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Abstract

Stablelocal featule detectionand representatioris a fun-
damentakomponenof manyimage registration and object
recaynition algorithms. Mikolajczykand Sdxmid [14] re-
centlyevaluateda variety of appmoadesandidenti ed the
SIFT[11] algorithmasbeingthe mostresistanto common
image deformations. This paper examines(and improves
upon)the local image descriptorusedby SIFT. Like SIFT,
our descriptos encodehesalientaspectof theimage gra-
dientin thefeatuse point's neighborhoodhowever, instead
of using SIFT's smoothedwveightedhistagrams, we apply
Principal ComponentdAnalysis(PCA) to the normalized
gradientpatch. Our experimentslemonstatethatthe PCA-
basedocal descriptos are more distinctive mote robustto
image deformationsand more compactthan the standad
SIFT representation.We also presentresultsshowingthat
usingthesedescriptosin animageretrieval applicationre-
sultsin increasedaccuracy andfastermatding.

1. Intr oduction

Local descriptorg6, 12,18] are commonlyemployedin a
numberof real-world applicationssuchas objectrecogni-
tion [3, 11] andimageretrieval [13] becausehey can be
computedef ciently, areresistanto partial occlusion,and
arerelatively insensitve to changesn viewpoint. Thereare
two consideration$o usinglocal descriptorsn theseappli-
cations.First,we mustlocalizetheinterestpointin position
andscale.Typically, interestpointsareplacedatlocal peaks
in ascale-spacsearchand ltered to presere only those
thatarelikely to remainstableover transformations.Sec-
ond, we mustbuild a descriptionof the interestpoint; ide-
ally, thisdescriptiorshouldbedistinctive (reliably differen-
tiating oneinterestpoint from others),concise,andinvari-
antover transformationgausecdy changesn camergpose
andlighting. While thelocalizationanddescriptionaspects
of interestpoint algorithmsareoftendesignedogetherthe
solutionsto thesetwo problemsareindependenfl4]. This
paperfocusen approacheto thesecondaspectthecon-

structionandevaluationof local descriptorepresentations.

Mikolajczyk and Schmid[14] presentech comparatre
study of several local descriptorsincluding steerable -
ters[4], differentialinvariants[9], momentinvariants[18],
comple lters [16], SIFT[11], andcross-correlatioof dif-
ferenttypesof interestpoints[6, 13]. Their experiments
shavedthattherankingof accurag for the differentalgo-
rithmswasrelatively insensitve to the methodemployedto

nd interestpointsin theimagebut wasdependenbn the

representatiousedto model the image patcharoundthe

interestpoint. Sincetheir bestmatchingresultswere ob-
tainedusingthe SIFT descriptoy this paperfocuseson that
algorithm and exploresalternatves to its local descriptor
representation.

Theremaindeof this papelis organizedasfollows. Sec-
tion 2 reviews the relevant aspectf the SIFT algorithm.
Section3 details our PCA-basedrepresentatioror local
features(PCA-SIFT). Section4 presentsour evaluation
methodologyand performancemetrics. Section5 provides
detailedexperimentaresultscomparing®?CA-SIFTto stan-
dardSIFT on feature-matchingxperimentsandalsoin the
contet of animageretrieval application. Section6é exam-
inesthereasondehindPCA-SIFTs accurag by exploring
therole of differentcomponentsn the representationFi-
nally, Section7 summarizeshe contritutionsof this paper
and concludeswith someideasfor future researchin this
area.

2. Review of the SIFT Algorithm

SIFT, asdescribedn [12], consistsof four major stages:
(1) scale-spacgeak selection; (2) keypoint localization;
(3) orientationassignment(4) keypoint descriptor In the
rst stage,potentialinterestpointsareidenti ed by scan-
ning the image over location and scale. This is imple-
mentedef ciently by constructinga Gaussiarpyramidand
searchindgor local peaks(termedkeypoints)in a seriesof
difference-of-GaussiafiDoG) images.In the secondstage,
candidate&keypointsarelocalizedto sub-pi>el accurag and
eliminatedif foundto be unstable.The third identi es the
dominantorientationsfor eachkeypoint basedon its local
image patch. The assignedrientation(s),scaleandloca-



tion for eachkeypoint enablesSIFT to constructa canoni-
calview for thekeypointthatis invariantto similarity trans-
forms. The nal stagebuilds a local image descriptorfor
eachkeypoint, baseduponthe imagegradientsin its local
neighborhooddiscussedelown in greaterdetail). The rst

threestageswill notbediscussedurtherin this papersince
ourwork makesno contributionsto thoseareas.

