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Abstract

Recently a neurosciencénspiredsetof visual featureswasintroduced. It
wasshawn thatthis representatiofiacilitatesbetterperformancehanstate-
of-the-artvision systemdor objectrecognitionin clutteredandunsgmented
images.

In this paperwe investigatevhetherthesdeaturescanbeappliedoutside
the scopeof unsgmentedobject detection. We shaw that this outstanding
performancextendsto shape-basedbjectdetectionin theusualwindowing
framawork, to amorphou®bjectdetectiorasatextureclassi cationtask,and

nally to context understanding

Thesetasksareperformedon alarge setof imageswhich werecollected
asabenchmarKor the problemof sceneunderstandingThe nal systemis
ableto reliablyidentify cars,pedestriandjikes,sky, road,buildingsandtrees
in adiversesetof images.

1. Intr oduction

The StandardModel FeaturegSMF), recentlyintroducedn [23], arebasedn combining
the output of Gabor Iters over scaleand position. This combinationis doneusinga
maxoperatiort, resultingin a setof featureswvhich areposition-andscale-toleranédge-
patterndetectors.The SMF were introducedas an implementatiorof the feed-forward
modelin neurosciencegndaresuccessort previousquanti cationsof it [19].
Thegoalof this paperis to reclaimtheseSMF featuresfrom neurosciencéy putting
themwithin the contet of othercommoncomputervision tasks,andto present simple
andcompletesystemfor objectdetectionof awide variety of objecttypes.
Objectrecognitionusinganuns@mentedraining setis becominga popularresearch
eld, with severalbenchmarldatasetsandmary publishedcontributions.The rst meth-
ods[29, 10, 9] usedgeneratie modelsthat recognizehighly informative objectcompo-
nentsandtheir spatialrelations but therehave beendiscriminatve approachefs, 23] and
registrationbasedapproachefl] appliedto this problemaswell.

Lsimilar to the morphologicaldilation operation but the maximumis taken over scaleaswell asposition



The ability to learnfrom unsgmentedmagesis impressve, but the performances
still behindthatof thosesystemavhichdo nottrainin clutter To detectobjectsin natural
imagesrequireshigh recall at very low false positive rates. Today there exist several
systemsawhich performwell on this dif cult benchmarkor faceg[24, 22, 27, cars[22]
andpedestrian§l?, 28]. Typically, thesesystemgequirelarge setsof trainingdata.

Thereis anopenquestionwhetherthe systemghatweredesignedo work on unsey-
mentedimagescanbecomesuccessfubbjectdetectionsystemavhentrainedon images
with no clutter If so,thena largegaincanbe madeif they couldtransformtheir ability
to learnfrom few training examplesaswell astheir suitability to a large numberof ob-
jects,into this new domain. In this paper we will shov that SMF featurescanbe used
successfullyfor objectdetectionin the sgmentedbjectframenork.

Anotherrecognitiontask to which we extendthe SMF setis the detectionof non-
shape-baseabjects,.e.,treesandbuildings. Thisis essentiallyatexturerecognitiontask:
after sggmentingthe imageswe recognizethe texture of eachsegment. We demonstrate
that the SMF featuresoutperformother state-of-the-aralgorithms. Finally, we offer a
platformfor context computatiorinsidethe sameuni ed framework.

The three capabilities,shape-basedbject detection,texture-basedbject detection
andcontext computationform a completesystemthat senesasa robustbasefor scene
understandingrchitectures.

2. The SMF features

The Standardviodel featuresetis composedf two setsof features:anintermediateset
of features(C1), andthe positioninvariantset of features(C2). It is believed that the
biological counterpart®f bothsetsplay arole in objectrecognitionin the brain.

