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Abstract

Symmetryis an effective geometriccue to facilitate con-
ventionalsegmentatiortechniqgueson imagesof man-made
ervironment. Basedon three fundamentalprinciples that
summarizeéherelationsbetweersymmetryand perspective
imaging, namely structue from symmetry symmetryhy-
pothesistesting and global symmetrytesting we develop
a prototypesystenmwhich is able to automaticallysegment
symmetricbjectsin spacefromsingle2-D perspectivam-
ages. Theresultof suth a segmentationis a hierarchy of
geometricprimitives,called symmetncellsandcomplees,
whose3-D structuie and poseatre fully recorered. Sud a
geometricallymeaningfulsegmentationrmay greatly facili-
tate applicationssud as feature matcing and robot navi-
gation.

1 Intr oduction

Let us rst examinethe imagesshawn in Figure 1. For

Figurel: Left andmiddle: In man-madervironment,symmetric
patternsareatundant.Right: Amesroomillusion.

the rst two imagespeoplehave little dif culty nding the
mostprobable3-D interpretationfor eachimage. We can
easilydescribehegeometriaelationsamongobjectsin the
images,especiallyfor objectswhich appearto be “regular
enough. Of course,our will andability to performsuch
taskswill fail if ourunderlyingassumptionarenotvalid, as
indicatedby thethird image(theAmesroom). Sowhatkind
of assumptionsnake humanbeingsso capableandwilling
to derive 3-D informationfrom single(perspectie)images,
despitethe potentialfor failure? In this paper we summa-
rize someof thekey assumptionsto threeprincipleswhich
essentiallyallow a computetto performa similartask.

Thiswork s supportedy UIUC ECEstartupfund. Theauthorsvould
like to thankanorymousreviewersfor their valuablecomments.

ma@uuc.e dug

Structur e from symmetry. Oneof the fundamentadif -
cultiesfor deriving 3-D informationfrom a single2-D im-
ageis: Without knowing anythingabout3-D geometryof
a scenetherearein nitely mary structuresin spacethat
may give rise to exactly the sameimage. To narrov down
thein nite possiblesolutionsto a unigueone,we mustim-
poseextra assumptions.As one answerto this question,
we derive the principle of “structure from symmetry”: If
anobjectadmitsrich enoughsymmetry no 3-D geometric
information (including structureand pose)is lost through
perspectieimaging.

Symmetry hypothesistesting. However, thisimmediately
leadsto anotherfundamentadif culty: Given a region of
interestto whatextentcanwe claimthatit couldbetheim-
ageof anobjectwith a certainkind of symmetry?Onean-
swerto this questiorrequiresusto understandhow symme-
try is preciselyencodedhroughperspectieimagingsothat
we canverify whetherall geometriaelationsfor avalidim-
ageof asymmetricobjectaresatis edin theregion. Hence
we deducethe principle of “symmetryhypothesigesting’

Global symmetry testing. Nevertheless,a region that
passesertaintypesof symmetrytestingdoesnotautomati-
cally imply thatit mustbetheimageof a symmetricobject
in space Althougheachindividualtile in the rst imageof
Figure 1 passesry imagebasedestingasa squarewhat
really makesthe squareinterpretation‘unquestionable’is
thefactthatthis interpretations alsooverwhelminglycon-
sistentamongall the tiles. This leadsto the principle of
“global symmetrytesting” that we rely on in orderto ro-
bustly deduce3-D structure from images.In fact, it is ex-
actly this third principlethatmakesthe Amesroomillusion
socompelling.

Thegoalof this paperis to studya computationameans
for theimplementatiorof the above principlesanddevelop
a fully automaticsystemthatis ableto detect,extractand
segmentsymmetricobjectsn termsof bothsymmetrytypes
andgeometriaelationsin space Withoutlossof generality
in this paper we introduceour algorithmsandsystemonly
for planarsymmetricobjects. This simpli cation is based
on the obsenationthat planarsymmetricobjectsare ubig-
uitousin man-madesnvironment.