The nal (keypoint descriptor)stageof the SIFT algo-
rithm builds a representatiorfor eachkeypoint basedon
a patchof pixelsin its local neighborhood.Note that the
patchhasbeenpreviously centeredaboutthe keypoint's lo-
cation, rotatedon the basisof its dominantorientationand
scaledto the appropriatesize. The goalis to createa de-
scriptorfor thepatchthatis compacthighly distinctive (i.e.,
patchedrom differentkeypointsmapto differentrepresen-
tations)andyet robustto changesn illumination andcam-
eraviewpoint (i.e., the samekeypoint in differentimages
mapsto similar representations)As discussedn [12], ob-
vious approachesuchas normalizedcorrelationbetween
imagepatchesdo not work sincethey are overly sensitive
to registrationerrorsandnon-rigid deformationsThe stan-
dardkeypoint descriptorusedby SIFT is createdby sam-
pling themagnitudesindorientationf theimagegradient
in the patcharoundthe keypoint, and building smoothed
orientationhistogramso capturethe importantaspectof
thepatch.A 4 4 arrayof histogramsgeachwith 8 orienta-
tion bins, captureghe roughspatialstructureof the patch.
This 128-elemenwvectoris thennormalizedto unit length
andthresholdedo remove elementsvith smallvalues.

The standardSIFT keypoint descriptorrepresentatioiis
notavorthy in several respects: (1) the representations
carefully designedo avoid problemsdueto boundaryef-
fects— smoothchangesn location, orientationand scale
do not causeradical changesn the featurevector; (2) it
is fairly compact,expressingthe patch of pixels using a
128 elementvector; (3) while not explicitly invariantto
afne transformationsthe representatiors surprisinglyre-
silient to deformationssuch as those causedby perspec-
tive effects. Thesecharacteristicareevidencedn excellent
matchingperformanceginstcompetingalgorithms[14].

Ontheotherhand,theconstructiorof the standardSIFT
featurevectoris complicatecandthechoicesehindits spe-
ci ¢ design(asgivenin [12]) arenot clear Our initial goal
wasto exploresimpleralternatvesandto empiricallyevalu-
atethetradeofs. However, asdiscussedh theremaindeof
this paper we discoreredthat our alternaterepresentation
was theoreticallysimpler more compact,fasterand more
accurateghanthe standardSIFT descriptor To ensurethat
our resultsarean accuratere ection of reality, we usethe
original SIFT sourcecodeand restrictour changego the
fourth stage®

1TheSIFT websitereportsthatabugwasrecently®xedin thecode sig-
ni®cantly improving SIFT's matchingperformance.The resultsreported

3. PCA-basedSIFT descriptors

Our algorithmfor local descriptorgtermedPCA-SIFT) ac-

ceptsthe sameinput as the standardSIFT descriptor: the
sub-pixel location, scale,and dominantorientationsof the

keypoint. We extract a 41 41 patchat the given scale,
centeredover the keypoint, androtatedto align its domi-

nantorientationto a canonicaldirection? PCA-SIFT can
be summarizedn the following steps:(1) pre-computean

eigenspacto expressthe gradientimagesof local patches;
(2) given a patch, computeits local image gradient; (3)

projectthe gradientimage vector using the eigenspaceo

derive a compactfeaturevector This featurevectoris sig-

ni cantly smallerthan the standardSIFT feature vectot

andcanbe usedwith the samematchingalgorithms. The
Euclideandistancebetweentwo featurevectorsis usedto

determinewhetherthe two vectorscorrespondo the same
keypointin differentimages.