The setof intermediate features: This setcorrespond$o the rst cortical stagef
V1. It isimplementedasthe outputof ahierarchicaprocesontainingtwo layerstermed
SlandC1l. The rst layer(S1)is obtainedby applyinga batteryof Gabor lters to the
image. The parameter®f the lters wereadjustedso thatthe S1 units' tuning pro les
matchthoseof V1 parafosealsimplecells. Thiswasdoneby rst samplingthe spaceof
the parameterandthengeneratinga large numberof Iters. These lters wereapplied
to stimuli which are commonlyusedto asses®/1 neurons'tuning propertieg14] (i.e.,
gratings,barsandedges).After removing lters thatwereincompatiblewith biological
cells[14], we wereleft with a nal setof 16 Iters at4 orientationgseetablel1). TheS1
layerthereforecontainsl6 4 Iter outputimages.

Thenext layer, C1, correspondso complex cellswhich shav sometoleranceto shift
andsize. Thistolerancds obtainedby takinga maximumacrosaeighboringscalesand
nearbypixels. For this purposethe 16 Iters weredividedinto into 8 bands The output
of eachbands is determinedby max- ltering each Iter -responsever a region of size
NS NS, andtaking the maximumagainover the scaleswithin the band. This process
is doneseparatelyfor every orientation. The outputof the C1 layer thereforecontains4
orientationgimes8 bandsfor atotal of 32 differentimagesof combinedlter outputs.

The position- and scale-irvariant set of features: This computationcan also be
conceptualizedstwo layersthe S2layerandthe C2layer The S2layeremploysapatch
basedapproachwhereineachbandof the C1 outputis Itered with a setof prototypes.
Theseprototypepatchesarethemselescropsof imagesrepresentedh C1 space.This
processcanbe describedas a templatematchingprocessvhereeachprototypeis com-



[(ands [T [ =2 [ s [ & [ 5 [ & [ 7 [ & ]
Iter scales 7&9 11& 13 15& 17 19& 21 23& 25 27& 29 31& 33 35& 37
Gaborwidth s 2.8& 3.6 45&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
Gaborwavelength/ 35& 4.6 56& 6.8 79&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
orientationg 0:7:5; 3

patchsizen; 4 4;8 8;12 12;16 16( 4 orientations)

Tablel: Summaryof parametersisedin ourimplementation.

paredto everywindow of matchingsizein eachband.Notethateachn; n; 4 prototype
is originally extractedfrom oneband butit is comparedicrossandsor scaleinvariance.
The nal setof shift andscaleinvariantSMFs(C2) containsthe global maxover all
bandsandpositionsof elementsn the S2layer. Thisis doneseparatelyor eachprototype,
hencethe setof C2 featureshasasmary elementsasthe numberof prototypes.

3. C2featuresfrom a computer vision perspectve

The rst layer, S1,is justanapplicationof Gabor Iters [12, 7] to theinputimage,which
is fairly standardandhasbeenusedfor mary computervision problemg3, 21, 18]. The
S2 andC2 layersare an applicationof a patchbasedapproachwhich usescorrelation
with smallerimagecropsasits basicbuilding block. Suchsystemsaregaininga lot of
popularity and have beenusedsuccessfullyfor texture synthesig8], superresolution
[11], objectdetection26, 25] andobject-speci cimagesegmentatior2].

The only layerwhich might seemunorthodoxfrom a computervision perspeciie is
the C1 layer, in which the outputsof the S1 layer are beingmaximizedlocally. While
mary systemsnaximizethe outputof adetectorovertheentireimage,this hasbeendone
locally only recently For partbasedobjectdetection[26, 25], detectorof eachpartare
learnedndependentlyandthenappliedto regionswherethe partsareexpectedo appear
The SMF seemuniquein that geneal 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). Scalespacetheorywas mostly concernedat rst with the Gaussian
scalespace.This scalespacenasmary desirablepropertiesuchasseparabilitylinearity,
shift invariance jsotrop/, homogeneityandcausality The last propertyis animportant
one:causalitymeanghatno new level setsaregeneratedby goinginto coarseiscales A
relatedpropertyis to demandhe non-creatiorof local extremain coarseiscales.

