
termeda match. A correct-positiveis a matchwherethe
two keypointscorrespondto thesamephysical location(as
determinedeitherby groundtruthfor labeledimages,or us-
ing known imagetransformationsfor syntheticimagede-
formationtests).A false-positiveis a matchwherethetwo
keypointscomefrom differentphysical locations. The to-
tal numberof positivesfor the given datasetis known a
priori . From thesenumbers,we candeterminerecall and
1� precision:

recall =
numberof correct-positives

total numberof positives

and

1� precision =
numberof false-positives

total numberof matches(corrector false)
:

We generatethe recall vs. 1� precision graphsfor our
experimentsby varyingthethresholdfor eachalgorithm.

4.2. Experimental setup
We ran three main types of experimentsto explore the
differencebetweenthe standardSIFT representationand
PCA-SIFT. The �rst type examinedeachdescriptor's ro-
bustnessto (synthetically-generated)effectscausedby the
additionof noise,changesin illumination andtheapplica-
tion of imagetransformations.We collecteda datasetof
images2 andappliedthe following transformationsto each

2Availableat: http://www.cs.cmu.edu/˜yke/pcasift/



image: (1) Gaussiannoise(� =0.05),whereimageintensi-
tiesrangefrom 0 to 1; (2) rotationof 45� followedby a50%
scaling; (3) intensity scalingof 50%; (4) projective warp
equivalentto aviewing anglechangeof approximately30� .

Threedescriptorswereevaluatedin theseexperiments:
(1) the standardSIFT featurerepresentation(denotedas
“SIFT”); (2) PCA-SIFT(n=20) asdescribedin Section3,
where the eigenspacemodelsthe local gradient(denoted
as“Grad PCA 20”); (3) a variantof PCA-SIFTwherethe
eigenspacedirectlymodelsthelocalimagepatchratherthan
the local gradient(denotedas“Img PCA 20”). For (3), we
employedthestandardintensitynormalizationtechniqueof
subtractingthe meanandscalingto unit variance;without
thisstep,theresultsfor (3) wouldbeevenworse.

The secondtype evaluatedboth descriptorson real im-
agestaken from varying viewpoints, such as the INRIA
MOVI Graf�ti datasets[1]. Thethird typeinvolvedintegrat-
ing SIFTandPCA-SIFTinto animageretrieval application.
Additionalexperimentsto investigatetheeffectof keypoint
localizationerror, numberof PCA components,choiceof
distancemetricaregivenin Section6.

4.3. Generationof ground truth data
Werun theinitial stagesof SIFTonevery imageto identify
the keypoints. The goal is to obtain,for every pair of im-
ages,a list of thecorrectkeypoint matches.SincetheSIFT
algorithmgenerateshundredsor thousandsof keypointsper
image, manually identifying matchesfor a large dataset
would beextremelytime-consumingandpotentiallyerror-
prone.Fortunately, knowing themappingbetweentwo im-
agesenablesusto automaticallyresolve thematchingprob-
lem. For experimentsinvolving synthetically-generatedtar-
getimages,theseimagetransformsareknown a priori . For
theexperimentsinvolving theGraf�ti dataset,thetransform
(expressedasahomography) betweentwo matchingscenes
is given.Weusethatinformationasfollows.

Let Tij bethe transformationmappinga point in image
i to its correspondingpoint in imagej . An interestpoint
in the �rst image,Pi , mapsto P 0

i = Tij (Pi ) in the sec-
ond image. Ideally, oneshouldexpecta matchinginterest
point in the secondimageto lie at Pj = P0

i . In practice,
we considerthe matchto be valid if Pj andP0

i aresuf�-
ciently closein spaceandscale.Two pointsareconsidered
suf�ciently closein spaceif the distancebetweenthemis
lessthan� pixels,where� is thestandarddeviation of the
Gaussianusedto generatetheDoGfunction.They arecon-
sideredsuf�ciently closein scaleif their scalesarewithinp

2 of eachother.

5. Results
This sectionpresentsresultscomparingPCA-SIFT to the
standardSIFTrepresentationoncontrolledexperiments,the

Graf�ti dataset,andonanimageretrieval task.

5.1. Controlled transformations
Figure1 presentstheresultsof the�rst setof matchingex-
periments,where imageswere distortedundercontrolled
conditions.

Figure1ashows thatPCA-SIFTis dramaticallybetterat
handlingnoisyimagesfor almostall valuesof 1� precision,
and that PCA-SIFT (on the gradientmap) dominatesthe
PCA representationof thelocal imagepatch.Thestandard
SIFT representationoutperformsPCA-SIFTonly whenex-
tremelyhigh falsepositives ratescanbe tolerated. These
resultsarenotparticularlysurprisingsincePCAshouldpro-
vide excellentreconstructionundertheeffectsof Gaussian
noise.Ournext experimentsexaminetheimpactof geomet-
ric transforms.

