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Abstract

Snaphnd is an image retrieval systenthat enables
efcient interactivesearh of large data setsby exploit-
ing active disk technolagy. In contrast to earlier ap-
proaches, where data is typically pre-indexed for ef-
cient retrieval accoding to a xed scheme Snapknd
providesusess with the e xibility to seach non-indexed
datain a brute force manner The queryis translated
into a customizedseachlet that is executedin parallel
by processos nearthe storage devices.Thisenableghe
majority of irr elevantimagesto bediscadedwhere they
are stored. Partial resultsare displayedduring seach
executionallowingusesto interactivelyre ne thequery
withoutwaiting for search termination. This paperar-
guesthat algorithms with useradjustableparametes
are prefelable to bladk-boximage retrieval techniques.

1. Intr oduction

Content-basedmageretrieval (CBIR) researchhas
madesigni cant progressn thelastdecaddq13]. Early
work (e.g., Virage [2], QBIC [6]) focusedlargely on
whole-imagesearcheswhere datawas typically pro-
cessedof ine and compactly representechs a multi-
dimensionalvector Alternately imageswere indexed
of ine into severalsemantiaccategories[17]. Thosesys-
temsenabledinteractive queriesin a computationally-
ef cient manneron computerswith limited processing
power; however, they could not supportqueriesabout
localregionswithin animagesinceindexing sub-regions
within animagewould be prohibitively expensve. Al-
thoughwhole-imagesearchegrewell-suitedto queries
correspondingp generaimagecontente.g., “sunsets”),
they arepoor at recognizingobjectsthatonly occuyy a

portionof theimage(e.g., “peoplewearingjeans”).

As computershecomemore powerful, region-based
imageretrieval [3, 14,16] is becomingmore feasible.
In this approach portionsof the image are character
ized by featuressuchas color, texture, shapeand posi-
tion. Region-basedmageretrieval addressesnary of
the problemswith whole-imageretrieval, but the search
resultscan be biasedby the methodusedto partition
the imageinto regions— and this decompositioris of-
tenstaticfor performanceeasons.

Object-basedmageretrieval is analternateapproach
to extractingsemanticcontentwithin images .Motivated
by researchn faceand object detection[15], this ap-
proachperformsawindovedscanover theentireimage
andidenti es regionsthat matchare agged by a pre-
trainedclassi er. Suchan approachworks bestwhen
the classi er hasbeentrainedwith a large amountof
training data,but recentresultsindicatethatit mayalso
work with smallernumbersof training exampleswhen
augmentedby userfeedback8].

Despitethesetechnologicalimprovements,the se-
manticgap[5] betweertheusers needsandthecapabil-
ity of CBIR algorithmsremainssigni cant. Relevance
feedbacK11] andactive learning[4] aretwo attemptsat
extracting someof this implicit semanticcontentfrom
theuser In the former, the retrieval systemchangests
behaior basedon positive and negative feedbackpro-
vided by the useron partial queryresults. In the latter,
thesystemdenti es datathatcouldparticularlyimprove
accurag andasksthe userto labelthis additionaldata.
Both of theseapproacheallow theuserto in uence the
searchin animplicit ratherthananexplicit manner

This paperproposes brute-forceapproacho inter
active searchthatexploits active disk technology[1, 12]
with e xible algorithmsthat provide explicit usercon-
trol. Our application,SnapFindenablesusersto exam-
ine partialresultsanditeratively re ne their searches.



2. Interacti ve Brute-Force Search

For the foreseeablduture, we believe that the user
will remainakey componenbf ary imageretrieval sys-
tem. However, imageprocessinganeliminatea large
fractionof irrelevantdata,utilizing theuserslimited at-
tentionmoreeffectively.