Principal ComponentAnalysis (PCA) [7] is a stan-
dardtechniquefor dimensionalityreductionand hasbeen
applied to a broad class of computervision problems,
including feature selection(e.g., [5]), object recognition
(e.g., [15]) andfacerecognition(e.g., [17]). While PCA
suffers from a numberof shortcomingg8, 10], suchasits
implicit assumptiomf Gaussiamlistributionsandits restric-
tion to orthogonallinear combinationsjt remainspopular
dueto its simplicity. The ideaof applying PCA to image
patchess notnovel (e.g., [3]). Ourcontritution liesin rig-
orouslydemonstratinghatPCA is well-suitedto represent-
ing keypoint patchegoncethey have beentransformednto
a canonicalscale, position and orientation),and that this
representatiosigni cantly improvesSIFT's matchingper
formance. PCA-SIFTis detailedin the following subsec-
tions.

3.1. Of ine computation of patch eigenspace

PCA enableaus to linearly-projecthigh-dimensionakam-
plesontoalow-dimensionafeaturespace For our applica-
tion, this projection(encodeddy the patcheigenspacean
be pre-computeadnceandstored.

As discussedibove, the input vectoris createdby con-
catenatinghe horizontalandvertical gradientmapsfor the
41 41 patchcenterecht the keypoint. Thus,theinput vec-
torhas2 39 39=3042elements.We thennormalizethis
vectorto unit magnitudeto minimize the impactof varia-
tionsin illumination. It is importantto notethatthe41 41
patchdoesnot spanthe entirespaceof pixel valuesnorthe
smallermanifold of patchesdravn from naturalimages:;it
consistsof the highly-restrictedset of patcheghat passed
throughthe rst threestagef SIFT. More precisely each

hereusethe correct(Septembe2003)version.
2For keypointswith multiple dominantorientationswe build a repre-
sentatiorfor eachorientation,in the samemannerasSIFT.



of the patchessatis es the following properties: (1) it is
centeredn alocal maximumin scale-space?) it hasbeen
rotatedso that (one of its) dominantgradientorientations
is alignedto bevertical; (3) it only containgnformationfor
thescaleappropriateo thiskeypoint—i.e., the4l 41patch
may have beencreatedrom a muchlargerregion from the
original image. The remainingvariationsin the input vec-
tor aremainly dueto the“identity” of thekeypoint(i.e., the
3-D scenecorrespondingo this location)or to unmodeled
distortions(suchasperspectie effectscausedy changing
cameraviewpoint). It is not unreasonabléo believe that
theseremainingvariationscan be reasonablymodeledby
low-dimensionalGaussiandistributions, enablingPCA to
accuratelyrepresenthemwith a compacteaturerepresen-
tation. More importantly projectingthe gradientpatchonto
the low-dimensionalspaceappearso retain the identity-
relatedvariation while discardingthe distortionsinduced
by other effects. This hypothesisis supportedby the ex-
perimentakvidencediscussedn Sectionst and6.

To build our eigenspaceye ranthe rst threestagesof
the SIFT algorithm on a diversecollection of imagesand
collected21,000patches Eachwasprocessedsdescribed
above to createa 3042-elementector and PCA was ap-
plied to the covariancematrix of thesevectors. The matrix
consistingof thetop n eigervectorswasstoredon disk and
usedasthe projectionmatrix for PCA-SIFT. Theimages
usedn building theeigenspacwerediscardegndnotused
in ary of thematchingexperiments.

3.2. Feature representation

To nd thefeaturevectorfor a givenimagepatch,we sim-
ply createts 3042-elemenhormalizedmagegradientvec-
tor and projectit into our feature spaceusing the stored
eigenspaceWe empirically determinedyoodvaluesfor the
dimensionalityof the featurespacen; mostof the results
describedin this paperusen = 20 (Section6 discusses
the effectsof n on performance).The standardSIFT rep-
resentatioremploys 128-elemenvectors;usingPCA-SIFT
resultsin signi cant spacebene ts.

