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Abstract

Current object recognitionsystemsaim at achieving two challenging
goals: recognizingnumerousobject classesand learning new object
classesfrom a smallnumberof examples.This paperprovidesa bench-
markfor evaluatingprogresson thesefundamentaltasks.Severalmeth-
odshave recentlyproposedto utilize thecommonalitiesbetweenobject
classesin orderto effectively acquirenew objectclasses.Suchmethods
can be termedinterclasstransfertechniques.However, it is currently
dif�cult to asseswhich of theproposedmethodsmaximallyutilizes the
sharedstructureof relatedclasses.To facilitatethedevelopment,aswell
asthe assessmentof methodsfor dealingwith multiple relatedclasses,
the proposedbenchmarkprovideslabeledimagesof over

�����

mammal
classes.The imagesareorganizedin � ve levelsof variability, andtheir
labelsprovide informationon theobjectsidentity, locationandpose.A
labeledbenchmarkcontainingalargenumberof relatedclassesis crucial
for assessinghow well proposedsolutionsscaleup, andwhich methods
betterutilize interclasstransfer.

1 Intr oduction

This paperdescribesa benchmarkfor evaluatingmethodsaimedat recognizingnumerous
objectclasses.In the last few yearsa signi�cant improvementis observedin thecapabil-
ities of objectrecognitionmethods.Reliablesystemshave beenproposedfor recognizing
individualobjects(e.g.a speci�c mug),tunedto overcomeocclusions,changingillumina-
tion conditionsandposevariations[10, 8, 12, 1]. Moreover, for certainobjects(like faces
andcars),reliablerecognitionon the classlevel hasbeendemonstratedaswell (seefor
example[13]). However, handlingthewithin classvariability in otherobjectclasses(e.g.
recognizingall mugs),remainsa challengingtask. Theproliferationof machinelearning



Figure1: Exampleimagesfrom theAardvark searchseparatedto the� ve databasetiers

techniquesinto thecomputervisioncommunityis manifestedby thefactthatmany current
objectrecognitionsystemsrely on an extensive training stageto handleclassvariability.
A systematicevaluationof thesemethodsmustexaminebothrecognitionperformanceand
training requirements.Training requirementsaretypically assessedby thenumberof ex-
amplesneededfor reachinga certainperformancemeasureand by the type of labeling
assumedasinput (e.g. imagelabelor boundingbox). Two intertwinedgoalshaverecently
emergedin thefrontierof objectrecognitionsystems:

1. learningto recognizenumerousobjectclasses

2. learningto recognizeanobjectclassfrom very few examples

Theneedfor recognizingmany objectsemergesnaturallyin settingssuchasqueryby image
contentandroboticvisionapplications.While, learningfrom few examplesis motivatedby
thefactthattrainingdatais oftenexpensiveto acquireor otherwisescarce.Thehumanper-
ceptualsystemhastheremarkablecapacityto recognizenumerousobjects,often learning
to reliably classifya novel objectfrom just a shortexposureto a singleexample.Inspired
by thehumancapabilities,it hasbeenhypothesizedthat to accomplishsuchtasks,recog-
nition systemsmustrely on interclasstransfer. It couldbe saidthata recognitionsystem
bene�ts from interclasstransfer, if the multiple target classi�cation taskssharecommon
underlyingstructuresthatcanbeutilized to facilitatetrainingandaugmentdetection.The
machinelearningliteratureprovidesseveralpastattemptsat formalizinginterclasstransfer
[2, 15]. Recently, theobjectrecognitioncommunityhasdiscoveredthevalueof interclass
transfer. By applying interclasstransfermethods,a signi�cant improvementover single
objectrecognitionsystemshasbeenreportedby severalresearchers[7, 11, 4, 14, 9, 6]. It
shouldbenotedthatbesidesthecommonemphasisoninterclasstransfer, thesemethodsare
widely diverse.While somearebasedon generativemodeling,othersarepurelydiscrimi-
native. Theinformationtransferredbetweentheclassesvariesaccordingly, from priorson
objectcon�gurationsto reusablediscriminative features.Regrettably, unlike otherobject
recognitiondomains(e.g. facedetection),theobjectrecognitioncommunitylackstheap-
propriatedatasetsrequiredfor evaluatingthemeritsanddrawbacksof proposedinterclass
transfermethods.Both in thegenerative settingproposedby [4] andin thediscriminative
modelproposedby [14] the informationtransferedbetweenclassesseemsto bequite re-
stricted(priorsonobjectcon�gurationsin theformerandedgesandcornerlocationsin the
latter). However, this effect doesnot seemsto truly characterizetheproposedalgorithms,
but ratheremergesdueto thefactthattheevaluatedclasseswereonly weaklyrelated(e.g.
carsandstreetsigns). It is clearthat if thetargetclassesarenot related,little if any inter-
classtransfermightbeobserved.It couldbeexpectedthatinterclasstransfermightbefully
manifested,only in experimentstraining on many classesthat sharesigni�cant common
structures.Thus,theinterestingquestionis which of thecurrentapproachesperformsbest
in scenarioswhereobjectclassesdo sharesigni�cant commonstructures.In orderto en-
ablea systematiccomparisonof currentandfuturemethodsaimedat exploiting interclass
transfer, a designatedbenchmarkmustbeavailable.This needis addressedby providing a
benchmarkof trainingandtestingimagesof severalhundredrelatedobjectclasses(mam-
mals). By providing sucha benchmarkit will hopefully be possibleto assesshow well
proposedsolutionsscaleupandwhichbetterexploit interclasstransfer.



