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ABSTRACT
We introducea systemfor near-duplicatedetectionandsub-image
retrieval. Sucha systemis usefulfor �nding copyright violations
and detectingforged images. We de�ne near-duplicatesas im-
agesalteredwith commontransformationssuchaschangingcon-
trast,saturation,scaling,cropping,framing,etc.Oursystembuilds
a parts-basedrepresentationof imagesusingdistinctivelocal de-
scriptorswhichgivehighqualitymatchesevenunderseveretrans-
formations. To copewith the large numberof featuresextracted
from theimages,weemploy locality-sensitivehashingto index the
local descriptors.This allows us to make approximatesimilarity
queriesthat only examinea small fraction of the database.Al-
thoughlocality-sensitive hashinghasexcellent theoreticalperfor-
manceproperties,a standardimplementationwould still be unac-
ceptablyslow for thisapplication.Weshow that,byoptimizinglay-
outandaccessto theindex dataondisk,wecanef�ciently queryin-
dicescontainingmillions of keypoints. Our systemachievesnear-
perfectaccuracy (100%precisionat99.85%recall)onthetestspre-
sentedin Meng et al. [16], andconsistentlystrongresultson our
own, signi�cantly morechallengingexperiments.Querytimesare
interactiveevenfor collectionsof thousandsof images.

Categoriesand SubjectDescriptors
H.2.8 [DatabaseManagement]: DatabaseApplications—Image
databases; I.4.10[Computing Methodologies]: ImageProcessing
andComputerVision—ImageRepresentation

GeneralTerms
Algorithms,Performance,Experimentation

Keywords
Sub-imageretrieval,Near-duplicateimagedetection,Interestpoints,
Local imagedescriptors,Locality-sensitivehashing(LSH)
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1. INTRODUCTION
Near-duplicateimagedetectionandsub-imageretrieval is anim-

portantproblemwith severalapplications.Oursystemis motivated
by two practical scenarios:�nding (potentially modi�ed) copy-
rightedimages[1] anddetectingforgedimages[6].

As moreimagesarepublishedon theWeb,andasimagemanip-
ulationsoftwarebecomesmorepowerful anduser-friendly, pirating
imagesisbecomingincreasinglyeasy. Althoughdigitalwatermark-
ing techniquesexist, theseschemesarevery dif�cult to designand
thereis an inherenttrade-off betweentherobustnessof thewater-
markandtheamountof degradationinducedin theimage.To cir-
cumventdigital watermarking,thepiratedimagesareoftenaltered
slightly — for instance,by croppingandrescaling.The problem
of matchinga slightly alteredphotographto its original is termed
near-duplicateimage detection. A photopublishingagency could
useasystemlikeoursto automaticallyidentify potentialcopyright
violationsanddispensewith digital watermarksaltogether.

A more insidiousform of imagemanipulation,one that is be-
comingincreasinglypopularin propaganda,is thecreationof fake
photographsby cutting and pastingpiecesextractedfrom differ-
entoriginal sources.For instance,onecouldcroppolitical �gures
from two different photographsand createa fake compositeim-
ageshowing themshakinghands,eventhoughtheindividualsmay
never have met in reality [6]. Figure1 shows anexamplewherea
girl' sheadfrom onepaintingwasgraftedinto ascenefrom another
painting. The problemof matchinga small portion of oneimage
to its original is termedsub-image retrieval. If theoriginal images
werestoredin our system,we coulddetectqueryimagesthatwere
compositesandaccuratelyidentify theexactsourcesusedin their
creation.

We believe that practicalsystemsthat addressthe applications
discussedaboveshouldsatisfythefollowing requirements:

1. High recall. All imagesin the databasethat containsub-
imagesthatarepresentin thequeryimageshouldbefound,
even if the sub-imagesonly occupy a small portion of the
original.

2. High precision.If thedatabaseimagesandthequeryimage
do not have sub-imagesin common,then they shouldnot
be matched. This is importantbecauseincorrectly-�agged
imageswill wastetheuser's time.

3. Ef�ciency. The time neededto query an imageshouldbe
small,enablingthesystemto scaleto very largedatabases.

Near-duplicateimagedetectionandsub-imageretrievalhaveboth
beenstudiedextensively in recentyears[3,6,12,14,16,19]. How-
ever, previous work hastypically cast the task into a traditional
content-basedimageretrieval (CBIR) context, which tendsto suf-
fer from thefollowing two problems.First,many techniquescalcu-
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Figure 1: Example of sub-imageretrieval applied to forgery
detection. Given the top (forged) imageasa query, our system
correctly retrievesthe bottom two (source)images,without any
falsematches,fr om a databasecontaining 6100imagesof sim-
ilar paintings. Note that the query imagecontainsonly a very
small portion fr om eachsource image,and that theseportions
havebeencropped,resizedand rotated.

lateandstoreglobalstatisticsfor eachimage,which is ef�cient but
insuf�ciently accurate:recall cansuffer whena signi�cant trans-
formationperturbsglobalstatistics;andprecisioncanbepoorbe-
causeglobal statistics,suchashistograms(that arerobust to geo-
metric transforms),tendto generatemany falsepositives.Second,
thosesystemsthat computelocal statisticsof an image(e.g., by
partitioninganimageinto smallerpieces)cansuffer from low pre-
cision[14,19]. This is becausethey typically concatenateall of an
image's local statisticsinto a single featurevectordescribingthe
image. They must then relax the matchingthresholdin order to
matchsmall partsof the featurevectors,which makesthevectors
lessdistinctive.

