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Abstract

We presentan approach to the recognition of complex-
shaped objects in cluttered environments basedon edge
cues. We �r st useexampleimages of the desired object
in typical backgroundsto train a classi�er cascade which
determineswhetheredge pixels in an image belong to an
instance of theobjector theclutter. Presentedwith a novel
image, we usethe cascadeto discard clutter edge pixels.
Thefeaturesusedfor thisclassi�cationarelocalized,sparse
edgedensityoperations.Experimentsvalidatetheeffective-
nessof the techniquefor recognition of complex objectsin
clutteredindoor scenesunderarbitrary out-of-image-plane
rotation. 1

1. Intr oduction

This paperaddressesthe recognition of objectswhich
consist mainly of elongated, thin, stick-like components
connectedtogether into complex structures; we will refer
to theseaswiry objects.Man-made objectsin this category
arecommon; for example thechair, cart,tables,andlamps
in Figure 1 containa signi�cant amount of wiry structure.
We focuson theproblemof recognizing speci�c instances
of objects, for example thespeci�c chairin Figure1, rather
thanthemoregeneralproblemof detectingchairsof all dif-
ferent shapesandsizes.

In recentyears,several authors have madesigni�cant
progresstoward the recognition of certainobjects,suchas
faces,buildings,andcars;examples include[19] and[22].
Typically, theseapproachesformalizetherecognition prob-
lem asoneof modeling the appearanceof rectangular im-
agepatches circumscribing the object or its parts,across
changesin pose[16], lighting[4], or otherconditions. This
reducesthe recognition problem to examining a rectangu-
lar imagetemplateandusing its appearance to determine
whether or not it is the imageof somesectionof thetarget

1This research wassupported by a grantfrom HondaCorporation.

Figure 1. We address the recogn ition of objects like chair s(top)
and car ts(bottom) based on edge cues. Top Row: Example
input image (left) and edge �ltering result (right). Bottom Row:
Example image with detected edges overlaid (left) and edge
�ltering result (right). See Section 1 for an overview and Section
3 for details on experiments.

object.

Sinceappearance-basedtechniquesformulate the prob-
lem in termsof rectangular imagewindows, they tend to
work well whenappliedto target objects(or objectparts)
whoseprojectioninto the image�lls a rectangular region.
The objectswe considerproduce imagesthat are poorly
approximatedby rectangles;for objectssuchasthe chair,
table, and lampsin Figure1, a bounding box around the
objector any substantialsectionof it will containa high
percentageof pixelswhich mapto thebackground or other
objects.Most successfulappearance-basedapproachescan
handle the variation in templateappearanceinducedby a
small numberof background pixels in thepatch, but when
mostof the templateconsistsof clutter its appearance can
varywidely dueto a modi�cation of thebackground or ob-
ject pose. This in turn canmake it dif�cu lt to model the
appearanceof theobjector objectpartbasedon the entire
template.

Furthermore, sincemost appearance-basedrecognition



Figure 2. Input image of the ladder in the kitc hen envir onmen t
(top left), edges detected in the scene (top right), result of the
edge �ltering technique described in Section 2(bottom left),
results of edge group ing described in Section 3.3(bottom right).

techniques rely on greylevel or color texture patternsas
cues,they mayfaceexceptionaldif�culty with wiry objects.
Theladder (Figure2), for example,hasvery little in theway
of appreciablevisualtexture. Therefore,while appearance-
basedapproachesto recognitionareeffectivefor certainob-
jects,wesuggestthatfor wiry objects,shapecanbea more
illuminating cue.It mayultimatelybeappropriateto recog-
nize theseobjectsfrom a combinationof cues;here,how-
ever, we concentrateon theuseof shapefeaturesfor recog-
nition.

In an earlier paper[8], we described a discriminative
technique for usingshapecuesto �lter clutter edgepixels
from imagescontaining a wiry target object.First,we train
a cascadeof classi�ersbasedon exampleimagesin which
edgepixelshavebeenlabeledasbelonging to thetargetob-
ject or thebackground. Givena novel image,we applyour
classi�er cascadeto eachedgepixel in the imageto de-
termine which of thoseedgepointsproject onto the target
object. The classi�ers in the cascadecalculatesimple,lo-
calizededgedensityfeaturescalled“edgeprobes” to make
their decisions. Experimentsshowedthat in compositeim-
agesof target objects in clutteredscenes(Figure1), it is
possibleto usethe classi�er cascadeto discardmostedge
pixels on theclutter, resultingin a setof edgepoints which
isolatethetargetobject from thebackground.