In currentsystems,the useris typically limited to
two options. The rst is to manuallysearchthroughall
of the images. This ensuresa high recall rate, but is
extremelytime-consuming.The otherapproachadwo-
catedby mary content-basedmageretrieval systems,
is to index the dataon pre-computedsearchcriteria.
This allows fastretrieval, but if the pre-computecri-
teriadonot t theusers needsthe usercando little to

nd thedesiredmages.Our goalis to build aninterac-
tive searctsystenthatexploresthe spacebetweerthese
two extremes.Sucha searchsystenmshouldleveragethe
usersunderstandingf thesemanticontentto drive the
search. Speci cally, we believe that interactve search
shouldaddresghefollowing requirements.
Support e xible setting of algorithm parameters
to enablequeriesthat are specializedboth to the
searctrriteriaandto thedatabeingsearched.
Provide tools andvisual feedbackio helpthe user
choosethe bestalgorithmsand parametesettings
for theparticularsearch.
Shawv partial resultsto the user as they become
available so the user can re ne unsatiséctory
queriesheforeall thedatais processed.
Theusershouldbe ableto tunethe precision/recall
trade-ofs to matchthecurrentsearchrequirements.
For instancea securityanalystmay accepta high
falsepositive rateto minimize the risk of missing
animportantimage.
The systemmust not assumespeci ¢ indices or
datarepresentationso thatnew algorithmscanbe
easilydeployed.

Interactie brute-forcesearchhasreceied little at-
tention becauseof its perceved impracticality for per
formancereasonsWe have built a systemnamedDia-
mond,thataddressemary performancechallengesas-
sociatedwith brute-forcesearch.This paperfocuseson
SnapFindanimagesearchapplicationrunningover Di-
amond thatmeetsherequirementsutlinedabove.

3. Diamond

SnapFindusesthe Diamondsysten9] to ef ciently
performbrute-forcesearch.Figurel illustratesthe Di-
amondarchitecture. Diamondseparateshe front end
which encapsulatedomain-speci capplicationcodeon
the host computey from the badk end which consists
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Figure 1. Diamond Architecture

of a domain-independennfrastructurethatis common
acrossawide rangeof searchapplications.

A Diamond applicationruns on the host computer
andinteractswith the userto formulatea query Once
a query hasbeenformulated,the applicationtranslates
thequeryinto a setof machinesxecutablgasks(termed
aseachlet) thatthe storagedevicesuseto Iter outdata
that doesnot matchthe searchcriteria. The searchlet
containsall of the domain-speci cknowledgeandacts
asaproxy for theapplication(andthe user).

Thesearchletonsistof asetof Iter sandsomecon-
guration state(e.g., Iter parameters)For example,a
searchlethatretrievesimagesof peoplein darkbusiness

suitscould containtwo Iters: a color histogram lter
to nd darkregionsanda humanfacedetector Each
Iter canindependentlydiscardan object. Objectsthat
passall Iters are presentedo the domainapplication
throughthe searchleAPI.

The domainapplicationmay performadditionalpro-
cessingon matchingobjectssuchascross-objectorre-
lationsor consultingauxiliary databaseOnceadomain
applicationdeterminedhat a particularobject matches
the users criteria, the objectis shovn to the user

Toincreasenteractve performanceDiamondcaches
theresultsof each Iter to speedup subsequergueries.
This is implementeddy uniquelyidentifying each Iter
andits dependenciefattributesandargumentswithout
explicit supportfrom the applicationor the application
developer Diamonds cachemprovesinteractie search
time by quickly eliminating objectsthat failed to pass
a previously-executed Iter and by reusingpreviously-
computedesultge.g. outputof featureextraction). This
form of cachingis particularlyusefulfor searchesvith
iterative queryre nement.

4. SnapFind

SnapFind(seeFigure?2) is a e xible, extensibleim-
ageretrieval applicationthat supportsa variety of algo-
rithms. Its key featuresaredescribeelow.



4.1.1mage Retrieval Algorithms

SnapFindis designedto supporta wide range of
region- andobject-baseidmagesearchesAddinga nen
algorithmrequireghedeveloperto provide functionsfor
con guring thealgorithmandfor evaluatingeachimage.
SnapFinccurrentlysupportghefollowing algorithms.