Figure1bplotsresultsof anexperimentwheretargetim-
ageswererotatedby 45� andscaledby 50%while Figure1c
shows matchesafter targetswere distortedwith perspec-
tive transformationcorrespondingto a 30� out-of-planero-
tation. While noneof the representationsare particularly
well-suitedto this task, PCA-SIFT clearly dominatesthe
othertwo algorithms.

Figure1d shows thatall of therepresentationsarewell-
suitedto capturingsimplevariationsin illumination (note
that recall axis hasbeenmagni�ed andoffset to highlight
thedifferences).Looking closely, we canseethat thestan-
dardSIFT representationis slightly betterthanPCA-SIFT
for mostof the domain. However, given that all of the al-
gorithmsdisplaya recallof morethan95%,this is not very
signi�cant.

5.2. INRIA Graf�ti dataset
The INRIA Graf�ti [1] datasetcontainsimagesof graf�ti-
covered walls taken from different cameraviewpoints.
Sincethe sceneis planar, the transformationbetweenim-
agescanbe modeledas a 2-D planarhomography (given
in thedataset).Our goalwasto matchcorrespondingkey-
pointsbetweenimages.Figure2 shows the matchingper-
formancefor the two algorithmson the Graf�ti 6 dataset.
Although the absoluterecall is ratherlow dueto the high
degree of projective warp, PCA-SIFT clearly dominates.
Note that a low recall at high precisionis acceptablefor
real-world applications.For instance,PCA-SIFThasa re-
call of about5% at 1� precisionof 20%;we locateabouta
thousandkeypoints in the image,of which 50 arereliable
matches.This numberof reliablematchesis suf�cient for
applicationssuchasimageretrieval.

5.3. Image retrieval application
We have integratedSIFT andPCA-SIFTinto an imagere-
trieval applicationfor real-world scenestaken from differ-
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Figure1: SIFT vs. PCA-SIFT on a matching task where the images are deformed or corrupted under controlled conditions. (a)
target images were corrupted by Gaussian noise (� =0.05 of the intensity range). (b) target images were rotated by 45� and
scaled by 50%. (c) target images were projectively warped to simulate a viewpoint change of 30� . (d) target image intensities
were scaled by 50%. Note that the Recall axis starts at 0.9 because all methods perform extremely well on this task.
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Figure2: SIFT vs. PCA-SIFT (n=12) on Graf�ti 6 [1].

ent viewpoints. Unlike the Graf�ti dataset,the scenesare
notplanar, andcontainocclusions,andre�ective surfaces.

Image retrieval using SIFT is formulated as follows.
Giventwo images,we �rst extract their correspondingfea-
turevectors.For eachfeaturevectorin oneimage,wecom-
pare it against all featurevectorsin the other imageand
count the numberof featuresthat are within a threshold
distance. We treat the numberof matchesas a similarity
betweenimages.

For thisexperiment,wechoseasmalldataset3 of 30 im-
ages(10commonhouseholditems,photographedfrom dif-
ferentviewpoints).Eachimagewasusedasaqueryinto the
database(in a leave-one-outmanner). If both of the other
two imagesof the correspondingobject were returnedin
thetop threepositions,thealgorithmwasawarded2 points;
if only oneof thecorrectmatchesappearedin thetop three
positions,it wasawarded1 point;otherwise,it wasawarded
no points.Thescoresweredividedby 60 (thetotal number
of correctmatches)andaregivenin Table1.4 Thethreshold
distancefor eachalgorithmwastunedto give the bestre-
sults(SIFT threshold:141;PCA-SIFTthreshold:2200);in
practice,awiderangeof thresholdsworkswell. Theresults
show that PCA-SIFT's matchingaccuracy at the keypoint
level alsotranslatesinto betterretrieval results.

3Availableathttp://www.cs.cmu.edu/˜yke/pcasift/
4This is equivalentto measuringP(2),theprecisionof thesystemwhen

two objectsareretrieved.

SIFT PCA-SIFT(n=20)
Correctretrieval 43% 68%

Table1: Percentage of images correctly retrieved in our im-
age retrieval application. PCA-SIFT's matching accuracy
translates into signi�cant practical bene�ts .

Figure3 shows theresultof applyingSIFT to two chal-
lengingscenes(a clutteredcoffee tableanda Graf�ti im-
age).Wemanuallysetthethresholdsto haveeachalgorithm
return10 matches.PCA-SIFTclearly dominatesthe stan-
dardrepresentationin theseexperiments.In particular, the
latterappearsto getconfusedby theedgesof severalof the
objects.

Figure4 is a detailedlook at oneof thekeypointsfrom
this example. The potentialmatchesarepresentedin rank
orderfor eachalgorithm.Thestandardrepresentationrates
thecorrectmatchin thethird positionwhile PCA-SIFTcor-
rectly ranksit �rst.