As discussedbore, we usethe Euclideandistancebe-
tweentwo featurevectorsto determinewhetherthe two
vectorsbelongto the samekeypoint in differentimages.
Thresholdinghis distancegenerates binary decision,and
adjustingthisthresholdenable®neto selectheappropriate
trade-of betweerfalsepositvesandfalsenegatives.

4. Evaluation

First,we discusghe evaluationmetricsusedto quantifyour

results.We thenoutline our experimentaketupanddiscuss
the issueof generatingground-truthdata. Resultsare pre-

sentedn Sectionb.

4.1. Evaluation metrics

Recever Operating Characteristics(ROC) and Recall-
Precisionareboth popularmetricsin the literature,andare
sometimesisedinterchangeablyBoth capturethefactthat
we wantto increasethe numberof correctpositiveswhile
minimizingthenumberof falsepositives;however, thesub-
tle differencedetweerthemetricsshoulddictatethechoice
of one over the otherfor speci c scenarios.As obsened
in [2], the former is well-suitedfor evaluatingclassi ers,
sincethe falsedetectionrate is well-de ned; the latter is
bettersuitedfor evaluatingdetectos, sincethe numberof
falsedetectiongelativeto the total numberof detectionss
correctlyexpressedoy 1 precision even thoughthe total
numberof negativescannotbe determined.

Following [14], we choseto measurethe performance
of the SIFT local descriptorrepresentationsn a keypoint
matchingproblem, de ned as follows: given an interest
point in oneimage, nd all matchesof that interestpoint
in the dataset. Clearly, this is a detectionratherthan 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 curwes, this
papempresentsecallvs.1 precision graphs.

Thesegraphsare generatedas follows. The keypoints
for all of the imagesin the datasetare identi ed (using
theinitial stagesof the SIFT algorithm). All pairsof key-
pointsfrom differentimagesareexamined.If theEuclidean
distancebetweenthe featurevectorsfor a particular pair
of keypointsfalls belowv the chosenthreshold,this pair is
termeda matd. A correct-positiveis a matchwherethe
two keypointscorrespondo the samephysicallocation(as
determineckitherby groundtruthfor labeledimagespr us-
ing known imagetransformationdor syntheticimagede-
formationtests).A false-positivés a matchwherethe two
keypointscomefrom differentphysical locations. The to-
tal numberof positivesfor the given datasetis knovn a
priori. Fromthesenumberswe candeterminerecall and
1 precision

numberof correct-positives

recall = —
total numberof positives

and

numberof false-positives ]
total numberof matchegcorrector false)

1 precision =

We generataherecall vs. 1 precision graphsfor our
experimentsby varyingthethresholdfor eachalgorithm.

4.2. Experimental setup

We ran three main types of experimentsto explore the
differencebetweenthe standardSIFT representatiorand
PCA-SIFT. The rst type examinedeachdescriptors ro-
bustnesgo (synthetically-generatedffects causedoy the



additionof noise,changesn illumination andthe applica-
tion of imagetransformations.We collecteda datasetof
image$ andappliedthe following transformationgo each
image: (1) Gaussiamoise( =0.05),whereimageintensi-
tiesrangefrom 0to 1; (2) rotationof 45 followedby a50%
scaling; (3) intensity scalingof 50%; (4) projectve warp
equivalentto aviewing anglechangeof approximatel\30 .

Threedescriptorswere evaluatedin theseexperiments:
(1) the standardSIFT featurerepresentatior{denotedas
“SIFT"); (2) PCA-SIFT (n=20) asdescribedn Section3,
wherethe eigenspacenodelsthe local gradient(denoted
as“Grad PCA 20"); (3) avariantof PCA-SIFT wherethe
eigenspacdirectlymodelsthelocalimagepatchratherthan
thelocal gradient(denotedas“img PCA 20”). For (3), we
employedthe standardntensitynormalizationtechniqueof
subtractingthe meanand scalingto unit variance;without
this step,theresultsfor (3) would be evenworse.

