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Abstract

Recently, a neuroscienceinspiredsetof visual featureswas introduced. It
wasshown that this representationfacilitatesbetterperformancethanstate-
of-the-artvisionsystemsfor objectrecognitionin clutteredandunsegmented
images.

In thispaper, weinvestigatewhetherthesefeaturescanbeappliedoutside
the scopeof unsegmentedobjectdetection. We show that this outstanding
performanceextendsto shape-basedobjectdetectionin theusualwindowing
framework, to amorphousobjectdetectionasatextureclassi�cationtask,and
�nally to context understanding

Thesetasksareperformedon a largesetof imageswhich werecollected
asa benchmarkfor theproblemof sceneunderstanding.The�nal systemis
ableto reliablyidentify cars,pedestrians,bikes,sky, road,buildingsandtrees
in a diversesetof images.

1. Intr oduction
TheStandardModelFeatures(SMF),recentlyintroducedin [23], arebasedoncombining
the output of Gabor�lters over scaleandposition. This combinationis doneusing a
maxoperation1, resultingin a setof featureswhichareposition-andscale-tolerantedge-
patterndetectors.The SMF wereintroducedasan implementationof the feed-forward
modelin neuroscience,andaresuccessorsto previousquanti�cationsof it [19].

Thegoalof this paperis to reclaimtheseSMF featuresfrom neuroscienceby putting
themwithin thecontext of othercommoncomputervision tasks,andto presenta simple
andcompletesystemfor objectdetectionof a widevarietyof objecttypes.

Objectrecognitionusinganunsegmentedtrainingsetis becominga popularresearch
�eld, with severalbenchmarkdatasetsandmany publishedcontributions.The�rst meth-
ods[29, 10, 9] usedgenerative modelsthat recognizehighly informative objectcompo-
nentsandtheirspatialrelations,but therehavebeendiscriminativeapproaches[6, 23] and
registrationbasedapproaches[1] appliedto thisproblemaswell.

1similar to themorphologicaldilationoperation,but themaximumis takenover scaleaswell asposition



Theability to learnfrom unsegmentedimagesis impressive, but theperformanceis
still behindthatof thosesystemswhichdonot train in clutter. To detectobjectsin natural
imagesrequireshigh recall at very low falsepositive rates. Today thereexist several
systemswhich performwell on this dif�cult benchmarkfor faces[24, 22, 27], cars[22]
andpedestrians[17, 28]. Typically, thesesystemsrequirelargesetsof trainingdata.

Thereis anopenquestionwhetherthesystemsthatweredesignedto work on unseg-
mentedimagescanbecomesuccessfulobjectdetectionsystemswhentrainedon images
with no clutter. If so, thena largegaincanbemadeif they could transformtheir ability
to learnfrom few trainingexamples,aswell astheir suitability to a largenumberof ob-
jects,into this new domain. In this paper, we will show that SMF featurescanbe used
successfullyfor objectdetectionin thesegmentedobjectframework.

Another recognitiontask to which we extend the SMF set is the detectionof non-
shape-basedobjects,i.e.,treesandbuildings.Thisis essentiallyatexturerecognitiontask:
aftersegmentingtheimages,we recognizethetextureof eachsegment.We demonstrate
that the SMF featuresoutperformotherstate-of-the-artalgorithms. Finally, we offer a
platformfor context computationinsidethesameuni�ed framework.

The threecapabilities,shape-basedobjectdetection,texture-basedobjectdetection
andcontext computation,form a completesystemthat servesasa robustbasefor scene
understandingarchitectures.

2. The SMF features
TheStandardModel featuresetis composedof two setsof features:an intermediateset
of features(C1), and the position invariantsetof features(C2). It is believed that the
biologicalcounterpartsof bothsetsplaya role in objectrecognitionin thebrain.

The setof intermediate features:Thissetcorrespondsto the�rst corticalstagesof
V1. It is implementedastheoutputof ahierarchicalprocesscontainingtwo layerstermed
S1andC1. The �rst layer (S1) is obtainedby applyinga batteryof Gabor�lters to the
image. The parametersof the �lters wereadjustedso that the S1 units' tuning pro�les
matchthoseof V1 parafovealsimplecells. This wasdoneby �rst samplingthespaceof
theparametersandthengeneratinga largenumberof �lters. These�lters wereapplied
to stimuli which arecommonlyusedto assessV1 neurons'tuning properties[14] (i.e.,
gratings,barsandedges).After removing �lters thatwereincompatiblewith biological
cells[14], we wereleft with a �nal setof 16 �lters at 4 orientations(seetable1). TheS1
layerthereforecontains16� 4 �lter outputimages.