2 Benchmark Generation

As statedabove,thecontributionof selectinganinterclasstransferapproachincreaseswith
thedegreeof commonstructuresharedby thetargetobjectclasses.However it is unclear
how might oneassessa-priori whethercertainclassesdo, or do not, sharecommonstruc-
ture. Clearly, if an interclasstransfermethodcontributessigni�cantly to the recognition
accuracy it could be assumedthat commonstructureexists. Yet, a benchmarkdatabase
mustprovide ana-priori justi�cation for thatbelief. In [5] it wasclaimedthat recognition
of multiple characterswithin a certainwriting systemshouldexhibit interclasstransfer.
This claim wasjusti�ed by thereusablepatternswithin writing systemsdescribedby [3].
Theselectionof mammalsis analogouslyjusti�ed by two reasons.First, thephylogenetic
origin of mammalsentailsa hierarchyof commonstructures.Second,even genetically
distantmammalsoftensharecommonphysicalstructuresdueto evolutionaryconvergence
causedby similar survival constraints.For example,theAardvarkandHarehavea similar
earstructure,despitetheir geneticdistance.Thesea-priori reasonsjustify theselectionof
mammalimagesasasuitablebenchmarkfor interclasstransferobjectrecognitionmethods.
In addition,imagesof many mammals(like theNabarlek)arerare,thusnaturallynecessi-
tatinginterclasstransfertechniques.It shouldbenotedthatwhile commonstructuresexist,
thevariability of theobjectclassesis immense,thusprogressin this benchmarkis a truly
challengingtask.

2.1 ImageAcquisition

The compiledlist of mammalsis available in Appendix I. Sincethe benchmarkgoal is
perceptualrecognition,theprovidedlist is by nomeansZoologicallyveri�ed andis known
to bede�cient onmany batandrodentspecies.Imagesweredownloadedutilizing all URLs
providedby theGoogleImagessearchengineandthenconvertedto JPEGformat.

2.2 ImageLabeling

Imagesweremanually�ltered in a � ve tier paradigm:

1. irrelevant imagesincluding semanticnoise(e.g. the �ction �gure Zorro rather
than the desertfox Zorro), duplicateimages,non-typicalversionsof an animal
(e.g.a babyTapir)etc.

2. imagesof theanimalthatarenot color photographs:includingstatues,paintings,
sketches,computergeneratedanimationsandblackandwhite images.