The secondtype evaluatedboth descriptorson real im-
agestaken from varying viewpoints, such as the INRIA
MOVI Grafti datasetg§l]. The third type involved inte-
grating SIFT andPCA-SIFTinto animageretrieval appli-
cation(discussedh Sections.3). Additional experimentgo
investicatethe effect of keypointlocalizationerror, number
of PCA componentsghoiceof distancemetricaregivenin
Section6.

4.3. Generationof ground truth data

Weruntheinitial stagef SIFT on everyimageto identify
the keypoints. The goalis to obtain,for every pair of im-
agesalist of the correctkeypoint matches Sincethe SIFT
algorithmgeneratebundredor thousandsf keypointsper
image, manually identifying matchesfor a large dataset
would be extremelytime-consumingand potentially error
prone.Fortunately knowing the mappingbetweertwo im-
agesnablesisto automaticallyresole the matchingprob-
lem. For experimentsnvolving synthetically-generateer
getimagestheseémagetransformsareknown a priori. For
theexperimentsnvolving the Grafti datasetthetransform
(expressedsahomograpk) betweertwo matchingscenes
is given. We usethatinformationasfollows.

Let T; bethetransformatiormappinga pointin image
i to its correspondingpointin imagej. An interestpoint
in the rst image,P;, mapsto P? = Tj (P;) in thesecond
image.ldeally, oneshouldexpecta matchinginterestpoint
in thesecondmageto lie atP; = P In practice we con-
siderthematchto bevalid if P; andPLaresufciently close
in spaceandscale. Two pointsare consideredsufciently
closein spaceif the distancebetweenthemis lessthan
pixels, where is the standarddeviation of the Gaussian
usedto generatehe difference-of-Gaussiaiunction. They
areconsideredsufciently closein scaleif their scalesare

SAvailableat: http://www.cs.cmu.edu/"yke/pcasift/
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Figure 1: SIFT vs. PCA-SIFT (n=20) on on a matching
task where target images were corrupted by Gaussian noise
( =0.05 of the intensity range).

within P 2 of eachother

5. Results

This sectionpresentgesultscomparingPCA-SIFT to the
standarSIFT representationn controlledexperimentsthe
Grafti datasetandonanimageretrieval task.

5.1. Controlled transformations

Figuresl, 2 3 and 4 presentthe resultsof the rst setof
matchingexperimentswhereimageswere distortedunder
controlledconditions.

Figurel shavs that PCA-SIFTis dramaticallybetterat
handlingnoisyimagedor almostall valuesof 1 precision
and that PCA-SIFT (on the gradientmap) dominatesthe
PCA representationf the localimagepatch. The standard
SIFT representatiooutperforms?CA-SIFTonly whenex-
tremely high false positives ratescan be tolerated. These
resultsarenotparticularlysurprisingsincePCA shouldpro-
vide excellentreconstructiorunderthe effectsof Gaussian
noise.Ournext experimentsexaminetheimpactof geomet-
ric transforms.

Figure?2 plots resultsof an experimentwheretargetim-
ageswererotatedby 45 andscaledby 50%while Figure3
shavs matchesafter targets were distortedwith perspec-
tive transformatiorcorrespondingo a 30 out-of-planero-
tation. While noneof the representationare particularly
well-suitedto this task, PCA-SIFT clearly dominatesthe
othertwo algorithms.

Figure 4 shows that all of the representationare well-
suitedto capturingsimple variationsin illumination (note
that recall axis hasbeenmagni ed and offset to highlight
the differences)Looking closely we canseethatthe stan-
dard SIFT representatioiis slightly betterthan PCA-SIFT
for mostof the domain. However, giventhatall of theal-
gorithmsdisplaya recallof morethan95%,thisis notvery
signi cant.
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Figure 2: SIFT vs. PCA-SIFT (n=20) on a matching task
where target images were rotated by 45 and scaled by
50%.
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Figure 3: SIFT vs. PCA-SIFT (n=20) on a matching task
where target images were projectively warped to simulate a
viewpoint change of 30 .
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Figure 4: SIFT vs PCA-SIFT (n=20) on a matching task
where the target image intensities were scaled by 50%. Note
that the Recall axis starts at 0.9 because all methods per-
form extremely well on this task.