In our application local maximizationis usedto move from a ne scaleto a coarser
scalein orderto make the C1 layerinvariantto local translation®f theedge.As apseudo
scalespacelocal maximizationhassomedesirablepropertiesit is separabléonecanap-
ply it overtherows andthenoverthecolumns),t is shift invariant,andit is homogeneous
(applyingit repeatedlycorrespond$o moving into coarserandcoarsescales) However,
in generaljt is notanappropriatescalespace Amongotherproblems,applyingit to an
imagemay createnew local extrema.

However, in the SMF framework, the local maximumoperatoris appliedto a setof
Gabor Itered imageswhich area spaiserepresentationf the originalimage. The max
scalespaceis successfuin preservinghe amplitudeof the sparsemaxima,whereaghe
Gaussiarscalespacesmoothghemout.



| 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 the StreetSceneBatabase.

Standard Model
Segmented image classification

Input image

Standard Model
classification

——— Texture-based objects pathway (e.g., trees, road..)
- Shape-based objects pathway (e.g., pedestrians, cars..)

Figurel: Anillustrationof thedata o w diagramof our system.

4. Scene-UnderstandingsystemAr chitecture

We presenthecurrentmplementatiorof amulti-yearscene-understandimpgoject. Every
detectomwithin this systenreliesuponthe sameSMFs,eventhoughthe detectedbjects
themselesarequalitatively different. The currentlydetectedbjectsarelistedin table2.
The objectsaredividedinto two distinctsets texture-basedbjectsandshape-based

objects,andtwo classesarehandledusingdifferentlearningstratgies. Fig. 1 illustrates
thedata o w diagramfor this architecturespeci cally the pathwaysfor detectionof the
texture-basedind shape-basedbjects. Additionally, the arrow labeled'context’ sym-
bolizesthat detectionsof the texture-basedbjectsare usedto aid in the detectionsof
the shape-basedbjects.Detaileddescriptionf the algorithmsfor texture-baseabject
detectionshape-basedbjectdetectionandcontetual in uence areofferedbelow.

4.1. The StreetSceneDataset

Outdoorimagesof citiesandsuturbswasselectedasanappropriatesettingfor the scene-
understandingystem. A databaseof nearly 10;000 high-resolutionimageshasbeen
collected,3; 000 of which have beenhandlabeledfor 9 objectcatagyories. Sampleim-
ages their handlabellings,andsomeempiricalresultsareillustratedin Fig 2. Notethat
the accuratedetectionof mary of theseobjectcategyoriesis madedif cult by the wide
internalvariability in their appearancefor examplethe objectclass“cars” includesex-
amplesof mary diversemodels,at mary posesandin variousamountof occlusionand
clutter, “trees” appearvery differentin summerandwinter, andthe classof “buildings”
includessky-scrapersaswell assulurbanhouses.Capturingthis wide variability while



Figure 2: Top Row: StreetSceneexamples. Middle Row: True hand-labeling;color
overlayindicatesexture-baseabjectsandboundingrectanglesndicateshape-baseadb-
jects.Notethatpixelsmayhave multiple labelsdueto overlappingobjects.Bottom Row:
Empirical performancef the currentobjectdetectors.

maintaininghigh accuray is partof the challengeof the scene-understandimyoblem.

4.2. Shape-Basedbject Detection

In our system shape-basedbjectsarethoseobjectsfor which thereexistsa strongpart-
to-part correspondencbetweenexamples,including things like pedestrianscars, and
bicycles. In orderto detectshape-basedbjects,the systempresentedereusesthe C1
featuresfrom the SMF setin combinationwith the well-known windowing technique.
Windowing is usedto enablethe detectorto recognizeobjectsat all positionsandscales,
giventhatC1 featureshave only limited positionandscaleinvariance.

Thetraining datafor thesedetectorss extractedby croppingexamplesfrom a subset
of the databasesetasidefor training. Thesecropsare corvertedinto C1 SMF spaceas
detailedin Sec.2. Brie y, eachcropis resizedto a commonresolution, Iltered with di-
rectionalGaborwaveletsat multiple scalesmax- Itered, and nally decimated.In this
way, eachtrainingexampleis convertedinto a 1;024 dimensionalector, representing
16 16 squarearrayof C1 level featureseachof which is itself a 4 dimensionalec-
tor representingt differentorientations. After both positive and negative examplesare
extracted the dataareusedto train aboostingclassi er.