3. color imagesincluding a croppedversionof the animal(e.g. only the headap-
pears)

4. color imagesincludingthefull animalin a non-standardposeor view

5. color imagesincludingthefull animalin a standardpose

Exampleimagesof these� ve tiersareprovidedin Fig. 1. Naturally, all the imagesin the
databaseareassociatedwith the appropriatemammalname,however, the imagesof the
�fth tier (Fig. 2) werefurtherlabeledby:

1. uprightvs. four-leggedpose

2. left pro�le, right pro�le or frontal view

3. boundingbox parameters(top left cornercoordinates,width andhight in pixels)



Figure2: Examplesof themammalsAardvark andZorro labeledwith poseandboundingbox

3 DatabaseDescription

A totalof 272,486images(˜7GB)havebeendownloadedfrom thewebonMarch,24,2005.
Labelingall imagesof a singleanimaldemandsapproximately30 minutes,thusa total of
300labelinghourswererequiredfor theentiremammaldatabase.This taskwasperformed
byagroupof 15undergraduatestudentswhowerepaidfor labelingtheimages.It shouldbe
notedthatapproximately75%of thedownloadedimageswere�ltered asirrelevantdueto
semanticnoise,duplicateappearances,non-typicalversionsof ananimaletc.A histogram
of the remainingfour tiers is provided in Fig. 3. Assumingthat additionalinformation
might beprovidedin the future(includingposeparameters,pixel annotationsetc.) labels
areprovidedin XML format(in additiontobinary, ASCII andmatlab�les). Thebenchmark
andlabelingapplicationsarefreely providedin orderto emphasizeanopenendedeffort,
in which additionallabelsor classfamilies(vehicles,treesetc.) couldbe incorporatedin
thefuture.Thedatabaseandawebinterfacefor viewing andintroducingadditionallabeled
imagescouldbefoundatwww.cs.huji.ac.il/˜�nk/mammals/.
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Figure3: Histogramof the four category tiers: non-color-picture, cropped-image,non-standard-
poseandstandard-pose



Figure 4: The Mammalia include Monotremata(Platypus,Echidnas),Marsupialia(Oppossums,
Kangaroosetc.)andthevarietyof Eutheriadepictedherein theirphylogenetictreestructure(adapted
from [16]). Recognitionof the ����� non-extinct terrestrialmammalsrepresentedin thedatabase,could
beexploredin context of their underlyingcommonstructures.

4 Research Bene�ts of the benchmark

The availability of a large labeleddatabasecontainingmultiple relatedclassesoffersdis-
tinct advantagesfor thestudyof severalbasicaspectsof objectrecognition.As discussed
above, onebasicissueis the useof interclasstransferin the learningof new classes.A
secondissueis learningto deal with multiple classeswith different levels of similarity.
Therecognitionof highly similar classesthatdiffer in only small detailsmay requiread-
ditional mechanismscomparedwith therecognitionof moredistantclasses,andit will be
of interestto test systematicallythe capacityof differentmethodsto dealwith different
degreesof interclasssimilarity. Anotherissueis dealingwith deformationsthatarespeci�c
to someclassesbut not to others.For example,in themammalsdatabase,someclassesare
characterizedby speci�c deformationsdueto typical posevariations(e.g.,grazers'heads
appearingeitherupor down). Mammalclassesareorganizedin rich structureslikeregions
of habitant,environmentalrole (e.g.grazersor hunters)andphylogenetictrees(Fig. 4). It
will be of interestto studythe relationshipsbetweenthesecategoriesandvisually-based
classi�cation.

Anothergeneralissueis the needfor multi-channelprocessingand the discovery of the
usefuldimensionsfor differentclassi�cationtasks.For example,therelativeroleof shape,
color, andtexturedependson theclassesto berecognized.Occasionally, a particulartex-
ture may be helpful in recognizinga particularmammalclass,yet often differentclasses
sharesimilar texturepatterns(Fig. 5). Finally, sincethemammalimageswerestoredun-
cropped,they canbeusedto further investigatethecontributing factorsof imagecontext.
Theseissuesareinterestingascriteriafor assessingthestrengthsandweaknessesof recog-
nition approaches.In addition to overall performancemeasuressuchasROC curves, it
will be of interestto assessmorespeci�cally differentcriteria,suchastheability to deal
successfullywith highly similar classes.