We argue that, insteadof using a single featurevector to de-
scribean entire image,oneshouldidentify andindependentlyin-
dex a large numberof local features,eachof which is highly dis-
tinctive, while beingrobust to typical imagetransforms.Suchan
approachwould selectively identify local featuresthat matchex-
tremely well, rather than seekingloosepartial matchesbetween
complicatedglobal image features. Unlike existing techniques,
sucha schemewould be highly resistantto occlusionsandcrop-
ping, both of which candestroy a signi�cant fraction of the fea-
tures. Themaindrawbackof theproposedapproachis thata sin-
gle imagecould generatethousandsof local features,and a sin-
gle query would require the systemto searchfor eachof these
featuresin a databasecontainingmillions or billions of features.
Sincefeatureswould not generateexact matches,eachof the in-
dividual searcheswould becomea similarity queryin a very high-
dimensionalfeaturespace. Consequently, suchapproacheshave
previously beendismissedascomputationallyimpractical. How-
ever, this papershows that theseideascanbecomethe foundation
for near-duplicateandsub-imageretrieval systemthat is both ex-
tremelyaccurateandthatscaleswell to largeimagecollections.

Theresearchthat is mostsimilar to oursis [1], wherelocal fea-
turesareextractedfrom imagesandmatchedusinganapproximate
similarity search.Our systemdifferssigni�cantly in thefollowing
respects.First, we usescale-androtation-invariant interestpoint
detectors,moredistinctivelocaldescriptors,andperformgeometric
veri�cation on thematchedfeatures.Second,insteadof anad hoc
approximatesimilarity search,we employ locality-sensitive hash-
ing [7], an algorithm with provable performancebounds. These
contributeto thedramaticimprovementsin accuracy shown in Sec-
tion 5.1. Third, we build of�ine indicesthatareoptimizedfor disk
accessandsearchfor all of thequerylocal descriptorsin a single
pass.Thisenablesusto querylargeimagecollectionsin interactive
time.

The remainderof this paperis organizedasfollows. Section2
reviewstherelevantresearchfor eachof ourcomponents.Section3
describesour systemandgivesimplementationdetails. Section4
detailsour evaluationmetrics,experimentalmethodology, andthe
different datasets.Section5 presentsresultsof our system's re-
trievalaccuracy andexplorestheimpactof individualoptimizations
onexecutiontime. Finally, wediscusssomelimitationsof ourwork
in Section6 andconcludein Section7.

2. BACKGROUND
We �rst introducethe threebuilding blocksof our system:dis-

tinctive interestpoints,locality-sensitivehashing,andef�cient lay-
out of dataon disk. Using distinctive interestpointsallows us to
achievehighrecallandprecision,while usinglocality-sensitiveand
ef�cient datalayoutgivesoursysteminteractivequerytimes.

2.1 Distinctive Inter estPoints
Interestpoints[8, 13,21] arecommonlyemployed in a number

of real-world applicationssuchasobjectrecognition[4] andimage
retrieval [17] becausethey canbe computedef�ciently , areresis-
tantto partialocclusion,andarerelatively insensitive to changesin
viewpoint. Therearethreeconsiderationsto usinginterestpoints
in theseapplications.First, the interestpointsshouldbe localized
in positionandscale.Typically, interestpointsareplacedat local
peaksin a scale-spacesearch,and �ltered to preserve only those
that arelikely to remainstableover transformations.Second,the
neighborhoodsurroundingeachinterestpoint shouldbe modeled
by a local descriptor. Ideally, this descriptionshouldbe distinc-
tive (reliably differentiatingone interestpoint from others),con-
cise,andinvariantover expectedgeometricandphotometrictrans-
formations. Finally, the matchingbetweenlocal descriptorsmust
beaccurateandcomputationallyef�cient (discussedfurtherin Sec-
tion 2.2).

For interestpoint detection,we useLowe's Differenceof Gaus-
sian [13] (DoG) detectorbecauseit hasbeenshown to be robust
and ef�cient. The DoG detectorconsistsof threemajor stages:
(1) scale-spacepeakselection;(2) interestpoint localization; (3)
orientationassignment.In the �rst stage,potentialinterestpoints
areidenti�ed by scanningthe imageover locationandscale.This
is implementedef�ciently by constructingaGaussianpyramidand
searchingfor localpeaks,termedkeypoints, in aseriesof difference-
of-Gaussianimages.In the secondstage,candidatekeypointsare
localized to sub-pixel and sub-scaleaccuracy, and eliminatedif
found to be unstable.The third stageidenti�es the dominantori-
entationsfor eachkeypointbasedon its local imagepatch.Theas-
signedorientation(s),scaleandlocationfor eachkeypoint enables
usto constructacanonicalview for thekeypoint thatis invariantto
similarity transforms.For a640x480pixel image,wetypically �nd
hundredsto thousandsof keypointsin theimage,dependingon the
complexity of the image. Figure2 shows the keypoints found in



(a)Original image (b) Rotated,scaled,andsheared

Figure 2: The keypoints located in this pair of images are
shown as white circles,with lines denoting dominant orienta-
tions and radius denoting scale. Note that the keypoints are
found at the samelocationsin eachimage,enablingus to accu-
rately match the transformed image to the original. Note that
the sizeand orientation of the keypoints re�ects how the im-
agewasscaled,rotated and sheared. For illustration purposes,
keypointswith a very small scalearenot shown.

two imagesof a plant. Oneimageis a rotated,scaledandsheared
versionof theother. Noticehow thesizeandorientationof thekey-
pointsareconsistentwith the appliedtransform. Although some
of thesmallerkeypointsfrom Figure2(a)arenot detectedin Fig-
ure2(b),oursystemcanstill reliablymatchthelargerkeypoints.