However, thispreliminary studyraisedanumberof ques-
tions regarding the applicability of the technique to the
recognition of arbitrarywiry objectsin real-world scenes.
First, sincethe experimentsusedcomposite imagesof the
object superimposedon independent imagesof a back-
ground,it is unclearwhetherthetechniquewouldbeeffec-
tiveonrealimagesof objectsin theirenvironment. Second,
while �ltering clutterpixels is certainlya useful stepin the

recognition process,it doesnot perform “recognition” of
the overall object per se sincethe output of �ltering is a
setof individual edge pixels. In particular, it is not clear
how our schemefor clutteredgepixel removal relatesto a
higher-level determinationof the3D poseor 2D imagelo-
cationof theoverall object. Third, sinceour algorithm for
�ltering edgepixelsis tunedto speci�c backgroundimages,
wewouldliketoknow how well it performswhenpresented
with a testimagewhosebackground, lighting, or otheren-
vironmentalcharacteristics vary from thoseof the training
images. Fourth, our experimentsappliedthe technique to
viewsof thetargetobjectatarbitrary out-of-image-planero-
tation,but with only small variations in scaleandin-plane
rotation; for realapplicationswe wish to recognizetheob-
jectovera wider range of poses.

Thispaperaddressesthe�rst threeof thesepointsempir-
ically. Speci�cally, in Section3 we supplementour initial
resultson recognition of a chair andcart with a quantita-
tivesetof experimentsonthe�ltering of clutteredgepixels
from imagesof a common wiry object (a ladder)in a va-
riety of real indoor environments.Furthermore,in Section
3.3weshow examplesof how asimplepost-processingstep
cangroup individual edgepixels into object-level descrip-
tionsof thecontentsof the image.Also, in Section3.2we
presentan experimentin which a classi�er cascadeis ap-
plied to test imagestaken in an environment whosechar-
acteristicsvary signi�cantly from thoseof trainingimages.
Finally, in Sections3.5and3.4we describecomplexity is-
suesandshow a sensitivity analysisof our approachwith
respectto a user-setparameter of our algorithm. Related
approachesto edge-basedobject recognition arediscussed
in 1.1,our algorithmfor recognition is reviewedin Section
2, andclosingcomments arein Section4.

1.1. RelatedWork

While appearance-basedapproachesto object recogni-
tion aredominant in thecurrentcomputervision literature,
techniquesbasedon analysisof edgeshave a long history,
andwerestudiedextensively in the1980s. Algorithms de-
velopedduringthis period, suchasinterpretationtrees[10],
could recognize occluded, 2D, non-convex shapesfrom
noisy, binaryedgeimages.Unfortunately, many of theseap-
proachesrely on a treesearchthrough thespaceof all pos-
sible correspondencesbetweenedge features in the image
andedgefeaturesonanobjectmodel, andthuscanbecome
computationallyexpensive if the imageor the model con-
tainsa largenumber of features. Indexing techniquessuch
asgeometric hashing[15] bypassthe treesearchby having
eachk-tuple of imagefeaturescastvotesfor the identities
and/or posesof objectsin the image; however if the im-
agecontains signi�cant noise[11] or clutter, the votescast
by setsof clutter featureswill overwhelmthevotescastby



theobject,makingit dif�cu lt to draw any conclusionsabout
whatobjectsarethere.

Early indexing techniques computed very simple de-
scriptors from setsof 3, 4, or 5 imagefeatures; more re-
cently, severalauthors have proposedthe useof more rich
descriptions of local imageshapein conjunction with in-
dexing for edge-basedrecognition. Conspicuous group-
ings of edgesegments [3], edgesin a rectangular image
patch[20], andhistogramsof localedgedistributions[5] are
all examples of more advanced local edgefeatureswhich
have beenappliedto shape-basedrecognition problems. In
eachof theseapproaches,various parameters controlling
the characteristics of the edgedescriptor(histogram bin
sizes,groupingthresholds,andsoon) mustbeprovidedby
theuser;thegoalof ourapproachis tousetrainingexamples
of theobjectin typical backgrounds to estimatefeaturepa-
rameters in sucha way that theedgefeatures computedon
a testimageeffectively discriminatethe targetobjectfrom
thebackground.