Table 2 comparesthe running time betweenSIFT and
PCA-SIFT. Thetop partshows thefeatureextractionof an
imagewith approximately2200 interestpoints. The �rst
row is the time neededto localizethe interestpoint (com-
mon to bothalgorithms).Thesecondandthird rows show
the time neededto calculatethe descriptorrepresentation.
We observe that the time neededto computethe represen-
tation is comparable. The lower part of the table shows
thatPCA-SIFTis signi�cantly fasterin thematchingphase;
PCA-SIFT(n=20)requiresonly athird of thetimeto dothe
2.4million point comparisons.

6. Discussion
Section5 showed that PCA-SIFT was both signi�cantly
moreaccurateandmuchfasterthanthestandardSIFT local
descriptor. However, theseresultsaresomewhatsurprising
sincethe latter wascarefully designedwhile PCA-SIFTis
a somewhat obvious idea. We now take a closer look at
thealgorithm,andproposesomehypothesesthatmayhelp



(A1) SIFT: (A2) PCA-SIFT(n=20): (B1) SIFT: (B2) PCA-SIFT(n=20):
4/10correct 9/10correct 6/10correct 10/10correct

Figure 3: A comparison between SIFT and PCA-SIFT (n=20) on some challenging real-world images taken from different
viewpoints. (A) is a photo of a cluttered coffee table; (B) is a wall covered in Graf�ti from the INRIA Graf�ti dataset. The top ten
matches are shown for each algorithm: solid white lines denote correct matches while dotted black lines show incorrect ones.

Querykeypoint
Rank 1 2 3

SIFT
SIFTDistance 158 245 256

PCA-SIFTDistance 8087 8551 4438

PCA-SIFT
SIFTDistance 256 399 158

PCA-SIFTDistance 4438 7011 8087
Figure4: A closer look at matching results for a particular
keypoint (zoomed in view of a region from Figure 3). The
top three matches for this keypoint for SIFT and PCA-SIFT
(n=20) are shown. The correct match is third on the list
for the standard representation, while it is the top match for
PCA-SIFT. The two algorithms use different feature spaces
so a direct comparison of the distance values is not mean-
ingful.

explainPCA-SIFT'ssuccess.
Figure 5 shows that the gradientpatchessurrounding

SIFTkeypointsarehighly structured,andthereforeeasierto
representusingPCA.We seethat theeigenvaluesfor these
patchesdecaymuchfasterthaneigenvaluesfor randomly-
selectedgradientpatches.This is becausethepatchessur-
roundingkeypoints all sharecertaincharacteristics,stem-
ming from theSIFT keypoint detectionphase:they areall

time (sec) �
LocalizationandI/O 2.63 0.09
SIFT representation 1.59 0.06
PCA-SIFTrepresentation 1.64 0.04
SIFTmatching 2.20 0.03
PCA-SIFTmatching 0.58 0.05

Table2: Running times (and standard deviations) for SIFT
and PCA-SIFT (n=20) averaged over 10 independent runs.
The localization and I/O steps are common to both algo-
rithms. Building both representations takes comparable
time, but matching using PCA-SIFT is much faster.

centeredonalocalmaximumin scale-space,rotatedtoalign
thedominantgradientswith thevertical,andscaledappro-
priately. This simpli�es the job thatPCA mustdo, anden-
ablesPCA-SIFTto accuratelyrepresentthe patchusinga
smallnumberof dimensions.

A naturalquestionto consideris whetherPCA-SIFT's
representationis sensitive to the imagesusedin the cre-
ation of the eigenspace— i.e., is it reasonableto assume
a canonicaleigenspacefor representingkeypoint gradient
patches?Our experimentsshow that the eigenspacesgen-
eratedfrom keypointpatchesobtainedfrom differentimage
setsarequiteconsistent,andthatPCA-SIFT'sperformance
doesnotrequireusto trainaneigenspacespeci�cally for the
testingimages.Figure6 showstheresultsof two controlled
transformationexperiments(describedin Section4.2) per-
formedwith two differenteigenspaces.In the �rst exper-
iment, the target imageswere rotatedby 45� ; in the sec-
ond, the target imageswereprojectively warped.The �rst
eigenspacewastailoredspeci�cally to the imagesusedin
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Figure6: PCA-SIFT's performance is not sensitive to the
images used in the creation of the eigenspace (graph mag-
ni�ed to highlight differences). The solid lines show results
using an eigenspace that was trained on keypoint patches
from the test set (the optimal training set) while the dashed
lines show results using our standard eigenspace. Using a
customized eigenspace makes almost no difference. This
strongly supports our belief that the entire space of keypoint
patches is well represented by a single eigenspace.

this test;thesecondeigenspacewastrainedonanunrelated
setof images(andis the eigenspaceusedin all of our ex-
periments).On eachexperiment,PCA-SIFT's performance
with eithereigenspaceis almostidentical; the differences
aretoo small to beseenin anunscaledgraph,requiringus
to magnifyFigure6 to highlight them.