For interestpoint representation,we usePCA-SIFT[11], a lo-
cal descriptorthathasbeenshown to bebothmoredistinctive and
compactthantheoriginalSIFT [13] descriptor. Giventhelocation,
size,andorientationof a keypoint, PCA-SIFTextractsa 41� 41
pixel patchat the given scaleandrotatesit to a canonicalorien-
tation. The extractedpatchcovers an areain the original image
proportionalto thesizeof thekeypoint. PCA-SIFTthengenerates
its compactfeaturevectorby computingthe local gradientimage
of the patch,normalizingit, and projectsit onto a precomputed
eigenspace.As describedin [11], thiseigenspaceis generatedonce
(off-line) from a largenumberof keypointsextractedfrom images
of naturalscenes,andis not speci�c to our imagecollection. The
top 36 componentsof the projectedvector are usedas the local
descriptor.

The useof local descriptorshasseveral characteristicsthat are
idealfor solvingthenear-duplicateimagedetectionproblem.First,
the interestpointsarescaleandrotationinvariant. This allows us
to detectandmatchthe samesetof interestpointseven after im-
ageshave beenarbitrarily rotatedor scaled.Our approachis also
robustto deformationssuchasGaussianblurring,median�ltering,
andtheadditionor removal of noise,whichcandegradeor destroy
the high frequency contentof the original image. This is because
a subsetof interestpoints in the original imagewill continueto
matchthoseinterestpointsthatencodelower frequency contentin
thetransformedimage(correspondingto largerimageareas).Sec-
ond,thedescriptorsarerobustto imagedeformationssuchasaf�ne
warp,changesin brightnessandcontrast,etc. Furthermore,PCA-
SIFT ignorescolor andoperateson gray-scaleimages,makingthe
algorithmimmuneto transformsthatmanipulatethecolor content
of the image,suchassaturationandcolorization.Finally, because
weuselocal descriptors,oursystemcan�nd matchesevenif there
is signi�cant occlusionor croppingin the images.Thesystemre-
quiresasfew as�ve interestpoints(out of hundreds)to matchbe-
tweentwo imagesin termsof descriptorsimilarity andgeometric
constraints.Despitethesmallnumberof interestpointsneededto
match,we maintaina low falsepositive ratebecausethe local de-

scriptorsarehighly distinctiveandthegeometricconstraintsfurther
discardmany falsepositives.In practice,thesmallestsub-imagewe
canreliablymatchbetweentwo imagesis approximately100� 100
pixels.This techniqueis alsowell suitedto approximatesimilarity
searchalgorithms,whereoneachievesa muchfasterquerytime at
thecostof missedmatches;notethatalthoughrecallmaysuffer at
thekeypoint level, theoverall recallof thesystemcancontinueto
beveryhighbecausesofew keypointmatchesareneeded.

Becauseof thelargenumberof keypointspresentin eachimage,
it is costprohibitive to do a linearsearchthroughthedatabasefor
eachquery. Therefore,weemploy anapproximatesimilarity search
thatis well suitedfor highdimensionaldata.

2.2 Locality SensitiveHashing
Locality-sensitive hashing(LSH), proposedby Indyk & Mot-

wani [10], is anapproximatesimilarity searchtechniquethatworks
ef�ciently even for high-dimensionaldata. Traditionaldatastruc-
turesfor similarity searchsuffer from the curse of dimensional-
ity, in that they scalepoorly for datawith dimensionsgreaterthan
20, wherethey performno betterthananexhaustive linearsearch
throughtheentiredatabase.It hasbeenshown thatLSHout-performs
tree-basedstructuressuchas the Sphere/Rectangle-tree(SR-tree)
by at leastanorderof magnitude.Given thatour dataconsistsof
many, high-dimensional(36-dimensional)featurevectors,LSH be-
comesanattractive indexing scheme.

Locality-sensitivehashingsolvesthefollowing similarity search
problem, termed(r;e)-NN, in sub-lineartime. If, for a point q
(query)in d-dimensionalspace,thereexistsanindexedpointp such
thatd(p;q) � r, thenLSH will, with highprobability, returnanin-
dexedpointp0suchthatd(p0;q) � (1+ e)r. If noindexedpoint lies
within (1+ e)r of q, thenLSH will returnnothingwith high prob-
ability. This is accomplishedusinga setof specialhashfunctions
thatsatisfythe intuitive notionthat theprobabilityof a hashcolli-
sion for two pointsbe relatedto the similarity (distance)between
thepoints.By usingmultiple suchhashfunctionsin parallel,LSH
reducestherateof falsenegatives.