Belongieet al[5] calculatea histogram, or "shapecon-
text," at eachedgepoint in an image;eachbin in the his-
togramcountsthenumberof edgepixelsin aneighborhood
nearthepoint. Our approachis similar in thatbothusethe
distribution of edgesin a local sectionof the imagesur-
rounding a point (which we call the aperture around the
point) asthefundamentalfeature for recognition. However,
the shapecontext usesa “dense” set of edgefeaturesfor
recognition; in otherwords, the bins in the histogram ex-
haustively cover theaperture. Our approachonly computes
edge featuresat isolatedimagelocationsdeemedlikely to
discriminatetheedgepoint in questionasobjector clutter,
so the featureswe usearespatially “sparse.” Section3.5
containsanexperimentwhich helpsto quantify how sparse
ourshapefeaturesarein practice.

2. Approach

Given a novel imageof the target object in a cluttered
background, we extractedgesandwish to apply a �lter to
the imageto determinewhich edgepixelsbelongto an in-
stanceof the target object and which edgepixels belong
to the clutter. To optimize this �lter , we assumewe pos-
sessasetof example imagescontaining theobject in typical
scenes;edgesin theexample imageshave beenmarkedas
belonging to theobjector to thebackground. This section
explainsourapproachfor trainingandtestingin detail.

Our edge�lter computeslocalizededgefeaturesat im-
agelocationsnearthe edgepixel under consideration.An
edge probeat probecenterp over a list of edgepixelsL is
de�ned as

EP(p;L ) =
X

t 2 L

exp

 

�
kp � tk2

� 2

!

(a) (b)

Figure 3. 3(a): Edge probes are evaluated in a cir cular re­
gion surr ounding a quer y edge point. The quer y edge point is
marked “X,” and edge probes are evaluated at locations marked
“+.” 3(b) Each edge probe measures edge density in some im­
age neighbo rhood. Here an edge probe is evaluated at shifted
probe center q + � for a quer y edge point q.

wheret and p are 2-vectors of [x; y] imagecoordinates.
An edgeprobe canbe thought of asa Gaussianreceptive
�eld with variance� 2, centeredat pointp in anedgeimage
whoseedgepixelsarecontainedin thelist L . Edgeprobes
measurethe densityof edgepixels in someneighborhood
in the image; in this sense,eachedgeprobe is analogous
to a bin in a shapecontext histogram[5]. Thevariance� 2

is a user-setparameter; however anexperimentreportedin
Section3.4 suggeststhat our edge�ltering resultsarenot
highly sensitive to its setting.

Consider a set of relative probe centers � =
f � 1; � 2; � � � ; � k g, � i = [x � i ; y� i ], laid out over a 2D grid
centeredat the origin. To classify a novel edgepixel q,
we shift the relative probe centersso that they surround
q and compute a subsetof edgeprobes EP(q; � ; L ) =
f EP(q + � 1; L ); � � � EP(q + � k ; L )g at shiftedprobecen-
ters f q+ � 1; � � � ; q+ � k g.An illustrationis shown in Figure
3.

Given a �x ed � , we spacethe relative probe centers
evenly over a circular aperture as in Figure 3(a) so that
eachpixel in the aperture contributesto oneor more edge
probes.But how largeshouldtheaperturebe?2 Wewantthe
shiftedprobecentersto cover a largeenough neighborhood
surroundingq that the edge probeswill containsuf�cient
informationto discriminate objectpixels from background
pixels. At the sametime, however, if the aperture is too
large (covering theentireimage,for example), anunfeasi-
bleamount of computationwill berequiredat trainingtime
to evaluateedgeprobesthatmight not becrucial for classi-
�cation. Worse,if theaperture is so large thatmostof the
edgeprobesat shiftedprobecenters aretotally irrelevant to
thecategory of thequeryedgepoint,error-proneclassi�ers
couldbe trained[13][1]. Thus,we arepresentedwith “the
aperture problem” which appears in many computervision

2We emphasize that � determinesthe spatial supportof a singleedge
feature while the aperture sizecontrols the sizeof the neighborhoodover
which all edgefeaturesarecomputed for a givenquerypoint.