Figure5: The needfor characterizingcommonmulti-channelinformationis demonstratedby the
prevalenceof sharedtextures,like thestripepatternsof Amur Tigers,AardwolvesandBandedDuik-
ers.

5 Appendix I
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Aardvark Aardwolf Addax Addra
African Elephant African Lion African Wild Cat African Wild Dog
Agile Antechinus Agile Wallaby Agouti AgrantShrew

AlaskaVole Allied Rock-Wallaby Alpaca AmericanBadger
AmericanBison AmericanMink AmericanPorcupine Ampurta

Amur Tiger Andrew'sBeakedWhale Anteater Antelope
Ape Arctic Fox Arctic GroundSquirrel Arctic Hare

Arctic Wolf Armadillo Arnoux'sBeakedWhale Arsinoitherium
Artiodactyls AsianElephant AsianLion Asiatic Black Bear

AthertonAntechinus Atlantic WhitesidedDolphin Aye-Aye Babirusa
Baboon BactrianCamel Badger Bahamonde's BeakedWhale

Baiji BaleenWhale BandedDuiker BandedHare-Wallaby
BandedMongoose Bandicoot Bat Bay Duiker

Beardedseal Beaver BelugaWhale Bengaltiger
Bennett'sTree-Kangaroo Big Brown Bat BighornSheep Bilby

Binturong Bison BlackBear Black BearHamster
Black FootedRockWallaby Black Lemur Black Rat Black TailedJackRabbit

Black Wallaroo Blackbuck Black-footedFerret Black-stripedWallaby
Black-tailedJackRabbit BlueWhale Bobcat Bongo

Boto Bottle-nosedDolphin BowheadWhale BrazilianFree-TailedBat
Bridlednailtail wallaby BroadFacedPotoroo Brown Antechinus Brown Bear

Brown Rat BrushTailedRockWallaby Brush-tailedBettong Brush-tailedPhascogale
Bryde's Whale Buffalo Burmeister's Porpoise BurmeseCat

Burrowing Bettong BushDog BushPig Bushy-tailedWoodrat
Butler'sDunnart CaliforniaMyotis CaliforniaSeaLion Camel
Canyon Mouse CapeBuffalo CapeHuntingDog CapeYork RockWallaby

Capuchin Capybara Caracal Caribou
CarpentarianPseudantechinus Cat Chamois Cheetah

ChestnutDunnart Chevrotain ChileanDolphin Chimpanzee
Chinchilla Chipmunk CinnamonAntechinus Civet

Clif f Chipmunk CloudedLeopard ClymeneDolphin Coati
CollaredLemming CollaredPeccary Commerson'sDolphin CommonBrushtailPossum
CommonDuiker CommonDunnart CommonPlanigale CommonRingtailPossum

CommonSpottedCuscus CommonWallaroo CommonWombat Cougar
Cow Coyote Coypu CrabeaterSeal

Cuvier'sBeakedWhale DaintreeRiverRingtailPossum Dall Sheep DarkKangarooMouse
Deer DeerMouse Dense-beakedWhale DesertCottontail

Desertrat-kangaroo DesertWoodrat Dhole Dingo
Dog Dolphin Donkey DromedaryCamel

Duck-billedPlatypus Dugong Dusky Antechinus Dusky Dolphin
EasternBarredBandicoot EasternChipmunk EasternCougar EasternGrey Kangaroo

EasternGrey Squirrel EasternMole EasternPipistrelle EasternPygmyPossum
EasternQuoll EasternSmall-footedBat EasternTarsier Echidna

EgyptianMongoose Ekaltadeta Eland Elephant
Elephantseal Elk Ermine EurasianOtter

EuropeanHare EuropeanHedgehog EuropeanMole EuropeanRabbot
EveningBat Fallow Deer FalseKiller Whale Fanaloka

Fat-tailedDunnart Fat-TailedPseudantechinus Fawn Antechinus FeathertailGlider
FennecFox Feralpig Ferret Fin Whale

FinlessPorpoise Fisher FloridaManatee FloridaMastiff Bat
Flying Squirrel Fossa Fox Franciscana