A popularalgorithm for LSH, introducedby Gionis et al. [7]
conceptuallytransformseachpoint p into a binaryvectorby con-
catenatingthe unary representationof each(discretized)coordi-
nateof p. Theresultingbit string is a point in a high-dimensional
Hammingspace,whereL1 distancesbetweenpointsin theoriginal
spacearepreserved. Hashfunctionsthatsimply selecta subsetof
thebits thatsatisfythedesiredlocality-sensitiveproperties.Theal-
gorithmbuildsasetof l suchhashfunctions,eachof whichselects
k bits from thebit string(eachfunctionusesadifferent,randomly-
selectedsetof k bits). Thesek bits arehashedoncemore to in-
dex into thebucketsin our hashtable,anda 32-bit checksumhash
value is also generated.The two parameters,k and l enablethe
designerto selectan appropriatetrade-off betweenaccuracy and
runningtime. Our implementationof this algorithmis described
in Section3. In our experiments,we usek=450 andl=20, based
on performanceon a separatevalidationdataset.As seenin Sec-
tion 5.2,our choiceof (k; l ) favorsexecutionspeedover similarity
point recall;giventhateachimagecontainshundredsof keypoints,
we arewilling to risk missinga signi�cant fractionof themin ex-
changefor speed.

2.3 Ef�cient Disk Access
Locality-sensitive hashingwasoriginally designedto work ef�-

ciently in memory, whererandomaccessis fast.For largedatasets,
onemuststorethe databaseon disk, anda naive implementation
of LSH fails miserably. This is becauserandomaccesson disk is
expensive, on theorderof 10msperseek.Multiple queriesinto a



hashtable,by de�nition, requiresrandomseeksondisk. Our initial
experimentsrevealedthatqueryingour databasefor thekeypoints
from just oneimagetook severalminutes,indicatingthat thestan-
dardLSH implementationcouldneverbepracticalfor ourproblem.

The key differencebetweenour systemandothersystemsthat
useLSH for otherapplicationsis that all of our queriesoccur in
batchesof hundredsor thousands(correspondingto all of thekey-
pointsin thequeryimage).Weextractthekeypointsfrom thequery
image,andsearchon theentiresetof keypointsto determineif any
of themmatchthekeypointsin thedatabase.An earlierdisk-based
implementationof LSH by Gioniset al. [7] wasdesignedfor ef�-
cientsinglepoint queriesratherthanthebatchqueriesrequiredby
our system.Sincedisk seektimesarethebottleneck,our approach
reliesonorganizingthebatchqueriessoasto minimizethemotion
of thedisk heads.We do this by precomputingall of thehashbins
thatweneedto access,sortingthem,andaccessingthemin sequen-
tial order. Reducingthedisk headmotionin this mannertranslates
to a dramaticimprovementin effective seektime — cutting it to
approximately1msperseek.Gioniset al. alsosuggestedinlining
thedatain thehashtableinsteadof storingonly thepointersasone
would for an in-memoryimplementation.Their goalwasto halve
thenumberof seeksbecauseonewouldnotneedto follow apointer
to theactualdata.However, for our application,inlined dataled to
a massive increasein requireddisk space(20x for our dataset)and
actuallyslowedour search.Sinceour searchesdo not requireran-
dom seeks,we achieve betterperformanceby employing a small
hashtablewith anauxiliary keypoint database(andscanningboth
in-order)ratherthana largehashtablewith inlineddata.

All of thesecomponentsarerequiredto makeoursystempracti-
cal. Theuseof robust interestpoint detectorsanddistinctive local
descriptorsenablesus to queryimageswith high recallandpreci-
sion,asshown in section5. By usinglocality-sensitivehashingand
optimizingthedatalayoutondisk,weachieve interactive response
timesfor queries.

3. IMPLEMENT ATION
This sectiondescribestheimplementationdetailsof our system.

Our algorithmconsistsof two stages.First, in the index construc-
tion phase,we processthe imagecollection and index all of the
extractedkeypoints. Then, in the databasequeryphase,the user
canissuequeriesto �nd near-duplicatesor to performsub-image
retrieval. Thesearesummarizedin Figure4 anddetailedbelow.

3.1 Index Construction
Given the collectionof imagesto be indexed, we �rst usethe

SIFT DoG detectorto locateall of the interestpoints. Then,we
usePCA-SIFTto build localdescriptorsusingasmallimagepatch
centeredaroundeachinterestpoint. Thesourcecodefor thesetwo
stepswasdownloadedfrom thewebandthedefaultparametersfor
eachalgorithmwereemployed.

We createthreedisk-baseddatastructures,which arecarefully
laid sequentiallyon disk.1 The datastructuresstorea list of �le
names(FT), a list of keypointsfrom all the images(KT), andthe
locality-sensitivehashtableof pointersto thekeypoints(HTs). We
constructthedatastructures,illustratedin Figure3, asfollows.

First,wecreatethe�le nametable(FT) usingalist of �x ed-sized
recordson disk. Eachrecordis 256bytesin length,wherethe�rst
byte denotesthe lengthof the �le nameand the restareusedto
storethestring. Implicitly, theid of each�le is its index locationin

1In practice,it is dif�cult for a userprogramto control the data
layoutondisk. Westartwith adefragmenteddiskto ensurethatthe
datais not fragmentedby the�le system.
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Figure3: Format of the disk-baseddata structur es.

thenametable.
Similarly, we createthe keypoint table (KT) using �x ed-sized

records.Eachrecordstoresonekeypoint andconsistsof a �le id
(wherethe keypoint camefrom), its x andy location,orientation,
scale,andits local descriptor. In total, eachrecordis 92 bytesin
length.Assumingthattherearea thousandkeypointsperimage,it
takesapproximately90MB to storethe keypointsfrom onethou-
sandimages. Wherever possible,our implementationoptimizes
diskreadaccess.For instance,givena list of keypointsthatneedto
bereadfrom disk,we�rst sortthelist by keypoint id, thusordering
thediskreadsto beef�cient, andtherebyreducingtheaverageseek
time.