Figure 7a shows the relationshipbetweenPCA-SIFT's
matchingaccuracy and the dimensionalityof the feature
space(for small valuesof n). As expected,increasingthe
dimensionalityof the featurevectorresultsin betteraccu-
racy, sincetherepresentationis ableto capturethestructure
of the gradientpatchwith better�delity . As we continue
addingdimensionsto the featurevector, themarginal ben-
e�t slows. Figure7b shows thesamegraphfor greaterval-
uesof n, asthenumberof dimensionsin therepresentation
approachesthe numberof dimensionsof the input vector.
Now we seean interestingphenomenon:oncen exceeds
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Figure7: PCA-SIFT performance as PCA dimension (n) is
varied. n = 36 achieves the best matching performance.

a certainsize, the matchingaccuracy of the algorithmac-
tually begins to decline.At n=3042,wherePCA performs
a perfect(loss-less)reconstructionof the input vector, the
matchingaccuracy is only slightly betterthann=12. Our
hypothesisfor this is thatthe�rst severalcomponentsof the
PCA subspacearesuf�cient for encodingthe variationsin
the gradientpatchcausedby the identity of the keypoint,
(which we would like to modelaccurately)while the later
componentsrepresentdetailin thegradientimagethatis not
useful,or potentiallydetrimental,suchasdistortionsfrom
projective warps. Thereis alsotrade-off betweenrunning
time and the dimensionalityof the featurevector. Using
fewercomponentsrequireslessstorageandresultsin faster
matching.Weobtaingoodresultswith n=20.

Oneof thereasonscitedfor SIFT's matchingsuccessis
thatits featurerepresentationhasbeencarefullydesignedto
berobust to localizationerror. By contrast,PCA is known
to be notoriouslysensitive to registrationerror. Figure8a
shows an experimentwherewe introduceregistrationer-
ror after the localizationstage. We add1 and3 pixel er-
rors(at theappropriatescale)in arandomdirectionwith re-
spectto the dominantorientation. Somewhat surprisingly,
PCA-SIFTcontinuesto performwell. However, whenerror
is introducedinto the orientationassignmentphase(Fig-
ure 8b) or in the scaleestimation(Figure8c), we seethat
PCA-SIFT'saccuracy beginsto degrade.Thiscon�rms our
belief that thestandardSIFT representationis bettersuited
at handlingtheseerrors. However, our experimentsshow
that the featurelocalizationstageof the SIFT algorithmis
very goodat centering,orientingandscalingthe keypoint
patches;thusthesebene�ts of thestandardSIFT represen-
tationarerarely(if ever) observedin practice.

WehypothesizethatPCA-SIFT'smatchingaccuracy can
be attributed to several factors. First, using the gradient
patchratherthantheraw patcharoundthekeypoint makes
the representationrobust to illumination changes,and re-
ducesthe variationthat PCA needsto model. Second,the
pre-processingperformedby the �rst threestagesof SIFT
simpli�es themodelingproblemfor PCAsincetheremain-
derof thevariationis dueto keypoint identity andperspec-
tive distortions.Third, discardingthelower componentsin
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Figure8: SIFT vs. PCA-SIFT (n=20) when additional error is directly introduced in the feature localization stage. The estimates
given by SIFT's localization stage were shifted by k� pixel (k=1,3; � is scale of the extracted feature). PCA is often observed
to be sensitive to registration error; however, PCA-SIFT performs very well under these conditions. When the localization is
corrupted by errors in rotation ( 5� and 10� ) or scale (10% and 20%), SIFT outperforms PCA-SIFT as expected because SIFT
is speci�cally engineered to be robust against detector error.

PCAimprovesaccuracy by eliminatingthevariationsdueto
unmodeleddistortions.Finally, usingasmallnumberof di-
mensionsprovidessigni�cant bene�ts in storagespaceand
matchingspeed.

7. Conclusion
This paperintroducedan alternaterepresentationfor local
imagedescriptorsfor theSIFT algorithm.Comparedto the
standardrepresentation,PCA-SIFT is both more distinc-
tive andmorecompactleadingto signi�cant improvements
in matchingaccuracy (andspeed)for both controlledand
real-world conditions.Webelieve that,althoughPCAis ill-
suitedfor representingthegeneralclassof imagepatches,it
is verywell-suitedfor capturingthevariationin thegradient
imageof a keypoint thathasbeenlocalizedin scale,space
andorientation.We arecurrentlyextendingour representa-
tion to color images,andexploring waysto applytheideas
behindPCA-SIFTto otherkeypointalgorithms.
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