Color Histograms SnapFindbuilds region-based
histogramsfor color matchingfrom exampleim-
agepatchegrovided by the userat query-time. A
large setof parameterganbetuned(e.g., number
of bins, color spacestride,similarity metrics,etc).
Texture lters SnapFind provides region-based
texture Iters built from userprovided examples.
As with color histograms,userscan interactively
adjustawide rangeof searctparameters.

Of ine-trained Object Detection SnapFindalso
supportsof ine-trained detectorssuchasfacede-
tection [10,15]. Thesedetectorsare well-suited
for identifying semanticcontentthat is not user
speci ¢, but sincetheprecision/recaltrade-ofs are
madeat training time, the userhaslimited ability
to adjusttheir performanceSnapFinccanpartially
mitigatethis problemby providing multiple classi-
ers, eachtrainedwith differentparameters.

4.2.Search Speci cation

Whenstartinganew searchtheusermustcreatea set
of predicateghat capturethe desiredsemanticrequest.
A predicatds createdby choosinganalgorithmandad-
justing the appropriategparameters.For example-based
algorithmg(coloror texture),theuserprovidesexamples
patchedy highlightingregionsin sampleimages(from
thelocal disk, the Web, or previous searchresults).

After the predicatesare de ned, the userconstructs
a searchby combiningthesepredicatesusing boolean
operators. When the user startsa search, SnapFind
generatesa searchletusing the searchparametersand
passeshesearchleto Diamond.Diamondevaluateghis
searchlebn eachobjectin thedataset(typically in par
allel, ontheactive storagesystem)andreturnsmatching
objectsto SnapFindvherethey aredisplayedo theuser

4 .3.Search Re nement

An importantfeatureof SnapFinds its ability to in-
teractvely re ne a searchbasedon partial results. This
is critical becauseof the differencebetweena users
needsand the limitations of currenttechnologyto au-
tomatically identify the desiredsemanticcontent. To
addresghis semanticgap, the useris given immediate
feedbackon the progres=f the currentquery(in terms

Figure 2. SnapFind screen shot

of matchingimages). Basedon this feedbackthe user
canadjustthe searchparametersvithout waiting for the
initial queryto terminate.Similar ideashave previously
beenshavn to besuccessfuin the contet of interactive
dataanalysisof large databasef/].

During the progressof a search,SnapFindpresents
matchingimagesto the userasthey becomeavailable.
If thesearchs correctthentheusercanscantheresults
until thedesiredmagesarelocated.

In the morelikely scenariothe resultswill not pre-
cisely matchwhat the userhadin mind. In this case
the usermay re ne the searchby addingpredicatesor
adjustingparametersA key to successfute nementis
providing theuserwith visualfeedbaclonhow ary pro-
posedchangegouldaffecttheresults.

Whenresultsaredisplayedto the user SnapFindn-
dicateghereasorfor selectinganimageby highlighting
thoseregions that matchthe currentquery Addition-
ally, SnapFindallows theuserto evaluatedifferentpred-
icateson sampleimages(returnedresultsor from other
sources)andto visually highlight thoseimageregions
that matchthe currentpredicatesettings. The usercan
thenre ne the predicateparameterso that the search
canincludeor omit speci c images.

5. Evaluation

This sectionexaminessomeof SnapFinds retrieval
characteristicsFirst we explore how modifying search
parametersaffects searchresults. Next we examine
how somebasic SnapFindsearchesompareto Blob-
world [3]. We thenreportexperienceson searchinga
reasonably-lage collectionof digital images.



| Texture | Similarity | ScaleStep | Hits |
Wave 0.30 | xed-scale|| 7,731
Wave 0.30 1.2 || 11,826
Wave 0.60 | x ed-scale|| 1,890
Wave 0.60 1.2 4,209
Wave 0.90 | x ed-scale 53
Wave 0.90 1.2 121
Grass 0.30 | xed-scale|| 2,352
Grass 0.30 1.2 4,707
Grass 0.60 | x ed-scale 301
Grass 0.60 1.2 724
Grass 0.90 | x ed-scale 4
Grass 0.90 1.2 8

Table 1. Two different texture searches
where the normaliz ed similarity threshold
and the search scale were varied.