5.2. INRIA Grafti

TheINRIA Grafti [1] datasetontainsimagesof grafti-

covered walls taken from different cameraviewpoints.
Sincethe sceneis planar the transformatiorbetweenim-
agescanbe modeledas a 2-D planarhomograpk (given
in the dataset).Our goalwasto matchcorrespondingey-
points betweenimages. Figure5 shawvs the matchingper

dataset
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Figure5: SIFT vs. PCA-SIFT (n=12) on Grafti 6 [1].

Recall

formancefor the two algorithmson the Grafti 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 acceptablégor
real-world applications.For instance PCA-SIFT hasa re-
call of about5%at1 precisionof 20%;we locateabouta
thousandkeypointsin the image,of which 50 arereliable
matches.This numberof reliable matchess sufcient for
applicationssuchasimageretrieval.

5.3. Imageretrieval application

We have integratedSIFT and PCA-SIFTinto animagere-
trieval applicationfor real-world scenegaken from differ-
entviewpoints. Unlike the Grafti datasetthe scenesare
not planar andcontainocclusionsandre ective surfaces.

Image retrieval using SIFT is formulated as follows.
Giventwo imageswe rst extracttheir correspondindea-
turevectors.For eachfeaturevectorin oneimage,we com-
pareit againstall featurevectorsin the otherimage and
count the numberof featuresthat are within a threshold
distance. We treatthe numberof matchesas a similarity
betweerimages.

For this experimentwe chosea smalldataset of 30im-
ageq10 commonhouseholdtems,photographedrom dif-
ferentviewpoints).Eachimagewasusedasaqueryinto the
databas€in a leave-one-outmanner).If both of the other
two imagesof the correspondingobject were returnedin
thetop threepositions the algorithmwasawarded2 points;
if only oneof the correctmatchesappearedn thetop three
positions jt wasawardedl point; otherwisejt wasawarded
no points. The scoreswveredividedby 60 (thetotal number
of correctmatchespndaregivenin Table1.> Thethreshold
distancefor eachalgorithmwastunedto give the bestre-
sults(SIFT threshold:141; PCA-SIFTthreshold:2200);in
practice awide rangeof thresholdsvorkswell. Theresults
shav that PCA-SIFTs matchingaccurag at the keypoint

4Availableat http://www.cs.cmu.edu/ yke/pcasift/
5Thisis equivalentto measurind®(2),the precisionof thesystemwhen
two objectsareretrieved.



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

Correctretrieval

Table 1: Percentage of images correctly retrieved in our
image retrieval application. PCA-SIFT's matching accuracy
translates into signi cant practical bene ts .

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

Table 2:  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
algorithms. Building both representations takes comparable
time, but matching using PCA-SIFT is much faster.

level alsotranslatesnto betterretrieval results.

Figure 6 shaws the resultof applyingSIFT to two chal-
lenging sceneqa clutteredcoffee tableanda Grafti im-
age).Wemanuallysetthethresholdgo have eachalgorithm
return 10 matches.PCA-SIFT clearly dominateghe stan-
dardrepresentatioin theseexperiments.In particular the
latterappeardo getconfusedoy the edgesof several of the
objects.

Figure7 is a detailedlook at oneof the keypointsfrom
this example. The potentialmatchesare presentedn rank
orderfor eachalgorithm. The standardepresentationates
thecorrectmatchin thethird positionwhile PCA-SIFTcor
rectlyranksit rst.

Table 2 compareghe running time betweenSIFT and
PCA-SIFT. Thetop partshavs the featureextractionof an
imagewith approximately2200 interestpoints. The rst
row is the time neededo localizethe interestpoint (com-
monto both algorithms). The secondandthird rows shov

the time neededo calculatethe descriptorrepresentation.

We obsere thatthe time neededo computethe represen-
tation is comparable. The lower part of the table shavs
thatPCA-SIFTis signi cantly fasterin thematchingphase;
PCA-SIFT(n=20)requiresonly athird of thetimeto dothe
2.4million pointcomparisons.