Thenext layer, C1,correspondsto complex cellswhich show sometoleranceto shift
andsize.This toleranceis obtainedby takinga maximumacrossneighboringscalesand
nearbypixels. For this purpose,the16 �lters weredividedinto into 8 bands. Theoutput
of eachbandS is determinedby max-�ltering each�lter -responseover a region of size
NS � NS, andtaking the maximumagainover the scaleswithin theband. This process
is doneseparatelyfor every orientation.Theoutputof theC1 layer thereforecontains4
orientationstimes8 bandsfor a total of 32differentimagesof combined�lter outputs.

The position- and scale-invariant set of features: This computationcan also be
conceptualizedastwo layers,theS2layerandtheC2layer. TheS2layeremploysapatch
basedapproach,whereineachbandof theC1 outputis �ltered with a setof prototypes.
Theseprototypepatchesarethemselvescropsof imagesrepresentedin C1 space.This
processcanbe describedasa templatematchingprocesswhereeachprototypeis com-



BandS 1 2 3 4 5 6 7 8

�lter scales 7 & 9 11& 13 15& 17 19& 21 23& 25 27& 29 31& 33 35& 37
Gaborwidth s 2.8& 3.6 4.5& 5.4 6.3& 7.3 8.2& 9.2 10.2& 11.3 12.3& 13.4 14.6& 15.8 17.0& 18.2
Gaborwavelengthl 3.5& 4.6 5.6& 6.8 7.9& 9.1 10.3& 11.5 12.7& 14.1 15.4& 16.8 18.2& 19.7 21.2& 22.8

positionpoolingsizeNS 8 10 12 14 16 18 20 22

orientationq 0; p
4 ; p

2 ; 3p
4

patchsizeni 4� 4;8� 8;12� 12;16� 16(� 4 orientations)

Table1: Summaryof parametersusedin our implementation.

paredto everywindow of matchingsizein eachband.Notethateachni � ni � 4 prototype
is originally extractedfrom oneband,but it is comparedacrossbandsfor scaleinvariance.

The�nal setof shift andscaleinvariantSMFs(C2) containstheglobalmaxover all
bandsandpositionsof elementsin theS2layer. Thisisdoneseparatelyfor eachprototype,
hencethesetof C2 featureshasasmany elementsasthenumberof prototypes.

3. C2 featuresfr om a computer vision perspective
The�rst layer, S1,is justanapplicationof Gabor�lters [12, 7] to theinput image,which
is fairly standardandhasbeenusedfor many computervision problems[3, 21, 18]. The
S2 andC2 layersarean applicationof a patchbasedapproach,which usescorrelation
with smallerimagecropsasits basicbuilding block. Suchsystemsaregaininga lot of
popularity, and have beenusedsuccessfullyfor texture synthesis[8], superresolution
[11], objectdetection[26, 25] andobject-speci�cimagesegmentation[2].

Theonly layerwhich might seemunorthodoxfrom a computervision perspective is
the C1 layer, in which the outputsof the S1 layer arebeingmaximizedlocally. While
many systemsmaximizetheoutputof adetectorovertheentireimage,thishasbeendone
locally only recently. For partbasedobjectdetection[26, 25], detectorsof eachpartare
learnedindependentlyandthenappliedto regionswherethepartsareexpectedto appear.
The SMF seemuniquein that general purpose�lter s are being maximizedover local
regionsin theimage.

In orderto explain the utility of C1, we invoke a scalespaceterminology(see[15]
for an overview). Scalespacetheorywasmostly concernedat �rst with the Gaussian
scalespace.Thisscalespacehasmany desirablepropertiessuchasseparability, linearity,
shift invariance,isotropy, homogeneity, andcausality. The last propertyis an important
one:causalitymeansthatnonew level setsaregeneratedby goinginto coarserscales.A
relatedpropertyis to demandthenon-creationof localextremain coarserscales.