In testimages every squarewindow of theimageis corvertedinto C1 spaceandfed
into the objectdetectorsyesultingin a real-valueddetectionstrengthat every possible
locationandscale. The nal systemoutputis drawvn by thresholdingthis responseand
usinga local neighborhoodsuppressiortechnique.In Fig. 2 we presentedometypical
resultsof this type of detection.

4.3. Texture-BasedObject Detection

Texture-basedbjectsare thoseobjectsfor which, unlike shape-basedbjects,thereis
no ohvious visible inter-object part-wisecorrespondenceTheseobjectsare betterde-
scribedby their texture thanthe geometricstructureof reliably detectableparts. For the



StreetScenedatabas¢hesecurrentlyincludebuildings,roads trees andskies.

The detectionof the texture-based@bjectsbeginswith the segmentatiorof theinput-
image.For thiswe employ thefreely-availablesggmentatiorsoftware“Edison” [5]. Seg-
mentsareassignedabelsby calculatingC2 SMFswithin eachseggment,andinputtingthis
vectorinto a suitablytrainedboostingclassi er. Oneclassi er is trainedfor eachobject
typeusingexamplesfrom thetrainingdatabaseNotethattrainingsampledor thetexture
objectsareonly drawvn from locationsnearetto the centerof theseobjectssoasto prevent
the classi er from learninganomalougexture responseslueto the boundariedetween
objects.

In our experiments 444 C2 featuresareusedto represeneachtexture sgment,111
eachfrom the four possiblepatchsizes,n; (seetable 1). The associategbrototypesare
extractedfrom randomlocationsin the training imagedatabase.In orderto learnthe
mappingfrom this vectorof C2 responseto the correctobjectlabel,a boostingclassi er
is employed. Only 150roundsof boostingareusedto learneachmodel,meaninghatfor
eachobject,eventhough444 C2 featuresare available,only a maximumof 150features
areactuallyused.

4.4. Context Detection

In the data o w diagramin Fig. 1, anarrow labeled“context” pointsfrom the texture-
basedbjectdetectionunit to the shape-basedbjectdetectionunit. This arrow indicates
thatit is possibleto usethe detectionof the texture objectsasusefulfeatureinputsto the
shape-basedbjects. The intuition is that, for instance the detectionof roadscanand
shouldbiasthedetectionof cars.

In our systemgcontet atapointis de ned asafunctionof the natureof thesurround-
ing objects. The context featureat point x is constructedy samplingthe texture-based
objectdetectoresponseat a setof locationsmeasuredelative to pointx. Theserelative
locationsare spacedsuchthat they well samplethe surroundingregion while avoiding
samplingfrom ary locationswhich might intersecthe actualshape-basedbjectwe are
building a context modelfor. PleaseseeFig. 3 for anillustration of theserelative sam-
pling locationsin comparisorto the averagesizesof someof the shape-basedbjects.
A total of 24 suchrelative locationshave beenselectedmeaningthatthe featurevector
associateavith a contextis 4 24 dimensionalwhere4 is the numberof texture-based
objectsdetectabldy the system.

In orderto train the context detectionsystem the context featureis sampledfrom a
numberof locationsof positive andnegative objectcontext. A pixel with positive context
is de ned asa pixel which is within a labeledexampleof the targetobject. In thetrain-
ing stage context featuresamplesaretaken usingthe true-handabeledlocationsof the
texture-objects.This training datais usedto train a boostingclassi er for the context of
eachshape-basedbject.