6. Discussion

Section5 shaved that PCA-SIFT was both signi cantly
moreaccurateandmuchfasterthanthe standardsIFT local
descriptor However, theseresultsaresomavhatsurprising
sincethe latter was carefully designedwvhile PCA-SIFTis
a somavhat obvious idea. We now take a closerlook at

the algorithm,andproposesomehypotheseshatmay help
explain PCA-SIFTs success.

Figure 8 shavs that the gradientpatchessurrounding
SIFTkeypointsarehighly structuredandthereforesasieito
represenusingPCA. We seethatthe eigervaluesfor these
patchesdecaymuchfasterthan eigervaluesfor randomly-
selectedgradientpatches.This is becausehe patchessur
roundingkeypoints all sharecertaincharacteristicsstem-
ming from the SIFT keypoint detectionphase:they areall
centeresnalocalmaximumin scale-spaceptatedto align
the dominantgradientswith the vertical, andscaledappro-
priately This simpli es the job thatPCA mustdo, anden-
ablesPCA-SIFTto accuratelyrepresenthe patchusinga
smallnumberof dimensions.

A naturalquestionto consideris whetherPCA-SIFTs
representations sensitve to the imagesusedin the cre-
ation of the eigenspace— i.e,, is it reasonabléo assume
a canonicaleigenspacdor representingkeypoint gradient
patches?Our experimentsshawv thatthe eigenspacegen-
eratedrom keypoint patcheobtainedrom differentimage
setsarequite consistentandthatPCA-SIFTs performance
doesnotrequireusto trainaneigenspacspeci cally for the
testingimages.Figure9 shavstheresultsof two controlled
transformationexperiments(describedn Section4.2) per
formedwith two differenteigenspacesin the rst exper
iment, the targetimageswere rotatedby 45 ; in the sec-
ond, the targetimageswere projectively warped. The rst
eigenspacevastailored speci cally to the imagesusedin
thistest;the seconceigenspacwastrainedon anunrelated
setof images(andis the eigenspaceisedin all of our ex-
periments) On eachexperiment,PCA-SIFTs performance
with either eigenspacés almostidentical; the differences
aretoo smallto be seenin anunscaledyraph,requiringus
to magnify Figure9 to highlightthem.

Figure 10 shaws the relationshipbetweenPCA-SIFTs
matchingaccurag and the dimensionalityof the feature
space(for smallvaluesof n). As expected,increasingthe
dimensionalityof the featurevectorresultsin betteraccu-
ragy, sincetherepresentatiois ableto capturethestructure
of the gradientpatchwith better delity . As we continue
addingdimensiongo the featurevector the mamginal ben-
et slows. Figure11 shows the samegraphfor greaterval-
uesof n, asthe numberof dimensionsn therepresentation
approacheshe numberof dimensionsof the input vector
Now we seean interestingphenomenon:oncen exceeds
a certainsize, the matchingaccurag of the algorithmac-
tually beginsto decline. At n=3042,wherePCA performs
a perfect(loss-lessyeconstructiorof the input vector the
matchingaccurag is only slightly betterthann=12. Our
hypothesidor thisis thatthe rst severalcomponentsf the
PCA subspacaresufcient for encodingthe variationsin
the gradientpatchcausedby the identity of the keypoint,
(which we would like to modelaccuratelywhile the later



(A1) SIFT:

4/10correct 9/10correct

(A2) PCA-SIFT(n=20):

(B1) SIFT:
6/10correct

(B2) PCA-SIFT(n=20):
10/10correct

Figure6: 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 Grafti dataset. The top ten
matches are shown for each algorithm: solid white lines denote correct matches while dotted black lines show incorrect ones.

componentsepresentietailin thegradienimagethatis not
useful, or potentially detrimental suchasdistortionsfrom
projective warps. Thereis alsotrade-of betweenrunning
time andthe dimensionalityof the featurevector Using
fewer componentsequiredessstorageandresultsin faster
matching.We obtaingoodresultswith n=20.