In our application,local maximizationis usedto move from a �ne scaleto a coarser
scalein orderto maketheC1layerinvariantto local translationsof theedge.As apseudo
scalespace,localmaximizationhassomedesirableproperties:it is separable(onecanap-
ply it overtherowsandthenoverthecolumns),it is shift invariant,andit is homogeneous
(applyingit repeatedlycorrespondsto moving into coarserandcoarserscales).However,
in general,it is not anappropriatescalespace.Amongotherproblems,applyingit to an
imagemaycreatenew localextrema.

However, in theSMF framework, the local maximumoperatoris appliedto a setof
Gabor�ltered images,which area sparserepresentationof theoriginal image.Themax
scalespaceis successfulin preservingtheamplitudeof thesparsemaxima,whereasthe
Gaussianscalespacesmoothsthemout.



Object car pedestrian bicycle building tree road sky

Type shape-based texture-based
# of LabeledExamples 5799 1449 209 5067 4932 3400 2562

Table2: Summaryof someof thelabeledobjectsin theStreetScenesDatabase.

Figure1: An illustrationof thedata�o w diagramof our system.

4. Scene-UnderstandingSystemAr chitecture
Wepresentthecurrentimplementationof amulti-yearscene-understandingproject.Every
detectorwithin this systemreliesuponthesameSMFs,eventhoughthedetectedobjects
themselvesarequalitatively different.Thecurrentlydetectedobjectsarelistedin table2.

Theobjectsaredividedinto two distinctsets,texture-basedobjectsandshape-based
objects,andtwo classesarehandledusingdifferentlearningstrategies. Fig. 1 illustrates
thedata�o w diagramfor this architecture,speci�cally thepathwaysfor detectionof the
texture-basedandshape-basedobjects. Additionally, the arrow labeled'context' sym-
bolizesthat detectionsof the texture-basedobjectsareusedto aid in the detectionsof
theshape-basedobjects.Detaileddescriptionsof thealgorithmsfor texture-basedobject
detection,shape-basedobjectdetection,andcontextual in�uence areofferedbelow.

4.1. The StreetSceneDataset
Outdoorimagesof citiesandsuburbswasselectedasanappropriatesettingfor thescene-
understandingsystem. A databaseof nearly 10;000 high-resolutionimageshasbeen
collected,3;000 of which have beenhandlabeledfor 9 objectcategories. Sampleim-
ages,their handlabellings,andsomeempiricalresultsareillustratedin Fig 2. Notethat
the accuratedetectionof many of theseobjectcategoriesis madedif�cult by the wide
internalvariability in their appearance.For exampletheobjectclass“cars” includesex-
amplesof many diversemodels,at many poses,andin variousamountsof occlusionand
clutter, “trees” appearvery differentin summerandwinter, andtheclassof “buildings”
includessky-scrapersaswell assuburbanhouses.Capturingthis wide variability while



Figure 2: Top Row: StreetScenesexamples. Middle Row: True hand-labeling;color
overlayindicatestexture-basedobjectsandboundingrectanglesindicateshape-basedob-
jects.Notethatpixelsmayhavemultiple labelsdueto overlappingobjects.BottomRow:
Empiricalperformanceof thecurrentobjectdetectors.

maintaininghigh accuracy is partof thechallengeof thescene-understandingproblem.

4.2. Shape-BasedObject Detection
In our system,shape-basedobjectsarethoseobjectsfor which thereexistsa strongpart-
to-part correspondencebetweenexamples,including things like pedestrians,cars,and
bicycles. In orderto detectshape-basedobjects,the systempresentedhereusesthe C1
featuresfrom the SMF set in combinationwith the well-known windowing technique.
Windowing is usedto enablethedetectorto recognizeobjectsat all positionsandscales,
giventhatC1 featureshaveonly limited positionandscaleinvariance.

Thetrainingdatafor thesedetectorsis extractedby croppingexamplesfrom a subset
of the databasesetasidefor training. Thesecropsareconvertedinto C1 SMF spaceas
detailedin Sec.2. Brie�y , eachcrop is resizedto a commonresolution,�ltered with di-
rectionalGaborwaveletsat multiple scales,max-�ltered, and�nally decimated.In this
way, eachtrainingexampleis convertedinto a 1;024dimensionalvector, representinga
16� 16 squarearrayof C1 level features,eachof which is itself a 4 dimensionalvec-
tor representing4 differentorientations.After both positive andnegative examplesare
extracted,thedataareusedto traina boostingclassi�er.