In orderto applythecontext classi erto atestimage thecontext featureis rst calcu-
latedat every pixel. In this case sincetruetexture-baseabjectlocationsareunavailable,
theempiricaldetectionsareusedinstead Applying the contextual classi ersto the pixel-
wise featurevectorsresultsin onemapof contextual supportfor eachof the shape-based
objectclasses.Thesemapsof contextual supportareusedin a rejectioncascaddrame-
work, whereinif the supportat a particularlocationis belov somethreshold,thenthe
window is labeledasa negative beforeit is even passedo the shape-basedbjectclas-
si er. The appropriatecontet thresholdfor the rejectioncascades learnedusingcross
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Figure 3: An illustration of the 24 relatve samplinglocations(black 's). The thin
blackrectangleepresentthe averagesizeof the carsin the databaseandthethick black
rectangleepresentthe averagesizeof pedestrians.

validationonthetrainingset.

5. Experiments

Threeexperimentsare describedbelow, eachof which is intendedto testthe delity of
differentsubsystemsf the SMF-basedsceneunderstandingrchitecture.Comparisons
aremadeto otherstateof the art objectdetectordor thesesubsystems.

5.1. Experiment 1: Fidelity of the Shape-Basedbject Detector

For thethreeshape-baseabjectscar, pedestrianandbicycle, wetrain C1 basedetectors
asdescribedn Sec.4.2. For comparisonye alsotrain classi ersfor theseobjectsusing
threeotherwell known objectdetectiontechniques.The ROC resultsof this experiment
areillustratedin Fig. 4. Thethick dasheccurve 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-basedeaturessimilar to thosede-
scribedin [25]. Eachpatch-basedeature f; is associatedvith a particular patch pj,
extractedrandomlyfrom the training set. The value of f; is the maximumof the nor-
malizedcrosscorrelationof p; within a window of the image. This window of support
is equalto a rectanglethreetimesthe size of p; and centeredn the imageat the same
relative locationfrom which p; wasoriginally extracted.The advantageof thesetypesof
featuresoverthegray-scaldeaturess thatthepatchfeaturesanbehighly object-speci ¢
while maintaininga degreeof positioninvariance For theresultsillustratedin Fig. 4, the
systemis implementedwith 1;024 suchpatchfeatureswith patchesof size12 12in
imagesof size128 128.

For the SMF classi er, the "grayscale”classi er and the “local patchcorrelation”
classi er, thestatisticalearningmachines aboostingclassi er with 150rounds.Perfor
manceis no betterusingalinearor polynomialkernelSVM.

The nal baselinesystemcomparedo in Fig. 4 is a part-basedystemasdescribed
in [16]. Briey, objectpartsanda geometricmodel are learnedvia imagepatchclus-
tering, anddetectionis performedby re-detectinghesepartsandallowing themto vote
for objects-at-posem a generalizedHoughtransformframevork. While good results
for carswerereportedn theoriginal work, we seethatfor the pose-independetéarning
problem this patch-basedonstellatiormodelis outperformedy the SMF system.Over-
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Figure4: ROC curvesillustrating the performanceour the shape-basedbjectdetector
andthreebaselinesystems.

all, for all thethreeobjectcateyoriestested the standardmodelfeaturebaseckclassi ers
weredominant.

5.2. Experiment 2: Fidelity of the Texture-BasedObject Detector

In orderto measurghe delity of our objectdetectorsye compareperformanceo other
state-of-the-atiexturerecognitionsystemsaisingROC curves.However, quanti cationof
the performanceof the texture-baseabjectdetectordss madecomplicatedby the nature
of the databasétself. First, dueto objectocclusions,somepixelsin the StreetScenes
databasarelabeledasoneobject,i.e., “building”, but their actualappearance dueto
anotherobject,i.e., “tree’ We addresghis by removing pixels with multiple labels,or
no label, from the test. Secondthe detectoroutputwhenthe receptie eld overlapsa
texture-boundarys unreliable. Thisissueis addressetly segmentingtheinputimageand
averagingthe detectorsresponsesver eachsegment.As aresult,uncertairresponseat
objectbordersareoffsetby theresponsesompletelywithin the objectboundaries.