Relation to the literatur e. A lot of researcthasbeendone

to recognizegeometricstructureswith or without symme-
try from images. The problemof local geometriccell ex-



tractionis typically separatednto two steps:imageprimi-
tive detectionand primitive parametertting. For the gen-
eralproblemof imageprimitive detectiontherearefeature-
basedmethods,suchas cornerpoints[17] andlines[12],
and pixel-basedmethods, suchasactive contours[8, 10]
andregion sggmentatior{16, 1, 20]. If theseggmentssought
canbe parameterizedsereral techniqueshave beenintro-
duced suchasthewell-known Houghtransform[3] or non-
linearparameteestimation24].
Differentsymmetryassumptionfiave alsobeenstudied
to recognizeand recover structuresunderperspectie, or-
thogonalor af ne projections.This paperis notthe rst to
noticethat symmetry especially(bilateral) re ective sym-
metry, canbe usedto retrieve 3-D information. [13] rst
studiedhow to reconstruct 3-D objectusingmirrorimage
basedlanarsymmetry[2] providedamorecompletestudy
of the re ective symmetry [19] provedthatfor ary re ec-
tive symmetric3-D object one non-accidentaR-D model
view is sufcient for recognition,[23] usedbilateral sym-
metryassumptionso improve 3-D reconstructiorfrom im-
agesequencesand[22] provideda goodsurwey on studies
of re ective symmetryandrotationalsymmetryin computer
vision. In 3-D objectand poserecognition,[15] pointed
out thatthe assumptiorof re ective symmetrycanalsobe
usedin the constructiorof projective invariantsandis able
to eliminatecertainrestrictionon the correspondingpoints.
For symmetrydetection,[11, 9, 14] presentecefcient al-
gorithmsto nd axes of re ective symmetryin 2-D im-
ages,[18] discussede ective symmetrydetectionin 3-D
spaceand[22] introduceda so-calledsymmetrydistanceto
classifyre ective androtationalsymmetryin 2-D and3-D
spacegwith someinsightful commentsyivenin [7]).
Contrib utions of this paper. Re ective, rotational,trans-
lational symmetrieshave beenprimarily studiedindepen-
dently. However, this papershavs thatthekey to consistent
detectionand segmentationof symmetricstructuresfrom
their 2-D perspectre imagesis analysisof the relations
amongall symmetriesasanalgebraic group. By introduc-
ing symmetrygroup asa geometriccue into conventional
imageseggmentatiortechniquesye areableto, for the rst
time, sggmentan image basedon the preciseand consis-
tent 3-D geometryof the segmentedregions. The output
of sucha segmentationis a hierarchyof geometricprimi-
tives(calledsymmetrycellsandcompleeg whose3-D ge-
ometricinformationis fully recovered.Thesenew typesof
geometrigprimitivescanbe usedto replacecorneror edge
featuresandsigni cantly simplify featurematchingacross
multiple images.We have developeda fully automaticpro-
totypesystenthatis ableto accomplisitheabove tasks.

2 Geometry for a single image of a
planar symmetric structur e

De nition 1 (Symmetric structur e and its group action)
A setof 3-D featues(pointsor lines)S  R® is calleda

symmetricstructuref there existsa non-trivial subgoupG

of theEuclideangroupE (3) thatactsonit. Thatis, for any
elemeng 2 G, g de nesanisomorphisn{i.e. a one-to-one
map)fromStoitself: g2 G: S | S. In particular, we
haveg(S) = g (S) = Sforanyg?2 G.

[4] studiedmultiple-view geometryfor generalsymmetric
structures.However, it treatedthe planarcaseasa special
case,and the resultswere not sufcient for our purposes
here.In thispaperwe providesomenew characterizationf
theplanarcasethatis morepertinentto symmetrydetection
andseggmentation.

When the structureS is in a planeP, the symmetry
group G is also a subgroupof the 2-D Euclideangroup
E (2) (for the plane). With a choiceof a coordinateframe*
(x; y; z) attachedo thestructureS, ary elemeng = (R;T)
in G canbe representedin the homogeneousepresenta-
tion)asa3 3 matrix of theform

g= o 1 2R (1)
whereR 2 R? 2 is anorthogonalimatrixin O(2) (“R” for
rotationandre ection) and T 2 R? is a vector (“T” for
translation).For any symmetricstructure thereis a natural
choicefor the coordinateframethat makesthis representa-
tion thesimplest.Suchaframeis calledtheobjectcenteed
canonicalframe or simply theobjectframe

Example 1 (The symmetry group of a rectangle) The
symmetrygroup of a rectangleshavn in Figure 2, the dihedral

.