Figure 4. Results of edge �ltering and edge grouping for cascades trained on various envir onments. For each pair of images, the
left­hand image sho ws results of the edge �ltering opera tion described in Section 2, and the right­hand image sho ws results of edge
grouping as described in 3.3. Top row: The lab (left) and cubic le (right). Middle row: The classr oom (left) and conf erence room
(right). Bottom row: the warehou se (left) and living room (right).

problems–whenattempting to induce information about a
particular locationin theimagewe wantto incorporateim-
agedatafrom a large enough surrounding areathat the in-
formationcanbeinduced,but notsolargethatweintroduce
irrelevantdataor uselesscomputation.

Considera setof relativeprobe centers� whichcovera
circular aperture asin Figure3(a). De�ne A(�) to be the
radiusof thecircle. Ourapproachis to trainaseriesof clas-
si�ers f 1; f 2; � � � ; f k which evaluateedgeprobesaccording
to setsof relative probecenters� 1; � 2; � � � ; � k suchthat
A(� 1) < A(� 2) < � � � < A(� k ). The�rst classi�er in the
series,f 1, is trainedto classifyedgepointsbasedon edge
probestakenfromasmallradiussurrounding them;f 2 clas-
si�es basedonedgeprobesover aslightly larger radius,and
soon. Edge pointslabeled“object” by f 1areclassi�ed by
f 2; pointslabeled“background” by f 1arediscarded. Edge
points labeled“object” by f 2 arepassedto f 3, andsoon.

Thus, we solve our aperture problem in phases–we
�rst identify thoseedgepoints whoseclassis discriminable
basedon very nearby features,thenidentify points thatare
madediscriminableby features slightly fartheraway, and
continueto do sountil theaperturecovers theentireobject
in question.

Besidesproviding a solution to our aperture problem,
the classi�er cascadeallows fast screeningof image lo-
cations that are easily discriminable from the object of
interest basedon information in a small window, leav-

ing the bulk of the computation to more ambiguoussec-
tions of the image. Similar cascadestrategies have re-
centlyachievedsigni�cant speedupsfor template-basedap-
proachesto recognition[22][12].

The classi�ers in our cascadearedecisiontreestrained
usingatwo-stepprocessof treegeneration andpruning,fol-
lowing thereduced-error pruning approachof Quinlan[18].
In this framework, the training datais split into two sub-
sets,which we will refer to as the tree-growing set and
the holdout set. The tree-growing set is recursively parti-
tionedbasedon thevaluesof featuresselectedby a greedy
information-theoreticcriterion; the resultingtreehashigh
classi�cationaccuracy on thetree-growing setbut is prone
to over�tting. Subtreesarethenprunedfrom thetreewhen
doing so improvesa global accuracy criterionon thehold-
out set[18][6][7]. Our pruning criterion is shapedby the
fact that the classi�ers are applied in a cascade.Speci�-
cally, consideranedgepixel q whichcorrespondsto apoint
ontheobject.If aclassi�ermistakenlyclassi�esq asclutter
(i.e. a “f alsenegative”), thentheedgepoint is permanently
removedfromconsideration by furtherclassi�ersin thecas-
cade;however, if aclutteredgepixel q is mistakenlyclassi-
�ed asbelonging to theobject(a “f alsepositive”), thenthe
edgepoint is passedonto laterphasesin thecascade,which
mayin turn re-classifyit correctly basedon edgeinforma-
tion in a larger aperture. We thereforeoptimize a Neyman-
Pearsoncriterion[9] during pruning; speci�cally, we prune



Environment # train # test mean
TP

mean
FP

var
TP

var
FP

Classroom 120 48 0.778 0.102 0.008 0.008
Kitchen 120 43 0.712 0.111 0.038 0.038
Cubicle 120 54 0.718 0.080 0.039 0.039

Conf. Rm 120 63 0.775 0.089 0.018 0.018
Warehouse 120 51 0.755 0.094 0.021 0.021
Living Rm 120 54 0.779 0.064 0.017 0.017