5.1.Effect of Search Parameters

TheseexperimentdestthehypothesigseeSection2)
thatinteractive searchsystemshouldprovide userswith
the ability to explicitly control algorithm parameters.
Our datasetonsistedf 112,404imagesgatheredrom
personaphotoscommerciaimagedatasetsandimages
from the weh Theseimageswere distributed over 12
storagenodes(1.2 GHz Intel R PentiumR 11l proces-
sors,512MB RAM and73 GB SCSldisks),connected
viaal GbpsEtherneswitch. Thehostsystencontained
a3.06GHzIntel R PentiumR Xeon™processqr2 GB
RAM, anda120GB IDE disk. The storagenodeswere
connectedo thehostvia 1 GbpsEthernet.

The rst setof experimentsexaminedtwo texture
gueries: oceanwaves and grass. Texture was mod-
eledusinga difference-of-Gaussiaitter trainedusing
a handfulof exampleimagepatchesTable1 shows the
effectsof varyingtwo parametersthe normalizedsimi-
larity thresholdandwhetherto searchatmultiple scales.

Theseresultscon rm that adjustingthe parameters
hasa signi cant impacton the numberof objectsthat
are returned. The appropriatesetting of such param-
etersare dictatedby the needsof the applicationdo-
main andthe users personapreferencesFor instance,
someonewho quickly wantsto nd a few imagesthat
matcha particularcriteriawould preferto settheparam-
etersfor high precision,while a userwho is penalized
harshlyfor falsenegatives(e.g., homelandsecurity)may
setthe parametersor high recallto returnalarge num-
ber of imagesand toleratingmary false positives. In
addition to this well-understoodprecision/recaltrade-
off, SnapFindusersarefacedwith thetrade-of between
retrieval accurag andthe time spentmanually Itering

| Color | Stride | ScaleStep || Hits |
Blue-gray 8 | xed-scale|| 3,953
Blue-gray 8 1.2 || 4,665
Blue-gray 32 | xed-scale|| 1,482
Blue-gray 32 1.2 || 1,819
StripedShirt 8 | x ed-scale|| 1,658
StripedShirt 8 1.2 || 3,267
StripedShirt 32 | xed-scale 194
StripedShirt 32 1.2 514

Table 2. Two color searches, where the
stride and the scale were varied.

searchresults.

The secondset of experimentsexaminedtwo color
histogramqueries:blue-grayoceanwater anda child's
stripedshirt. Table2 shavs the effects of varying two
parametersthestride,andthe scale.

Becausethe rst query hasa uni-modal color dis-
tribution, a small region sampleis likely to match
mary patchesin the entire region at ary scale. Since
the secondquery hasa multi-modal color distribution,
searchingat differentscalesgreatlyincreaseghe num-
ber of matchingimages,decreasinghe false negative
rate. Theseresultscon rm that querysettingsare both
application-anddata-dependent.

5.2.Effectivenessf simple queries

These experiments compare the effectiveness of
SnapFindwith simplepredicatesgainstBlobworld us-
ing similar local features.Blobworld emplo/s segmen-
tationto decomposémagesnto severalregions,andde-
scribeseachregion with a summaryof its color andtex-
ture statistics. We alsoexaminethe impactof allowing
the SnapFinduserto iteratively re ne thesearch.

The test set was 800 imagesfrom ten cateories
of datafrom Corel (Arabian horses,auto racing, ele-
phants,helicopters lions, owls, polar bears,windsurf-
ing, whitetail deer andwolves). Within eachcategory,
we assignedhe rst threeimagesto be queryimages.
The completelist of the imagesin the datasetandthe
blobsusedfor queryingthe imageset, are available at
http://iwww.cs.cmu.edu/~dhoiem/obir . Table3
reportsthe resultsof theseexperiments.