Finally, we createthe locality-sensitive hashtables(HTs). Re-
call that theLSH algorithmbuilds l independenthashtables,each
with its own hashfunction. Below, we describethe layoutof just
one of thesehashtables. All of the independenthashtablesare
concatenatedandstoredsequentiallyon disk. Thehashtablesare
of �x edsize,sothenumberof keypointsthatweneedto storemust
be determinedbeforewe createthe hashtables. Eachhashtable
consistsof B buckets,whereeachbucket canstoreup to m key-
points.With a utilizationvalueof a, we needB = n=(am) buckets
to storen keypoints. A highera will leadto betterspaceutiliza-
tion, with anincreasedrisk thatsomekeypointswill notbeindexed
due to full buckets. A smallerbucket size m will lead to faster
searchtimes,but alsoa higherrisk of droppedkeypoints. For our
experiments,we setm = 20 anda = 0.5. Two itemsarestoredper
keypoint: thekeypoint id anda checksumhashvaluethatenables
the systemto avoid verifying every keypoint in the samebucket.
Therefore,thesystemutilizesapproximately16MB of storage,per
independenthashtable,per million keypoints. Oneof our major
systemperformanceoptimizationsis thateachhashtableis created
separatelyandentirely in memorybeforebeingwritten to disk. It
wouldbeimpracticalto createthehashtableotherwise.This is fea-
siblebecausewe'reonly storingpointersto keypoints,andthuswe
caneasilyaccommodatedatabasesof 50 million keypoints(from
50 thousandimages)in 1GBof mainmemory.



3.2 Databasequery
Oncethe index is createdon disk, we canissuequerieson new

imagesusinga parallelsetof operations.First, we locateinterest
pointsin thequeryimageandbuild local descriptors,asdescribed
above. Then,we calculatethe bucket id's of eachkeypoint using
the locality hashfunctionswithoutaccessingthedisk. If we were
to readdatafrom thehashbuckets(from HTs) aswe hashedeach
keypoint, thenthis would beequivalentto doingrandomseekson
diskandwouldbeunfeasiblyslow. Instead,wesortthebucket id's
andreadthebucketsin order, whichcorrespondsto alinearseekon
disk. We readall of thekeypointswithin a bucket andcon�rm that
the checksumhashvaluesmatch. All of the candidatekeypoints
arestoredin a list sortedby keypoint id.

Finally, we readthe keypoint data(location, orientation,size,
anddescriptor)from the keypoint table(KT) in orderto generate
a list of candidatematchesfor thequerykeypoints. BecauseLSH
only returnsapproximatematcheswith respectto theL1 (Manhat-
tan)norm,we needto checkbothfor falsepositivesandfor points
outsidethethresholddistanceundertheL2 (Euclidean)norm. We
discardfalsematchesby checkingthatthedistancebetweenthelo-
caldescriptorsof thequerykeypointandthecandidatekeypointsis
within thethresholddistanceunderL2.

At this point, we look up the �le id (in FT) correspondingto
matchedkeypoints and separatethem accordingto �le id. The
greaterthe numberof matchesfound per �le, the more likely it
is that the imageis a near-duplicate.However, it is still likely that
therearesigni�cant falsepositivesat thekeypoint matchphase.In
otherwords,althoughsomekeypointsarewithin thethresholddis-
tance,they belongto patchesof imagesthatarenotnear-duplicates.
We do af�ne geometricveri�cation usingRANSAC [5] to elimi-
natesuchoutliers. Theaf�ne transformationbetweentwo images
canbederivedusingthreepairsof matchedkeypoints. RANSAC
veri�es whetherthe majority of the othermatchedkeypointssup-
port this transformanddiscardsany outliers. Theremainingpairs
of matchedkeypointscorrespondto thetargetimageunderanaf�ne
warpfrom thequeryimage.Theaf�ne transformationincludesro-
tation, scale,and shearingalong the axes. The remainingset of
imagesarediscardedif fewer thanq matchesarefound, whereq
is an adjustableparameterthat controlsthe recall-precisionof the
system.

4. EVALUATION METHODOLOGY
Wepresentanumberof experimentsto show theeffectivenessof

our system.For our initial experiments,we usethe methodology
from [16] sothatourresultscanbecompared.A directcomparison
shouldideally testboth algorithmson the samedataset.Unfortu-
nately, neithertheirsourcecodenortheir imagedatabasewasavail-
able. Therefore,we have createda very similar datasetby using
identicalimagetransformationsfor our experiments,andcompare
ouralgorithmagainstMengetal.'spublishedresults[16].

The experimentsemploy a small setof query images(probes)
anda muchlargersetof testimages(gallery). Thegallery is com-
posedof transformedversionsof theprobeimages,augmentedby
a largenumberof similar-lookingrandomimagesthatserveasdis-
tractors.We usethe transformationsdescribedin [16] andbuild a
gallerywith thesamefractionof distractors.

We alsocreateda signi�cantly morechallenginggallery by ap-
plying dif�cult transformationsto the probe imagesto gain ad-
ditional insight into the performanceof our algorithms. All of
our datasetsaredetailedbelow, andthey canbedownloadedfrom
http://www.cs.cmu.edu/˜yke/retrieval/ .