Lab 110 12 0.739 0.210 0.010 0.010

Table 1. Edge pix el �ltering results for classi�er cascades
trained on individual envir onmen ts. First column: Each row
corresp onds to edge �ltering results for a classi�er cascade
trained on images taken in the envir onmen t indicated in the
�r st column. Second column: Total number of images in the
tree­gr owing and holdou t sets tog ether . Thir d column: Num­
ber of independ ent test images used for evaluation. Fourth
and �fth columns: Average true positive (TP) and false posi­
tive (FP) rates over all test images. Sixth and seventh columns:
Variance in TP and FP rates across all test images.

subtrees whenever doing soimprovesthefalsepositive rate
of theclassi�er while keeping thefalsenegative ratebelow
a low, �x edthreshold � . Depending on thearrangement of
edgesin thetrainingimages,it is possiblethatthedecision
treetrainedfor aparticular cascademaynotsigni�cantly re-
ducethenumberof falsepositivesontheholdout set;in this
casewesimplyskip thiscascadephaseandtrainaclassi�er
for thenext phase.For eachedgepixel q in eachimagein
thetree-growing set,we computeedge probesat all shifted
probe centers f q + � 1; � � � ; q + � k g corresponding to the
relative probecentersf � 1; � � � ; � k g in thesmallestaperture
� 1. Decisiontreeinduction theniteratively splits theedge
points into subsetsaccording to the valuesof edgeprobes
corresponding to selectedrelativeprobe centers. Eachedge
pixel in theholdout setimagesis thenclassi�ed by there-
sultingtree,andsubtreesareremovedif theprunedtreere-
duces the number of background edge pixels classi�ed as
object edge pixels while keepingthe percentageof object
edge pixels correctly classi�ed (the“true positive” rate)to
1-� . Edgepixels from the tree-growing and holdout sets
classi�edasobjectedgepixelsby theprunedtreethenpass
to thetrainingof thesecondphasein theclassi�er cascade:
for eachof theseedgepixels, edgeprobesare computed
at all shiftedprobe centerscorresponding to relative probe
centers in � 2, andsoon.

Given a test image,we apply the trainedclassi�ers to
eachof its edgepixels in turn. An edgepixel classi�ed as
“object” by the �rst classi�er is passedto thesecondclas-
si�er; thesecondclassi�er classi�esthepoint again, andso
onuntil thepoint is labeledas“clutter” or thecascadeends.

3. Experiments

We took1157 1600-by-1200imagesof a ladderin 7 dif-
ferent indoor environments:a classroom,conferenceroom,

Figure 5. Left: Example of scann ing an edge density �lter for the
ladder over a raw edge image (left) and an edge image whic h
has been �ltered using the technique described in Section 2
(right). See section 3.3 for details.

of�ce, lab, living room,warehouse,andkitchen(Figures2
and4). For eachimage,thecamerawasapproximately3m
from the objectsin the scene;the elevation of the camera
variedbetween1.6mand1.75m; thesetof all imagesof a
particular scenecovered about 60 degreesof rotationwith
respectto thesceneobjectsin theplaneparallelto the�oor .
The camerawasmoved betweeneachview, andonceev-
ery � ve views the ladder wasrotatedto an arbitrary angle
with respectto theground andtheposesandcon�gurations
of clutter objectswere randomly modi�ed. The depthof
the ladderwith respectto the cameravariedby a total of
approximately20%acrossall views. Edgesweredetected
in theseimagesusingtheVista line �nder[17]; edgeswere
hand-labeledasbelongingto theladder, or to theclutterob-
jects.

For eachexperiment, we selectedsomenumber of im-
agesfor tree-growing and holdout sets,and trained cas-
cadesof classi�ers to �lter out background edgepixels as
described above. For the experimentsin Sections3.1 and
3.2,theedgeprobevarianceparameter� wassetto 20pix-
els; the decisiontreepruning parameter � wasset to 2%,
anda cascadephasewasskippedif it failed to reduce the
falsepositive rateby 5% or more. Treeswereinducedwith
theMLC++ package [14].

Therelativeprobecenterswerearranged asasetof con-
centricrings; speci�cally, the relative probe centersin the
nth ring werepositioned in a circle of distancen � � from
theorigin, with a � -pixel spacingbetweenadjacentrelative
probecentersonthecircle. Thesetof relativeprobecenters
� n corresponding to thenth aperture in thecascadeis the
union of all relativeprobecentersin rings1 throughn. Note
thatuniformly tiling theaperturewith asetof edgefeatures
of equal spatialsupport is in contrastto techniqueswhich
aimfor a “foveal” layout of edgefeatures,for example [5].