180" ‘

Figure2: A rectanglevhosesymmetryincludesre ectionsalong
thex andy axesanda rotationabouto by 180 . Thesetransfor
mationsformsadihedralgroupof order2,i.e. D .

groupD of order2, canberepresentedith respecto thecanon-
ical objectframe(x; y; z) by thefollowing four matrices:ge = I,
2 3

3 2
1 00 1 0 O 1 0 O
x=40 1 05;gy=40 1 05:;g,=40 1 05
0 0 1 0 0 1 0 0 1

wheregx andgy denotethere ectionsalongthex andy axes,re-
spectvely, andg, therotationaboutthez-axisby 180 . Elements
in thegroupG = fl;0x; gy; 9. g satisfythegrouprelations
F=g=0=1 &Ky=0a
Ox0z = G20« = Qy;  OyGz = 920y = Ox:-
Note that the symmetryof the rectanglehasno translationabart
(with respecto theobjectframe)andthereforein all g's, T = 0.

1we herechoosethe z-axis of the frameto be the normalto the plane
suchthatary pointontheplaneis determinedy its (x; y) coordinates.



2.1 Homography groupsin animage

Now considera perspectie imageof S thatis taken by a
cameraatavantagepointgo 2 SE(3). Typically, go is rep-
resentedvith respecto theobjectframe.SinceS is planar
it is known from multiple-view geometrythatthereexistsa
homographyH, 2 GL (3) dependingn the vantagepoint
0o whichmapstheplaneP S in spacdotheimageplane.
Supposehatthe vantagepointgp is (Ro; To) 2 SE(3) and
the planeP is de ned by theequationN "X = d for ary
pointX 2 R®onP. N 2 R? is the unit normalvector
of theplaneandd 2 R, is its distanceto the centerof the
camerdrame(e.g.,seeFigure 3). With a homographyH o

2 y 3 gx X
th, d
S
o g
o° dr

Figure 3: Equivalentimagesof a rectangle beforeand after a
re ection gy . Left: frontal view; right: top view. P; is the plane
of re ection andt is its (unit) normalvector

givenby

Ho 2 Ro+ %TONT 2 R® 3 2)
the coordinatef apoint X = [x;y;z]" ontheplaneare
givenby go(X ) = HoX . In essenceH, givesa matrix
representatiofor takinganimageof S atgp.

Dueto thesymmetryof S, we have g(S) = S andthere-
foreHo(g(S)) = Ho(S). ForaparticularpointX 2 S, we
have

Ho(g(X )) = HogHo *(Ho(X )): ©)

The quantity on the left canbe viewed asthe imageof S
takenat gy aftera symmetrytransformatiorg hasbeenap-
pliedto S. Thisis equivalentto thattheimageis takenata
“new” vantagepoint goggol Oo = gog. Oneimageof S
is thenequivalentto jGj such“new” images.Theseimages
will bereferredto asequivalenimagesof theoriginal one.
Betweenthe structureS with a symmetrygroup G in
spaceandits imagel (S) taken at gp, we canusethe fol-
lowing commutatve diagramto describeheir relations

Ho

|
% ! I(%S)
ay YHogH, 4)
s " o(s)

Thegroupactionof G ontheplaneP in spacds thennat-
urally representedby its conjugategroupG® = HoGH,, !

actingontheimageplane.We call it thehomaraphygroup.
Any elementg® = HogH, ' 2 GPrepresentshe homog-
raphy transformationbetweentwo equivalentimages,as
shavn in Figure3 for are ective symmetry

Computationallywith morethan4 correspondingoints
betweenary pair of equivalentviews, suchasthe 4 corner
featuresof therectanglen Figure3, theassociatethomog-
raphy matrix H © of g° can be linearly recoseredfrom the
following equationup to scale wherex is theimageof its
symmetricpointg(X )

x° HX% , x° (H%)=o0 (5)