Index Construction

1. For eachimagein thegallery:
2. FindkeypointsusingDoGdetector
3. Build PCA-SIFTlocaldescriptorsfor eachkeypoint
4. Build andstore�le nametable(FT)
5. Build andstorekeypoint table(KT)
6. For eachof thel hashtables(HTs):
7. For eachkeypoint:
8. Hashkeypointandstoreid in table(in memory)
9. Storehashtable(HT) ondisk

DatabaseQuery

1. Findkeypointsin queryimageusingDoGdetector
2. For eachkeypoint:
3. Build its PCA-SIFTlocaldescriptor
4. Computethel LSH hashesfor thedescriptor
5. Sorthashesby bucket id, scanhashtables(HTs)
6. Sortreturnedkeypoint idsandscanKT linearly
7. For eachreturnedimage:
8. Determinebestaf�ne transformusingRANSAC
9. Discardif avalid transformwasnot found

10. Printmatched�le namesby readingFT

Figure4: Summary of our algorithm.

4.1 Evaluation Metrics
In orderto evaluateour system's performance,we measurethe

recallandprecisionof our algorithm.Intuitively, we wantto max-
imize thenumberof correctpositivesandminimizethenumberof
falsepositives. A correct positiveis de�ned asa matchbetween
a probeimageandoneof its transformedversionsin the gallery.
Recallandprecisionarede�ned as:

recall=
numberof correct-positives

total numberof positives

and

precision=
numberof correct-positives

total numberof matches(corrector false)
:

4.2 Experimental setup
For our �rst experiment,our imagedatabaseconsistsof 6261

imagesof �ne art downloadedfrom an online art gallery [2]. We
resizeeachimageso that the size of its larger dimensionis 512
pixels.Werandomlyselect150imagestobetheprobes,andusethe
restareaddedto thegallery asdistractors.Eachprobeis modi�ed
accordingto thefollowing 40transformations,andthese6000near-
duplicatesareaddedto thegallery to createa datasetwith 12,111
images.

UsingtheDifferenceof Gaussianinterestpointdetector, weiden-
tify 13.6million keypointsin the images,andapplyPCA-SIFTto
build local descriptors.Thereare1100keypointsperimageon av-
erage,althoughsomeimagesgenerateasfew as67 keypointsand
othersasmany as3000,dependingon thecomplexity of theimage
content.We uselocality-sensitive hashingto index all of thekey-
pointswith parametersk=450andl=20. We de�ne two PCA-SIFT
descriptorsasmatchingif their L2 distanceis within 3000. The
minimum matchthresholdq is 5 for our experiments.Thesepa-
rametervalueswereempiricallyselectedusingtestsonasmallval-
idationset.All of ourexperimentsusea3GHzIntel R
 PentiumR
 4



machinewith 1GB of memoryrunningLinux 2.4. Thealgorithms
areimplementedin C++.

As discussedabove, our imagetransformsareidenticalto those
describedin [16], and are implementedusing ImageMagick[9].
These40 transformsaredescribedbelow. Thenumberin brackets
next to eachoperationdenotesthenumberof near-duplicateimages
generatedby thatparticularoperation.2

1. Colorizing[3]: Tint the(a) red,(b) green,or (c) bluechan-
nelsof theimageby 10%.

2. Changingcontrast [2]: (a) Increaseor (b) decreaseimage
contrastusingdefault parameters.

3. Cropping[4]: Croptheimageby (a) 5%, (b) 10%,(c) 20%,
or (d) 30%, preservingthe centerregion. Resizecropped
imageto original size.

4. Despeckling [1]: ImageMagick'sdespeckleoperation.
5. Downsampling[7]: Downsample(without Gaussianblur-

ring) the imageso that its size is reducedby (a) 10%, (b)
20%,(c) 30%,(d) 40%,(e)50%,(f) 70%,or (g) 90%.

6. Changingformat [1]: Convert JPEGsourceimageto GIF
format. This compressesthecolor spaceto a paletteof 256
colors.

7. Framing [4]: Add an outer frameto the image,wherethe
sizeof the frameis 10%of the framedimage. Four images
areproduced,eachwith a frameof a randomcolor.

8. Rotating[4]: Rotateimageby (a)90� , (b) 180� , or (c) 270� .
9. Scaling[6]: Scalethesizeof imageup by (a) 2, (b) 4, (c) 8

times;or downby (d) 4, (e) 4, (f) 8 times.Thescaledimage
is resizedto theoriginal size.

10. Changingsaturation [5]: Changeimagesaturationampli-
tudeby (a)70%,(b) 80%,(c) 90%,(d) 110%,or (e)120%.

11. Changingintensity. [4]: Changeimageintensityamplitude
by (a)80%,(b) 90%,(c) 110%,or (d) 120%.

Notethatbecauseweuserotation-,scale-,andillumination-invariant
grayscalelocal descriptors,we are inherently robust to all of the
above transforms(con�rmed by resultsin Section5). To exam-
ine whereour systemcould fail, we constructeda secondset of
moredif�cult experimentswith largerdatasets.We randomlyse-
lected15,582photosfrom the MM270K [15] databaseand ran-
domly chose314 of them as query images. We appliedthe fol-
lowing moredif�cult transformationsto boththeartandMM270K
databases:

12. Cropping[3]: Crop the imageby (a) 50%, (b) 70%, or (c)
90%,preservingthecenterregion. Resizecroppedimageto
original size.