In testimages,everysquarewindow of theimageis convertedinto C1 spaceandfed
into the objectdetectors,resultingin a real-valueddetectionstrengthat every possible
locationandscale. The �nal systemoutput is drawn by thresholdingthis responseand
usinga local neighborhoodsuppressiontechnique.In Fig. 2 we presentedsometypical
resultsof this typeof detection.

4.3. Texture-BasedObject Detection
Texture-basedobjectsare thoseobjectsfor which, unlike shape-basedobjects,thereis
no obvious visible inter-objectpart-wisecorrespondence.Theseobjectsare betterde-
scribedby their texture thanthegeometricstructureof reliably detectableparts.For the



StreetScenesdatabasethesecurrentlyincludebuildings,roads,trees,andskies.
Thedetectionof thetexture-basedobjectsbeginswith thesegmentationof theinput-

image.For thisweemploy thefreely-availablesegmentationsoftware“Edison” [5]. Seg-
mentsareassignedlabelsby calculatingC2SMFswithin eachsegment,andinputtingthis
vectorinto a suitablytrainedboostingclassi�er. Oneclassi�er is trainedfor eachobject
typeusingexamplesfrom thetrainingdatabase.Notethattrainingsamplesfor thetexture
objectsareonly drawn from locationsnearerto thecenterof theseobjectssoasto prevent
theclassi�er from learninganomaloustexture responsesdueto theboundariesbetween
objects.

In our experiments,444C2 featuresareusedto representeachtexturesegment,111
eachfrom the four possiblepatchsizes,ni (seetable1). The associatedprototypesare
extractedfrom randomlocationsin the training imagedatabase.In order to learn the
mappingfrom thisvectorof C2responsesto thecorrectobjectlabel,aboostingclassi�er
is employed.Only 150roundsof boostingareusedto learneachmodel,meaningthatfor
eachobject,eventhough444C2 featuresareavailable,only a maximumof 150features
areactuallyused.

4.4. Context Detection
In the data�o w diagramin Fig. 1, an arrow labeled“context” pointsfrom the texture-
basedobjectdetectionunit to theshape-basedobjectdetectionunit. This arrow indicates
thatit is possibleto usethedetectionof thetextureobjectsasusefulfeatureinputsto the
shape-basedobjects. The intuition is that, for instance,the detectionof roadscanand
shouldbiasthedetectionof cars.

In oursystem,context atapoint is de�ned asafunctionof thenatureof thesurround-
ing objects.The context featureat point x is constructedby samplingthe texture-based
objectdetectorresponsesat a setof locationsmeasuredrelative to point x. Theserelative
locationsarespacedsuchthat they well samplethe surroundingregion while avoiding
samplingfrom any locationswhich might intersecttheactualshape-basedobjectwe are
building a context modelfor. PleaseseeFig. 3 for an illustration of theserelative sam-
pling locationsin comparisonto the averagesizesof someof the shape-basedobjects.
A total of 24 suchrelative locationshave beenselected,meaningthat the featurevector
associatedwith a context is 4� 24 dimensional,where4 is thenumberof texture-based
objectsdetectableby thesystem.

In orderto train thecontext detectionsystem,thecontext featureis sampledfrom a
numberof locationsof positiveandnegativeobjectcontext. A pixel with positivecontext
is de�ned asa pixel which is within a labeledexampleof the targetobject. In the train-
ing stage,context featuresamplesaretakenusingthe true-handlabeledlocationsof the
texture-objects.This trainingdatais usedto train a boostingclassi�er for thecontext of
eachshape-basedobject.

In orderto applythecontext classi�er to atestimage,thecontext featureis �rst calcu-
latedateverypixel. In thiscase,sincetruetexture-basedobjectlocationsareunavailable,
theempiricaldetectionsareusedinstead.Applying thecontextualclassi�ersto thepixel-
wisefeaturevectorsresultsin onemapof contextualsupportfor eachof theshape-based
objectclasses.Thesemapsof contextual supportareusedin a rejectioncascadeframe-
work, whereinif the supportat a particularlocation is below somethreshold,thenthe
window is labeledasa negative beforeit is evenpassedto theshape-basedobjectclas-
si�er. Theappropriatecontext thresholdfor the rejectioncascadeis learnedusingcross
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Figure 3: An illustration of the 24 relative samplinglocations(black � 's). The thin
blackrectanglerepresentstheaveragesizeof thecarsin thedatabase,andthethick black
rectanglerepresentstheaveragesizeof pedestrians.

validationon thetrainingset.