3.1.Training And TestingOn A SingleEnvir onment

In our �rst setof experimentswe consideredtrainingin-
dividualclassi�ercascadesfor eachenvironmentseparately.
For eachenvironment, we randomly split thesetof all im-
agesof the object in that environmentinto a tree-growing



Environment # test mean
TP

mean
FP

var
TP

var
FP

Classroom 169 0.661 0.072 0.050 0.050
Conf. Rm 183 0.779 0.110 0.013 0.013

Table 2. Edge pix el �ltering results for classi�er cascades
trained on a diff erent set of envir onments than the test images.
See Table 1 for an explanation of notation.

setof 60 images,a holdout setof 60 images,anda testset
containing the remainder of the images. Then the proce-
dure describedabove wasusedto train a 20-phaseclassi-
�er cascade,and run eachof the test imagesthrough the
resulting�lter . For eachtestimage,we measuredthe true
positive (TP) and falsepositive (FP) rates,i.e. what per-
centage of edgepixelson our target objectandbackground
wereultimatelyclassi�ed asobject edgepixels by thecas-
cade. Resultsare summarized in Table 1; examples are
shown in Figures2 and4. Eachclassi�er cascaderetained
a high percentageof edgepoints on the object (roughly
70%-80%),while discardingmostbackground edge pixels
(roughly 90%). We emphasizethat the reported trueposi-
tiveandfalsepositiveratesreferto thepercentageof object
edgepixelsretainedby theedge�lter , not thepercentageof
timestheoverall objectwascorrectlyor incorrectly identi-
�ed in all testimages.However, asexplainedin Section3.3
andindicatedin Figures2 and4, the�ltered edgeimageis
anencouragingstartingpoint for recognition processesthat
operateat the object level, suchas3D poseestimationor
localizingtheobjectin theimage.

3.2. Distinct Training and Testing Envir onments

Next we addressthe addressthe training of a classi�er
cascadeacrossa particularsetof environments andapply-
ing theresulting�lter to imagesof thesameobjectin front
of entirely distinct environments. To suggest that the per-
formanceof our classi�er cascadesdegradesgracefully ac-
cording to thedeviation betweentraining imagecharacter-
istics andtestimagecharacteristics, we traineda classi�er
cascadeon a setof imagesof the ladderin � ve of the en-
vironments(kitchen, cubicle, warehouse,living room,and
lab),andtestedit on imagesof theothertwo environments
(classroom andconferenceroom). We randomly selecteda
total of 120imagesfrom thesetof all images of theobject
in thetrainingenvironments,using60 of themfor thetree-
growing setand60 for theholdout set.A classi�er cascade
wascomputedfrom thesetrainingimagesandappliedto all
imagesof theobjectin thetestenvironments, i.e. environ-
mentsnotpresentin thetrainingdata.Edgepixel classi�ca-
tion resultsaresummarized in Table2, usingthesameno-
tationasTable1. Comparing thecorrespondinglinesin Ta-
bles1 and2, it appears that�ltering performancedecreases
slightly in someaspects:thetruepositive rateon theclass-
room imagesdrops somewhatwhenthe classroomimages

Sigma mean
TP

mean
FP

var
TP

var
FP

15 0.827 0.094 0.009 0.009
20 0.775 0.089 0.018 0.018
25 0.715 0.074 0.017 0.017
30 0.775 0.125 0.014 0.014

Table 3. Edge pix el �ltering on the conf erence room image set
for various settings of � .

arenotpresentin thetrainingdata,andthefalsepositiverate
for theconferenceroomimagesincreaseswhentheconfer-
enceroomimagesareabsentfrom training. However, some
decreasein performanceis to beexpectedwhenconditions
in trainingandtestimagesvary signi�cantly; thekey point
hereis that theexperimentsuggeststhatedge�ltering per-
formancedegradesgracefully with thesevariations.