13. Shearing[3]: Apply an af�ne warp alongthe x axis by (a)
5� , (b) 10� , or (c) 15� .

14. Changingintensity[2]: Changethebrightnessof the image
by (a)50%or (b) 150%.

15. Changingcontrast [2]: (a) Increasecontrastby 3x, or (b)
decreasecontrast3x.

Figure5 showsasmallsubsetof thesetransformations.
Our lastseriesof experimentsveri�es thatour systemcanapply

sub-imageretrieval to detectforgedimages.For the �rst test,we
manuallygeneratedthreefakeimagesby carefullytracingandpast-
ing imagesof peoplefrom six sourcephotographs.Usingthefake
imagesasprobes,our systemcorrectlyidenti�es all of thesource
imageswith nofalsepositives.Thesecondtestusedautomatically-
generatedcompositeimagesasqueries.Eachcompositewasgen-
eratedby drawing a pair of randomimagesfrom a gallery of 1000
images,andthe center10% region from one imagewasselected
andpastedon to theother. We createda probesetof 1000images,

2Our testsdo not includethe �ipping transform;thoseareeasily
matchedusingmirroredversionsof theprobeimages.

Table1: Recall-Precisionfor standard transformations.
recall precision

Baseline- select40 random images
0.3% 0.01%

WeightedSamplingThr esholdmethod fr om [16]
90% 67%
100% 6%

Our methodon art databaseof 12,000images
99.85% 100%

Table2: Recall-Precisionfor dif�cult transformations.
recall precision

Art databaseof 7,611images
98.40% 99.86%

MM270K databaseof 18,722images
Original 96.78% 88.78%
Samesceneremoved 96.78% 96.12%

andjudgedthesystem's responseto becorrectonly if bothof the
sourceimagesfor thatquerywerecorrectlyretrieved.

5. RESULTS
We now presentour imageretrieval accuracy resultsandtheef-

fectof ourdesignchoiceson runningtimeperformance.

5.1 Retrieval results
Table1 shows theresultson the�rst experimentusingthesetof

transformationsfrom [16] on 12,111images.We seethatwe per-
form extremelywell onboththerecallandprecision.Thereare150
queryimages,eachwith 40near-duplicatesin thedatabase.There-
fore, thereare6000possibletotal correctmatches.For q = 5, our
systemonly fails to �nd 9/6000near-duplicatesandgenerateszero
falsepositives. By comparison,a baselinestrategy that randomly
selected40 imagesfrom the gallery to matcheachprobewould
have a recallof 0.3%anda precisionof 0.01%.Menget al.'s sys-
temachievesarecallof 90%with aprecisionof 67%(asshown by
theROCplotspublishedin [16] on theirdataset).

Table2 shows theresultsfor thesecondsetof experiments.The
accuracy remainsveryhigh,despitethemorechallengingtransfor-
mationsusedto generatethenear-duplicates.For theart database,
weused150queryimagesandfor theMM270K database,weused
314queryimages.Eachqueryimagehas10 near-duplicatesin the
database.Although the recall is high for both databases,the pre-
cision is signi�cantly lower for theMM270K database.Thedrop
in precisionis due to the fact that this databasecontainsseveral
imagesthat are slightly-different views of the samescene,taken
from thesamelocation,at thesametime. A manualinspectionof
the falsepositives shows them to be pannedor zoomedversions
of othersin this database,or photosof thesamescenetaken with
a differentcolor �lter . If thesephotosof the samescenearenot
penalizedasfalsepositives,our system's precisionremainsabove
95%.

Finally, Table3showstheresultsof queryingthe1000composite
“forged” imagesto detecttheir sources.Again, our systemdoes
extremelywell.

5.2 Running time results
While theprevioussectionfocusedon theaccuracy of our near-

duplicatedetector, wenow turn to thesystemdesignandshow that



Original 5(g): Downsampling90% 12(c): Crop90% 13(c): Shearx-axis15�

14(a):Brightness50% 14(b): Brightness150% 15(a):Increasecontrast3x 15(b):Decreasecontrast3x

Figure5: Examplesof automatically-generatednear-duplicates.Only 7 out of 50transforms areshown; all werecorrectly identi�ed.

Table3: Recall-Precisionfor compositeimages.
recall precision

98.85% 99.65%

Table4: Ef�ciency of LSH versuslinear search.
linearsearch LSH

Runningtime in sec.(s) 80.3(0.06) 0.97(0.04)
Pairsof keyschecked 268million 2656
Pairsof keysmatched 5464 1611

eachof our optimizationswerenecessaryin orderto make our ap-
proachpractical. All of the following experimentsweredoneus-
ing a small testsetof 200randomimagescombinedwith 10 near-
duplicatesof thequeryimagefrom thedif�cult testset,for a total
of with 265,000extractedkeypoints. Thereare1010keys in the
queryimage.

First, we comparetheexecutiontime of locality-sensitive hash-
ing versusan exhaustive linear searchthroughthe keypoints, for
the selectedLSH parameters.Table4 shows the performanceof
searchingfor matchesof 1010keys in the database.We give the
runningtimeandthenumberof keyscheckedby each.Weseethat
LSH, due to the approximatenatureof its search,missesa very
largefraction(71%)of keys thatwerecorrectlymatchedby theex-
haustivesearch.Ontheotherhand,ourexecutionspeedis fasterby
two ordersof magnitude.Despitethelargenumberof keys missed
by LSH, our systemstill performswell becausewe extract hun-
dredsof interestpointsper image,while requiringasfew asq=5
matchingkeys to identify near-duplicates.