For the Blobworld testswe performedthreequeries
on eachimagecateyory andcomputedthe averagepre-
cisionfor thetop 10 and50 images.Thereportednum-
berswere averagedover the three queries. We report
two setsof numbersfor Blobworld: the rst is there-
sultswhenusinga x edweightingof 0.5 for color and
1.0for texture (labeledBW1); the secondsetvariedthe



Test | Metric Avg Arab. Auto | Eleph- | Helicop- | Lions | Owls | Polar | Wind | W.Tail | Wolves
Horses| Race | ants ters Bears | surf Deer
BW | P(10) || 44.3% | 76.7% | 73.3% | 33.3% | 20.0% | 26.7% | 86.7% | 30.0% | 6.7% | 36.7% | 50.0%
1 P(30) || 39.4% | 81.1% | 57.8% | 30.0% 8.9% 18.9% | 80.0% | 33.3% | 11.1% | 34.4% | 38.9%
BW | P(10) || 46.0% | 86.7% | 73.3% | 46.7% | 13.3% | 30.0% | 83.3% | 30.0% | 6.7% | 40.0% | 50.0%
2 P(30) || 41.3% | 83.3% | 57.8% | 35.6% | 11.1% | 18.9% | 83.3% | 35.6% | 14.4% | 34.4% | 38.9%
SF P(10) || 42.7% | 33.3% | 70.0% | 50.0% | 13.3% | 50.0% | 30.0% | 76.7% | 23.3% | 36.6% | 43.3%
1 P(30) || 31.7% | 24.4% | 60.0% | 33.3% | 10.0% | 45.6% | 21.1% | 55.6% | 17.8% | 21.1% | 27.8%
SF P(10) || 58.0% | 80.0% | 80.0% | 40.0% | 30.0% | 70.0% | 70.0% | 70.0% | 40.0% | 50.0% | 50.0%
2 P(30) || 46.0% | 50.0% | 70.0% | 43.3% | 20.0% | 56.7% | 56.7% | 53.3% | 30.0% | 43.3% | 36.6%

Table 3. A comparison of SnapFind (SF) to Blobw orld (BW) on several categories from Corel.
BW1 uses a x ed weighting for the computed values while BW2 uses the best weighting for

each object class.

SF1 is without interactive re nement while SF2 provides the user with a

3-minute interactive re nement period. Three precision metrics are repor ted for each class.

weightingsof the objectfeaturesandreportedthe best
resultsfor eachcatayory (labeledBW?2).

Using SnapFindwe ran two different experiments.
The rst allowedthe userto createpredicatedor color
and texture using samplesfrom one of the query im-
ages. In the second,the userinteractvely re nes the
initial queryusingthe partialresultsreturnedduringthe
searchFor eachquery theuserwasgiventhreeminutes
to re ne thequery Normally, SnapFindoresentsesults
to the userasthey becomeavailable. To enablea di-
rectcomparisorwith Blobworld, we modi ed SnapFind
to completethe searchandto rankits resultsby simply
averagingthecon denceof eachof thepredicatesMore
sophisticatednethodsof combining predicateswvould
improve SnapFinds reportedresultsfor this task.

Theseresultsshav that SnapFindwith re nement
achieves better average performancethan Blobworld,
validatingourbeliefthatusere nementshouldimprove
searchresults. Within eachof the object classesthe
resultsare more varied. The helicopterclassis dif -
cult, andneitheralgorithmperformedwell on thattest;
SnapFindsre nementstepallowedtheuserto addmore
color distributionsto matchthe differenttypesof heli-
copters(military, coastguard,etc). On the lion class,
SnapFinddoesbetterthan Blobworld and we seethat
additionalre nement further improvesthe search. On
the owl class,Blobworld doessigni cantly betterthan
SnapFind.However, SnapFindresultsdo improve with
interactve query re nement. When SnapFindoutper
forms Blobworld, we believe it is becausehe usercan
focuson the distinctive featuresof the object(e.g. the
texture of a lion's mane)insteadof the overall charac-
teristicsof the object. For the caseswhereBlobworld
doesbetterthanSnapFindtheimagesendto besimilar
on global featuresthat are betterrepresentedby Blob-
world's moresophisticateaolor/texture model.