Oneof thereasongited for SIFT's matchingsuccesss
thatits featurerepresentatiohasbeencarefullydesignedo
berohustto localizationerror. By contrastPCA is known
to be notoriouslysensitve to registrationerror. Figure 12
shavs an experimentwhere we introduceregistrationer
ror after the localizationstage. We add 1 and 3 pixel er-
rors(attheappropriatescale)in arandomdirectionwith re-
spectto the dominantorientation. Somevhat surprisingly
PCA-SIFTcontinuego performwell. However, whenerror
is introducedinto the orientationassignmenphase(Fig-
ure 13) or in the scaleestimation(Figure 14), we seethat
PCA-SIFTsaccuray beginsto degrade.This con rms our
belief thatthe standardSIFT representatiois bettersuited
at handlingtheseerrors. However, our experimentsshow
thatthe featurelocalizationstageof the SIFT algorithmis
very good at centering,orienting and scalingthe keypoint
patchesthusthesebene ts of the standardSIFT represen-
tationarerarely (if ever) obseredin practice.

We hypothesizeéhatPCA-SIFTs matchingaccurag can
be attributed to several factors. First, using the gradient
patchratherthanthe raw patcharoundthe keypoint makes
the representatiomobust to illumination changesandre-
ducesthe variationthat PCA needsto model. Secondthe
pre-processingerformedby the rst threestagesof SIFT

simpli es themodelingproblemfor PCA sincetheremain-
derof thevariationis dueto keypointidentity andperspec-
tive distortions. Third, discardingthe lower componentsn
PCAimprovesaccurag by eliminatingthevariationsdueto
unmodeledlistortions.Finally, usinga smallnumberof di-
mensiongrovidessigni cant bene tsin storagespaceand
matchingspeed.

7. Conclusion

This paperintroducedan alternaterepresentatioffior local
imagedescriptordor the SIFT algorithm. Comparedo the
standardrepresentationPCA-SIFT is both more distinc-
tive andmorecompacteadingto signi cant improvements
in matchingaccurag (and speed)for both controlledand
real-world conditions.We believe that,althoughPCA s ill-
suitedfor representinghegeneraktlassof imagepatchesit
is very well-suitedfor capturingthevariationin thegradient
imageof a keypoint thathasbeenlocalizedin scale,space
andorientation.We arecurrentlyextendingour representa-
tion to colorimages andexploring waysto applytheideas
behindPCA-SIFTto otherkeypointalgorithms.

8. Acknowledgments

Thanksto David Lowe for providing uswith a copy of the
SIFT sourcecode,andfor his helpful adviceon the topic.
Thanksalsoto Larry Huston,Phil GibbonsandM. Satya-
narayanarfor valuablefeedbaclon this paper



Querykeypoint
Rank 2 3
SIFT
SIFT Distance 158 245 256
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Figure7: A closer look at matching results for a particular
keypoint (zoomed in view of a region from Figure 6). 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. Since the two algorithms use different feature
spaces so a direct comparison of the distance values is not
meaningful.
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Figure8: This graph shows that PCA on randomly-selected
gradient image patches differs from PCA-SIFT, where PCA
is applied to gradient patches surrounding SIFT keypoints.
The vertical axis is the magnitude of eigenvalues from the
PCA decomposition (semi-log scale). The eigenvalues for
PCA-SIFT decay much more rapidly, supporting our belief
that PCA-SIFT successfully represents keypoints using a
small number of dimensions because PCA is only required
to capture the appearance of a very particular type of image
patch.
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Figure9: 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.
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Figure10: PCA-SIFT performance as PCA dimension (n) is
varied.
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Figurell: PCA-SIFT performance as PCA dimension (n) is
varied.
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Figurel2: 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.
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Figurel13: SIFT vs. PCA-SIFT (n=20) when the orientation
assignment estimates from the feature localization stage are
corrupted by 5 and 10 . SIFT is better than PCA-SIFT at
overcoming errors in orientation assignment.
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Figure 14: SIFT vs. PCA-SIFT (n=20) when the scale es-
timates from the feature localization stage are corrupted by
5% and 10%. SIFT is better than PCA-SIFT at overcoming
errors in scale estimation.
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