Recall that our implementationof LSH assumesL1 (Manhat-
tan) distancein the analysisof nearneighbors,while PCA-SIFT
requiresL2 (Euclidean)distanceto becalculatedduringtheactual
matchingof keypoints. Our algorithmmakestheimplicit assump-
tion thatusingL1 in theLSHstagedoesnotforceustoexamineand
discardtoomany pointsduringthePCA-SIFTmatchingstage.Our
next experimentquanti�estheinef�ciency inducedby thisassump-
tion. Table5 shows that mostof the keys (94%) that arechecked
but not matchedunderL2 are due to hashtable collisions. The

Table5: Inef�ciency due to L1 assumption.
No. of keys

Checkedby LSH 2656
MatchedunderL1 (d � 18000) 1674
MatchedunderL2 (d � 3000) 1611
Checkedbecauseof hashtablecollision 982
MatchedunderL1 but notL2 63

Table6: Importance of building hashtable in memory.
Runningtime in sec.(s)

Build directlyondisk 325(1.8)
Build in memory, streamto disk 48 (0.1)

numberof keys matchedunderL1 but not L2 only accountfor 2%
of thetotal keyschecked.Therefore,theL1 distanceassumptionis
acceptablefor ourdata.

While the useof LSH givesus tremendoustheoreticalgainsin
performance,careful systemdesignis requiredto realizeLSH's
bene�ts for our application. When creatingthe hashtables,we
build theindependenthashtablesin memory, andthenstreamthem
sequentiallyto disk. Table6 comparesthe runningtime of build-
ing the hashtable in memoryand directly on disk. We seethat
eliminatingtherandomseeksto disk reducestherunningtimeby a
factorof 7.

For queries,we mustalsolinearizethedisk accessesto remove
asmany randomseeksaspossible.By sortingthehashbucket id's
andkeypoint id'sbeforereadingthemfrom disk,wegetadramatic
improvementin runningtime. Table7 shows thatthisoptimization
resultsin a20xspeed-up.

Table7: Importance of linearizing disk accessesin queries.
Runningtime in sec.(s)

Unoptimizeddisk reads 65 (1.8)
Sorteddisk reads 3.4(0.1)



It is only by combiningall of theseoptimizationsthatweareable
to createa practicalnear-duplicateandforgerydetectorthatscales
to largeimagedatabases.

6. LIMIT ATIONS
While our experimentsshow excellentresultsin retrieving near-

duplicatesandsub-images,therearelimitations to our technique.
Oursystemcanmatchsimilar imagesof thesamesceneevenif they
were not near-duplicatesnor forged images,as in our MM270K
database.Thisscenariocouldoccurif thecopyrightedimagedatabase
containspicturesof famouslandmarks,wherethereare likely to
be many picturesof the samelandmarkson the web. Our system
may�nd similarkeypointson thelandmarksandincorrectlymatch
them. Othershave exploited this propertyas a featureto detect
imagesof thesamescenetakenfrom differentcameralocationsas
in [17,18,20]. To informally test the performanceof our system
undersuchconditions,we gathered59 picturesfrom the Web of
Big Ben, Eiffel Tower, andHalf Dome, andqueriedthemagainst18
professionalpicturesof the samelandmarks.We werepleasedto
seeonly onematch(i.e., falsepositive) amongthe59 queries.The
reasonwhy wedonotaccidentallyidentify similarscenesasforged
imagesmorefrequentlyis dueto well-known limitationsin apply-
ing currentinterestpoint detectorsto recognizereal-world objects.
They includethe instability of the DoG interestpoint detectoron
threedimensionalobjectsandappearancechangesdueto self oc-
clusionor shadowing. For example,during thecourseof theday,
Big Ben's appearancechangessigni�cantly due to self-shadows.
Similarly, Half Dome'sappearancevarieswith seasonalvegetation.
Thesensitivity of keypointsto theseappearancevariationsis seen
asa limitation in theobjectrecognitiondomain.However, for our
application,this inability to generalizeis a bene�t. Sinceour goal
is to detectperturbationsof an image,we cansetour system's ap-
pearancematchingandgeometricveri�cation thresholdsto much
tighter bounds. This allows us to detectsimplemanipulationsto
copyright imageswhile rejectingdifferentviewsof thesamescene.

7. CONCLUSION
The primary contributionsof our paperarethe synthesisof re-

centadvancesin robustinterestpointdetection(DoGdetector),lo-
cal descriptorrepresentation(PCA-SIFT),andef�cient similarity
searchof high-dimensionaldata(LSH). By using a robust inter-
estpoint detectoranddistinctive local descriptors,we accurately
solve thenear-duplicateandsub-imageretrieval problem.Because
we usea parts-basedapproach,our systemis highly resistantto
cropping,scaling,andothercommontransformsthattraditionalap-
proachesbasedon global featurescannot copewith. A potential
drawbackin usinga parts-basedapproachis that thesystemneeds
toqueryhundredsto thousandsof featuresatatime,whichcouldbe
slow. We make our systemtheoreticallyef�cient throughlocality-
sensitive hashing.Further, we make our systempracticalthrough
carefuldataplacementandbatcheddisk accessesto minimizeran-
domseeks.We show experimentallythatour systemhasnearper-
fectaccuracy (99.85%recalland100%precision)onastandardtest
set.For futurework, weplanto furtheroptimizethedatastructures
to gainadditionalqueryperformanceandfurtherimproveaccuracy.
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