In Fig. 5 we compareheresultsof the SMFtexture-baseabjectdetectoragainsfour
othertexture classi cation systems. The “Blobworld” systemis constructedusing the
Blobworld featuresdescribedn [4]. Brie y, the Blobworld featureis a six dimensional
vectorat eachpixel; 3 dimensionsncodethe color in the well-known Lab color space,
and3 dimensionencodethetexture usingthe local spectrunof gradientresponsesThe
curveslabeled“Texton 1” and“Texton 2" arearethe resultsof a systembasedon [20].
The texton featureis extractedby rst processinghe testimagewith a numberof pre-
de ned Iters. Texton 1 uses36 orientededge Iters arrangedn 5 incrementfrom O
to 180 . Texton 2 follows [20] exactly by using36 gaborwavelet Iters at6 orientations
and3 scalesFor bothof thesesystemsndependentlya largenumberof randomsamples
of the 36 dimensionakdgeresponseémagesaretaken and subsequentlglusteredusing
k-meansto nd 100 clustercentroids. Eachof thesecentroidsis calleda 'texton! The
'texton image' is calculatedby nding theindex of the nearestexton for eachpixel in
the edgeresponsémages. The featurevectorusedfor learningthe texture-baseabject
modelis built by calculatingthe local 10 10 histogramof texton values. The texton
featureis thus100dimensionalpnedimensionfor eachhistogrambin. Finally, the“His-
togramof Edges”systemis built by simply usingthe sametype of histogramframework,
but overthe 36 dimensionatlirectionaledgeresponsef “Texton 1” ratherthanthetexton
identity. Learningis donewith 150roundsof boostingover regressiorstumps.

FromFig. 5 we seethat, while differentmethodshave particularstrengthsor some



Figure5: ROC curvesof the performancef vetextureclassi cationalgorithmson four
classi cationtasks;the detectionof buildings,trees,skies,androads.

| Contet Classi er | car [ pedestrian] bicycle |
no context .9809 .9551 .9275
positiononly .9832 .9585 .9384
usingtruetexture-objectiocations | .9865 .9672 .9521
usingtexture-objectdetections .9868 .9606 .9554

Table3: AreaunderROC curvefor objectdetectionusingbothappearancandcontextual
cuesin arejectioncascade.

objects,the SMF basedexture systemhassuperiorperformancenn every texture-based
objectclass. Changingthe type of classi er or removing the smoothingover segments
stepdoesnot changehe orderof the performances.

5.3. Experiment 3: Fidelity of the Contextual Modulation

The context systemdescribedn Sec.4.4 is designedto augmentthe detectionpower
of the shape-basedbject detectorsby automaticallyremoving the false positives that
areout of context. The bestway to measurehis type of systemis to shav how much
performancés gainedby usingthecontext as Iter . In table3 we documentheareaunder
the ROC curvefor theshape-basedetectordothwith andwithout contextual assistance.
In addition,we presenttwo alternatie contextual systems.One baselinesystemtreats
contet asalearnedpositionprior. Thisworksbecausesomelocationsaremorelikely to
containthe shape-baseobjectsthanothers.Theothercomparisorsystemis givenaccess
to thetruelocationsof all thetexture-based@bjectsin theimage,ratherthanthedetection
scoreslIn two caseghe systenrelying uponthe estimatedexture-baseabjectlocations
outperformsaventhe systemwith accesso thetruelocationsof thetexture-basewbjects.
The differencemay be dueto the greaterconsisteng in the labelingfrom the empirical
detections.

6. Summary and Conclusions

The standardnodelfeatureset, a featuresetdesignedo closelymodelthe early visual

computatiorin thebrain-area/1, hasbeensuccessfullyemployedpreviously for thetask
of unsg@mentedobjectrecognition. In this work we have shavn that thesefeaturesalso
excel in threeotherareasmportantto computervision, speci cally, segmentedobject-
detectiontexture-recognitionandcontext understandingBy tying thesethreetasksto-

gethemwithin thecommonSMFframewnork we have built asystencapableof rudimentary
imageunderstandingn a challengingdomain.
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