5.3.SnapFind Search Experience

Theseexperimentsexplore SnapFinds effectiveness
for searchindarge imagecollections. Here,one of the
authorssearchedor picturesof his child in a red Hal-
loweencostume Therewere30 suchimagesn thedata
set,andmostof themweretakenat night. Theseexper
imentsusedthe samedatasetand hardware con gura-
tionsasthe rst experiment.

The queriesusedthree predicates:oneto nd the
red costume,oneto locatedark patchescorresponding
to night,andafacedetectoto nd thechild. Theauthor
performedseveralsearchessingdifferentcombinations
of thesepredicates. Each query was executedtwice,
oncewith cachingdisabledandoncewith awarmcache
to illustratethe two extremesof Diamondperformance.
In real searcheswherethe useriteratively re nes the
searchcachingshouldprovide signi cant bene ts. Ta-
ble 4 shaws resultsof theseexperiments.

The rst row of thetableestimateghetime required
to manuallysearchthe image collectionand senes as
a baselinemeasureasthis is the only way to guarantee
100%recall. We obtainedthis estimateby measuring
thenumberof imagesa usercouldclassifyin a5 minute
period,andextrapolatingto thesizeof our dataset. This
estimateis optimistic becauseat assumeghe usercan
maintainaccurag anda high rate of processingor an
extendedperiod.

Therestof thetableshaws resultsfor differentcom-
binationsof Iters. We make severalobsenations.First,
since SnapFinddisplayspartial resultsas soonasthey
areavailable,the usercanexaminedisplayedmagesin
parallelwith the Diamondsearch. Second,in the un-
cachedcasesthe total time is the sameasthe system
time, indicatingthat the useris ableto processmages
at the ratethatthey aredelivered. In the cachedcases,



Face Desired Images Uncached Cached

Red Black Detector Images Viewed Total System Total System

Similarity | Similarity Used? (Recall%) | byUser | Time(s) | Time(s) | Time(s) | Time(s)

Manual - - N 30(100%) | 112,404| 14,290 - - -
Red-onlyl 0.70 - N || 28(93.3%) 1,903 326 326 320 38
Red-only2 0.90 - N || 19(63.3%) 87 325 325 37 2
Red-Blackl 0.70 0.70 N || 20(66.7%) 721 327 327 106 15
Red-Black2 0.90 0.70 N || 13(43.3%) 33 325 325 20 1
All 0.90 0.70 Y || 11(36.7%) 16 319 319 13 1

Table 4. Trade-off between recall and user's time. Searches used combinations of three predi-
cates, several thresholds and with query caching enabled/disab led.

SnapFinddisplaysimagesfasterthanthe usercancon-
sumethem. Third, to achieve a high recallthe userwas
forcedto manuallyclassify 1,903images. In this case,
the userprocessindime wasso high thatcachingmade
little difference.

In real-world searchege.g., surwillance medicalim-
ages)a userwill spendmoretime processingetrieved
resultsthan in this simple test. We also believe that
cachingwill provide somebene t, giving lower system
timesthanin theuncachedase Theseobsenationslead
usto concludehatinteractie brute-forcesearchis prac-
tical becausddiamondcandeliver searchresultsfaster
thanausercanconsumeahem.

6. Conclusions

We believe thatinteractve brute-forcesearchs most
usefulwhentheuserplacesa high valueontheretrieval
resultsandis willing to investa little time to improve
searchquality. This type of searchis also appropri-
atewhentheimagecollectionis beingfrequentlymod-
i ed, suchas for suneillance applications,since pre-
computingimagefeaturesnaynot befeasible.
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