5. Experiments
Threeexperimentsaredescribedbelow, eachof which is intendedto testthe �delity of
differentsubsystemsof the SMF-basedsceneunderstandingarchitecture.Comparisons
aremadeto otherstateof theart objectdetectorsfor thesesubsystems.

5.1. Experiment 1: Fidelity of the Shape-BasedObject Detector
For thethreeshape-basedobjectscar, pedestrian,andbicycle,wetrainC1baseddetectors
asdescribedin Sec.4.2. For comparison,we alsotrain classi�ersfor theseobjectsusing
threeotherwell known objectdetectiontechniques.TheROC resultsof this experiment
areillustratedin Fig. 4. Thethick dashedcurve labeled“Grayscale”indicatestheresults
of training a systemusing a simple grayscalefeaturevector insteadof the C1 values.
In this system,eachexampleis normalizedin sizeandhistogramequalizedto build the
featurevector.

Another base-linedetectoris built using patch-basedfeaturessimilar to thosede-
scribedin [25]. Eachpatch-basedfeature fi is associatedwith a particularpatch pi ,
extractedrandomlyfrom the training set. The valueof fi is the maximumof the nor-
malizedcrosscorrelationof pi within a window of the image. This window of support
is equalto a rectanglethreetimesthe sizeof pi andcenteredin the imageat the same
relative locationfrom which pi wasoriginally extracted.Theadvantageof thesetypesof
featuresoverthegray-scalefeaturesis thatthepatchfeaturescanbehighly object-speci�c
while maintaininga degreeof positioninvariance.For theresultsillustratedin Fig. 4, the
systemis implementedwith 1;024 suchpatchfeatureswith patchesof size12� 12 in
imagesof size128� 128.

For the SMF classi�er, the ”grayscale”classi�er and the “local patchcorrelation”
classi�er, thestatisticallearningmachineis aboostingclassi�er with 150rounds.Perfor-
manceis nobetterusinga linearor polynomialkernelSVM.

The �nal baselinesystemcomparedto in Fig. 4 is a part-basedsystemasdescribed
in [16]. Brie�y , objectpartsanda geometricmodelare learnedvia imagepatchclus-
tering,anddetectionis performedby re-detectingthesepartsandallowing themto vote
for objects-at-posesin a generalizedHoughtransformframework. While good results
for carswerereportedin theoriginalwork, weseethatfor thepose-independentlearning
problem,thispatch-basedconstellationmodelis outperformedby theSMFsystem.Over-
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Figure4: ROC curvesillustrating the performanceour the shape-basedobjectdetector
andthreebaselinesystems.

all, for all thethreeobjectcategoriestested,thestandardmodelfeaturebasedclassi�ers
weredominant.

5.2. Experiment 2: Fidelity of the Texture-BasedObject Detector
In orderto measurethe�delity of our objectdetectors,wecompareperformanceto other
state-of-the-arttexturerecognitionsystemsusingROCcurves.However, quanti�cationof
theperformanceof thetexture-basedobjectdetectorsis madecomplicatedby thenature
of the databaseitself. First, due to objectocclusions,somepixels in the StreetScenes
databasearelabeledasoneobject,i.e., “building”, but their actualappearanceis dueto
anotherobject, i.e., “tree.” We addressthis by removing pixelswith multiple labels,or
no label, from the test. Second,the detectoroutputwhenthe receptive �eld overlapsa
texture-boundaryis unreliable.Thisissueis addressedby segmentingtheinputimageand
averagingthedetectors'responsesovereachsegment.As a result,uncertainresponsesat
objectbordersareoffsetby theresponsescompletelywithin theobjectboundaries.