Fraser'sDolphin Free-TailedBat Fruit Bat GangesRiverDolphin
Gaur Gazelle Gemsbok Genet

Gerbil Gerenuk Gervais' BeakedWhale GiantAnteater
GiantArmadillo GiantOtter GiantPanda Gibbon
Gilbert'sDunnart Giles' Planigale Ginkgo-toothedBeakedWhale Giraffe

Gnu Goat Godman's RockWallaby GoldenBandicoot
GoldenLion Tamarin Golden-manteledGroundSquirrel Goose-beakedWhale Gopher

Goral Gorilla Grant'sGazelle GrayFox
Grayseal GrayWhale Gray'sBeakedWhale GreatBasinKangarooRat

GreatBasinPocketMouse GreaterGlider GreenRingtailPossum Grey Bellied Dunnart
Grey Whale Grison Grizzly Bear Groundhog

Guadalupefur seal Guanaco Hairy FootedDunnart Hairy-tailedMole
Hamsters HarborPorpoise Harborseal Hare
HarpSeal Hartebeest Heaviside'sDolphin Hector'sBeakedWhale

Hector'sDolphin Hedgehog HerbertRiverRingtailPossum Herbert'sRockWallaby
Hippopotamus HoaryBat HoaryMarmot Hog Badger
Honey Badger Honey Possum HoodedSeal Horse

HourglassDolphin HouseCat HouseMouse Howler Monkey
Hubbs'BeakedWhale HumpbackWhale Hyena Ibex

Impala IndianRhinoceros IndianaBat Indo-Paci�c HumpbackedDolphin
IndusRiverDolphin IrrawaddyDolphin Jaguar Jaguarundi

Javelina JuliaCreekDunnart KakaduDunnart Kangaroo
KangarooIslandDunnart KangarooRat Karakul Killer Whale

Kinkajou Kirk' sDik-dik Kit fox Klipspringer
Koala Kowari Kudu Kultarr

Figure6: List of mammalsA-K representedin thebenchmarkdatabase



Leadbeater's Possum LeastChipmunk LeastWeasel Lechwe
Lemming Lemur LemuroidRingtailPossum Leopard

LesserHairy FootedDunnart Linsang Lion Little PocketMouse
Little PygmyPossum Little-Long tailedDunnart Llama Long FootedPotoroo
LongNosedPotoroo Long-beakedCommonDolphin Long-earedMyotis Long-FinnedPilot Whale

Longman's BeakedWhale Long-tailedDunnart Long-tailedPlanigale Long-tailedPocketMouse
Long-tailedPygmyPossum Long-tailedVole Long-tailedweasel Loris
Lumholtz'sTree-kangaroo Lynx Manatee ManedWolf

Manul Markhor Marmot MarsupialMole
Marten Meadow Vole MediterraneanMonk Meerkat

Melon-HeadedWhale Merriam'sShrew Mink Minke Whale
Mole Mongoose Monjon Monkey

MontaneShrew MontaneVole Moose Mou�on
MountainBrushtailPossum MountainGoat MountainGorilla MountainHare

MountainLion MountainPygmyPossum Mouse MouseDeer
Mule Mule Deer Mulgara MuskOx

Muskrat Musky Rat-kangaroo Mustang Nabarlek
NakedMole-rat Narbalek Narwhal New EnglandCottontail

NineBandedArmadillo NingbingPseudantechinus Norrow-nosedPlanigale North Atlantic BeakedWhale
NortherDibbler NorthernAtl. Bottle-nosedWhale NorthernBettong NorthernBlack RightWhale

NorthernBrown Bandicoot NorthernElephantSeal NorthernFlying Squirrel NorthernFur Seal
NorthernGrasshopperMouse NorthernHairy-nosedWombat NorthernNailtail Wallaby NorthernQuoll
NorthernRightwhaleDolphin NorthernShort-tailedshrew NorthernYellow Bat NorwayRat

Numbat Nutall Cottontail Nutria Ocelot
Okapi Old World Badger OoldeaDunnart Opossum

Orangutan Orca OrdKangarooRat Oribi
Oryx Otter Paci�c WaterShrew Paci�c White-SidedDolphin