3.3. Grouping Indi vidual EdgeDetections

As indicatedin Section1, the edge�ltering procedure
doesnot solve objectrecognition at anobjectlevel; instead
it selectsindividual imagepixels likely to project onto the
object.To giveanexample of how �ltered edgeimagesmay
beusedasaninput to object-level recognition processes,we
implementedasimpledensity�lter whichscansthe�ltered
edgeimagewith a rectangular templateroughly thesizeof
the target object. At eachimagelocation, the number of
edgepixels falling insidethetemplateis recorded,andim-
agelocations with a large number of edgepixels insidethe
templatearenotedaslikely locations of thetarget object.

More speci�cally, we �rst run all training images
through the classi�er cascadedescribedabove. For each
training image,we calculatethe bounding box around the
remainingedgesof thetargetobject.Takinganaverageover
all resultingboundingbox sizesgivesusour characteristic
boundingboxfor theobject;wewill assumethatourobject
is well-approximatedby a boundingbox of this character-
istic sizein all testimages.We thenscantestimageswith
this characteristic bounding box, recording the number of
edgepixels inside the box at eachimagelocation. Boxes
with a large amount of edgepixelsaredetermined to bethe
bounding box around an instanceof the target object,and
non-maximum suppressionis performedto arrive at �nal,
isolatedboxes. Examples of imageson which this density
�lter havebeenapplied areshown in Figures 2 and4.

Weemphasizethatthisdensity�lter is in nowayanopti-
mal procedurefor recoveringanobject-level description of
thecontentsof the image;in particular, a varietyof align-
mentalgorithms[2][21] would be ableto give a morepre-
cisecorrespondencebetweenthetestimageandareference
imageor 3D model.Still, thisexperimentillustratesthatthe
edge�ltering procedurecanbea useful preprocessingstep
to higher-level edge-basedrecognition processesthat may
fail in extreme clutter. For example, Figure5 shows a test



Phase # features # examples time

1 6 316338 0:04
5 92 213282 0:16
10 340 141120 0:44
15 746 111674 1:05
20 1309 107848 1:20

Table 4. Number of relative probe center s (second column),
number of training examples (thir d column), and decision tree
induction times (four th column, hour s:min utes) for various cas­
cade phases for the classr oom image set.

imagefor which thedensity�lter fails whenappliedto the
raw edgeimage, but is ableto localizetheobjectoncethe
clutteredgeshavebeenremovedby theclassi�er cascade.

3.4. Sensitivity

Theedgeprobevarianceparameter � is a freeparameter
that critically affectsthe sizeof the spatialsupport region
for our basicedgefeatures.Thus, it is naturalto wonder
how theperformanceof ourapproachdependsonthechoice
of � . To addressthis issue,we traineda setof 4 classi�er
cascadeson theconferenceroom imageset,corresponding
to � valuesof 15,20,25,and30 pixels. As in Sections3.1
and3.2, the relative probe centerswere arranged in con-
centricringsatdistances� ; 2 � � ; � � � pixels from theorigin.
However, in order to increasethe aperture sizeat a simi-
lar ratefor all valuesof � , we addedtwo rings of relative
probe centers per cascadephasefor � = 15. 60 images
of the conferenceroom wererandomly selectedasa tree-
growing set,60 imagesmadeup theholdout set,andthere-
maining 63 imageswereusedfor evaluation. Figure3 sum-
marizes theresults,usingthesamenotationasdescribedin
Table1. While the truepositive andfalsepositive ratesdo
vary acrosssettingsof the parameter, in eachcasethe �l-
ter retainsa high percentageof edgepixels on the object
(roughly 70%to 80%)while removing roughly 90%of all
background edgepixels. Exactly how the settingof � af-
fects true positive and falsepositive ratesis complex and
dependson characteristicsof theviewing environment, the
objects present, the classi�ers in the cascade,andthe pol-
icy for arranging the relative probe centersin theaperture.
Nonetheless,theseresultssuggestthattheclassi�er cascade
performswell over a rangeof reasonable values for thispa-
rameter.

3.5. Complexity

Thissectionaddressesconcernsabout thetimeandspace
complexity of our approach,in termsof both the training
andtestphases.In particular, wedemonstratethatalthough
apotentially largenumber of edgefeaturesis consideredby
our algorithm, andalthough we employ numerousclassi-
�ers at training andtest time, the amount of computation
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Figure 6. Left: histogram of the number of edge probes eval­
uated per edge point in 54 test images. Right: cum ulative
distrib ution function for this histogram.

required to train thecascadeandevaluatea novel imageis
feasible.