In Fig.5 wecomparetheresultsof theSMFtexture-basedobjectdetectoragainstfour
other texture classi�cation systems.The “Blobworld” systemis constructedusing the
Blobworld featuresdescribedin [4]. Brie�y , theBlobworld featureis a six dimensional
vectorat eachpixel; 3 dimensionsencodethecolor in thewell-known Lab color space,
and3 dimensionsencodethetextureusingthelocal spectrumof gradientresponses.The
curveslabeled“Texton 1” and“Texton 2” arearetheresultsof a systembasedon [20].
The texton featureis extractedby �rst processingthe test imagewith a numberof pre-
de�ned �lters. Texton 1 uses36 orientededge�lters arrangedin 5� incrementsfrom 0�

to 180� . Texton 2 follows [20] exactly by using36 gaborwavelet �lters at 6 orientations
and3 scales.For bothof thesesystemsindependently, a largenumberof randomsamples
of the36 dimensionaledgeresponseimagesaretakenandsubsequentlyclusteredusing
k-meansto �nd 100 clustercentroids.Eachof thesecentroidsis calleda ' texton.' The
' texton image' is calculatedby �nding the index of the nearesttexton for eachpixel in
theedgeresponseimages.The featurevectorusedfor learningthe texture-basedobject
model is built by calculatingthe local 10� 10 histogramof texton values. The texton
featureis thus100dimensional,onedimensionfor eachhistogrambin. Finally, the“His-
togramof Edges”systemis built by simplyusingthesametypeof histogramframework,
but overthe36dimensionaldirectionaledgeresponseof “Texton1” ratherthanthetexton
identity. Learningis donewith 150roundsof boostingoverregressionstumps.

FromFig. 5 we seethat,while differentmethodshave particularstrengthsfor some



0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

False positive rate

T
ru

e 
po

si
tiv

e 
ra

te

building texture detection

Standard Model
BlobWorld
Texton 1
Texton 2
Histogram of Edges

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

False positive rate

T
ru

e 
po

si
tiv

e 
ra

te

tree texture detection

Standard Model
BlobWorld
Texton 1
Texton 2
Histogram of Edges

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

False positive rate

T
ru

e 
po

si
tiv

e 
ra

te

road texture detection

Standard Model
BlobWorld
Texton 1
Texton 2
Histogram of Edges

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

False positive rate

T
ru

e 
po

si
tiv

e 
ra

te

sky texture detection

Standard Model
BlobWorld
Texton 1
Texton 2
Histogram of Edges

Figure5: ROCcurvesof theperformanceof � ve textureclassi�cationalgorithmson four
classi�cationtasks;thedetectionof buildings,trees,skies,androads.

Context Classi�er car pedestrian bicycle

nocontext .9809 .9551 .9275
positiononly .9832 .9585 .9384
usingtruetexture-objectlocations .9865 .9672 .9521
usingtexture-objectdetections .9868 .9606 .9554

Table3: AreaunderROCcurvefor objectdetectionusingbothappearanceandcontextual
cuesin a rejectioncascade.

objects,theSMF basedtexturesystemhassuperiorperformanceon every texture-based
objectclass. Changingthe type of classi�er or removing the smoothingover segments
stepdoesnot changetheorderof theperformances.

5.3. Experiment 3: Fidelity of the Contextual Modulation
The context systemdescribedin Sec.4.4 is designedto augmentthe detectionpower
of the shape-basedobject detectorsby automaticallyremoving the falsepositives that
areout of context. The bestway to measurethis type of systemis to show how much
performanceis gainedby usingthecontext as�lter . In table3 wedocumenttheareaunder
theROCcurvefor theshape-baseddetectorsbothwith andwithoutcontextualassistance.
In addition,we presenttwo alternative contextual systems.Onebaselinesystemtreats
context asa learnedpositionprior. This worksbecausesomelocationsaremorelikely to
containtheshape-basedobjectsthanothers.Theothercomparisonsystemis givenaccess
to thetruelocationsof all thetexture-basedobjectsin theimage,ratherthanthedetection
scores.In two casesthesystemrelyingupontheestimatedtexture-basedobjectlocations
outperformseventhesystemwith accessto thetruelocationsof thetexture-basedobjects.
Thedifferencemay bedueto thegreaterconsistency in the labelingfrom theempirical
detections.

6. Summary and Conclusions
The standardmodelfeatureset,a featuresetdesignedto closelymodelthe earlyvisual
computationin thebrain-areaV1, hasbeensuccessfullyemployedpreviously for thetask
of unsegmentedobjectrecognition.In this work we have shown that thesefeaturesalso
excel in threeotherareasimportantto computervision, speci�cally, segmentedobject-
detection,texture-recognition,andcontext understanding.By tying thesethreetasksto-
getherwithin thecommonSMFframeworkwehavebuilt asystemcapableof rudimentary
imageunderstandingin a challengingdomain.
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