Pallid Bat PalmCivet Panda Pangolin
Panther PantropicalSpottedDolphin ParaguayanFox ParmaWallaby

Peale'sDolphin PearyCaribou PersianCat Pig
Pika PilbaraNingaui PineMarten PinyonMouse

Platypus PolarBear Polecat Porcupine
Prairiedog Preble'sShrew Pronghorn PronghornAntelope

ProserpineRock-Wallaby Przewalski'sHorse Puma PygmyCottontail
PygmyHippopotamus PygmySpermWhale Quokka Quoll

Rabbit Raccoon Raccoon-Dog Rat
RedBat RedBelliedPademelon RedFox RedKangaroo

RedLeggedPademelon RedNeckedPademelon RedPanda RedSquirrel
RedWolf Red-cheekedDunnart Red-NeckedWallaby Red-tailedPhascogale
Reedbuck Reindeer Rhinoceros Ribbonseal

RichardsonGround Right Whale RingtailCat RingtailPossum
Ring-tailedLemur Risso's Dolphin RiverOtter RockRingtailPossum

RockSquirrel RoeDeer Rough-toothedDolphin RoyalAntelope
RufousBettong RufousHareWallaby RufousSpiny Bandicoot SableAntelope

Saddle-backedDolphin SagebrushVole SaigaAntelope Salt'sDik-dik
SandhillDunnart Scaly-tailedPossum ScrubHare SeaOtter

Seal SeiWhale SeminoleBat Serow
Serval Sheep Shepherd'sBeakedWhale ShortEarnedRockWallaby

Short-FinnedPilot Whale Siamang SiberianTiger SikaDeer
SimianJackal Siver-nairedBat Skunk Sloth

SlothBear Smoky Shrew Snow Leopard SnowshoeHare
SoutheasternBat SouthernBogLemming SouthernBrown Bandicoot SouthernCommonCuscus
SouthernDibbler SouthernFlying Squirrel SouthernHairy-nosedWombat SouthernNingaui

SouthernPocketGopher Sowerby'sBeakedWhale SpectacledHare-Wallaby SpectacledPorpoise
SpermWhale SpiderMonkey SpinnerDolphin SpottedHyena
SpottedSkunk Spotted-tailedQuoll Springbok Squirrel
SquirrelGlider SquirrelMonkey Star-nosedMole Steenbok

Stejneger'sBeakedWhale StellerSeaLion StraptoothedWhale StripedDolphin
StripedPossum StripedSkunk Stripe-facedDunnart SugarGlider

SunBear SwampAntechinus SwampWallaby Takin
TammarWallaby Tapir Tarsier TasmanianBettong
TasmanianDevil TasmanianTiger Tetra Thomson's Gazelle
Three-toedSloth Thylacine Tiger Topi

Townsend's GroundSquirrel Trowbridge'sShrew True's BeakedWhale Tucuxi
TundraHare TundraRed-backvole Twilight Bats UintaChipmunk

UnadornedRockWallaby VagrantShrew VampireBat Vancouver Island
Vaquita Vicuna VirginiaOpossum Wallaby
Walrus Warthog WaterShrew Waterbuck
Weasel WeddellSeal WesterQuoll WesternBarredBandicoot

WesternBrushWallaby WesternGrey Kangaroo WesternHavestMouse WesternJumpingMouse
WesternPygmyPossum WesternRingtailPossum Westernsmall-footedMyotis Whale

Whiptail Wallaby White Rhinoceros WhiteTailedAntelope WhiteWhale
White-footedDunnart White-footedMouse White-tailedDeer White-tailedDunnart

Wild Ass Wild Boar Wild dog Wild horse
Wild Yak Wildebeest Wolf Wolverine
Wombat WongaiNingaui WoodlandCaribou WoodlandVole

Woolleys' Pseudantechinus Yak Yellow FootedRockWallaby Yellow-belliedglider
Yellow-belliedMarmot Yellow-footedAntechinus Zebra Zorilla

Zorro

Figure7: List of mammalsL-Z representedin thebenchmarkdatabase