Training Training the cascadeof classi�ers involves
computing edgeprobes and inducing a decisiontree for
eachphaseof the cascade.At a particularcascadephase,
anexhaustive setof edgeprobesis computedover all edge
points in thetrainingset;thus,spacerequirementsat train-
ing timewill bedeterminedby thenumberof edgepixelsin
thetrainingsetat eachcascadephase,alongwith thenum-
berof relative probe centersin the aperture at eachphase.
In Table4 we show thesenumbersfor a few phasesof the
classi�er cascadetrainedon theclassroomimagesetasde-
scribedin Section3.1,alongwith theapproximaterunning
timesof thedecisiontreeinducerona1.67GHzAthlon for
thosecascadephases.On onehand, dueto our strategy of
evenly spacingtherelativeprobecentersin theaperture,the
dimensionalityof thetrainingdataincreasesastheaperture
is grown; on theotherhand,sincewe �lter trainingexam-
plesoutof thetrainingsetateachphaseof cascadetraining,
the number of trainingexamples decreasesasthe aperture
is grown. Thetotal timerequiredto trainoneclassi�er cas-
cadeon a 1.67 GHz machine, including all decisiontree
induction andedgeprobe calculation, is approximatelyone
day.

Testing Whenevaluatinga novel image, somenumber of
edgeprobesareevaluatedat eachedgepoint in the image
until eitherthe point is �ltered out or the last phaseof the
cascadeis reached.Thus,the time complexity of evaluat-
ing a novel imagewill in large part be determined by the
number of edgeprobesrequired at its edgepoints. To get
a senseof the total number of edgeprobescomputed at a
typical imagepoint, we took the classi�er cascadetrained
on theliving roomimageset,describedin Section3.1,and
counted thenumber of edgeprobes evaluatedat eachedge
pixel in eachtestimageof theliving room, overall cascade
phases.Figure6 summarizes theseedgeprobecounts in a
histogram andcumulative distribution. Note that roughly
23%of all edgepixelsareclassi�ed from tenor fewer dis-
tinct edgeprobes,and95%of all pointsin the testimages



Figure 7. Left: The set of all relative probe center s for the
20th cascade phase , shifted to the point at the white cir cle,
are sho wn as black dots. Right: In order to classify the point,
edge probes are onl y evaluated at the probe center s sho wn in
black.

require evaluation of 50 or fewer edge probes.This is sig-
ni�cant sincethe total number of relative probe centers in
thelargestaperture(Table4, lastrow) is 1309. Thus,while
thetrainingphaseselectsfeaturesfrom alargesetof poten-
tial features,relatively few of thesefeaturesareevaluatedat
any given imagepoint at run time. As an illustration,Fig-
ure7 shows thesetof all shiftedprobe centersfor the20th
cascadephaseata typicaledgepixel (left) andthesetof 65
shiftedprobe centersat which edgeprobeswerecomputed
during the classi�cation of the point by all phasesof the
cascade.Notealsothatsinceanedgeprobeessentiallycon-
sistsof convolution of a portionof the imagewith a small
gaussiankernel, it is fastto compute.

4. Conclusion

In this paperwe have presenteda discriminative tech-
nique for compensatingfor highly clutteredbackgroundsin
edge-basedobjectrecognition. We substantiatedits feasi-
bility andaccuracy through detailedtestson a real object
in a variety of clutteredscenes.We show that sinceedge
feature extractionis automaticallytunedto the objectand
environments presentat training time, we can effectively
addressthediscrimination of objectedgepointsfrom back-
groundedgepointswhile leaving few arbitraryparameters
for theuserto estimate.Our experimentsdemonstratethat
the technique canbe robust to out-of-image-planerotation
of objectsin thescene,variations betweentrainingandtest
data,andchangesin parametersettings.Also wegiveanex-
ampleof how ourapproachcanserveasaneffectiveprepro-
cessingstepfor object-level recognition processesin clut-
teredenvironments.

Futureexperimentswill extend the variability between
training andtestdatato explore therobustnessof thetech-
nique. Also, we will compareour approachto similar clas-
si�er cascadesemployed in otherobject recognition work,
for example [22].
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