Example 2 (The homography group of a rect-
angle) For the rectangle case studied in Example 1,
the homography group G° = HpGH,! is given by
fl;HogHo 5 HogyHo Y Hog:Ho "9 = f1;09;00; 079 andits
elementsatisfythe samesetof relationsasG in Examplel, since
they areisomorphic:

o = o

(@) = (g))° = (&) = I;
9000 = ¢%g) = g;  9val = odg) = gv:

Although the above examplesonly shav the re ective
symmetryof a rectangle the framewvork encompasseall
threetypesof symmetryin aplane:re ection, rotation, and
translation

2.2 Consistent3-D recovery from symmetry

Oncethe homographymatrix H® = HogH, ! is obtained
from equivalentviews, we candecomposé into
n 4 o
HOl  R% =TSN
d
to obtainthe relative pose(R% T9 betweenthe equivalent
views. The 3-D structureof S canthen be uniquely de-
terminedby triangulation. Furthermore,sinceH? andg
are known, we may further useH® = HogH, ! to re-
cover information about the homographymatrix Hg =
Ro + %TON T. Hy obviously satis esthe following Lya-
punor typelinearequation
with bothH ®andg now known. OnceH g is solved,we can
furtherdecomposé into
n 1 o
Ho ! Ro; —To; N
d
to obtaintheinitial camergposego = (Ro; To).
Hence,we may summarizethe resultsso far asthe fol-
lowing principle:
Principle 1 (Structur e from symmetry) For any (planar)
symmetricobject, its 3-D structure and poseare already



encodedn a single 2-D perspectiveéimage. No 3-D infor-
mationis lost throughthe perspectiveimaging, aslong as
the symmetriassumptions correct.

As we know from the previous section the homography
matricesassociatedo different symmetryelementsin G
mustpresere the samegrouprelations.Furthermoregach
homographyhouldlieadsto the same3-D reconstructiorof
the structureS. This is a very importantconditionand it
leadsto thefollowing principle:

Principle 2 (Symmetry hypothesistesting) To verify if
(part of) an image can be interpretedas that of an object
with a symmetrygroup G, we needto verify for all theel-
ementsn the group G whetherthe resultinghomayraphy
matricespreservethe samegroup structuie and all leadto
a consistenB-D structure and pose(in particular, surface
normal)recoveryfor theobject.

Example 3 (Symmetry of a tiled oor) In practice,an ob-
jectoftenadmitsall threetypesof symmetry suchasatiled oor
shawvn in Figure4 left. In the gure, thethreeregionswith corners
markedareobviously translationatopiesof oneanother Eachre-
gionitselfis asquaravhosesymmetrygroupis thedihedralgroup
of order4,i.e. D4, which containsarotationsubgroup(thecyclic
groupC4). The inter-relationsbetweenthe homographyare in-

Figure4: Left: Animageof atiled oor with all typesof planar
symmetryencoded.Right: Threeregionson the oor recovered
from the homographygroupamongthemseles.

ducedfrom all threeelement®f thesymmetrygroup,whichallow
a uniquerecovery of not only the 3-D structureand poseof each
region but the relative 3-D positionsbetweenthe threedifferent
regions,asthereconstructiomesultshavs in Figure4 right.

Lastly, we needto pointoutthatthereareseveraldegen-
eratedcasedhatonly partial 3-D informationof their struc-
turescanberetrieved from theirimages andtheinterested
readeris referredto [4].

3 Symmetry-based hierarchical im-
agesegmentation

Equippedwith basicknowledgeaboutsymmetryand per
spectve imagingandtwo geometricprinciples,we arenow
readyto shav how to sggmenta 2-D imageof a scenein
termsof 3-D geometridnformationencodedn it. Ourgoal
is to sggmentthe imageinto regions, identify the regions
which potentially have a consisteniinterpretationas sym-

metricobjectsin spaceandrecoverrelative 3-D geometric
relationsbetweentheseidenti ed regions(e.g.,ascongru-
enttilesonthesame3-D planeetc.). Ourremarkablebility
to perceve suchinformationfrom a singlepaintingor pho-
tographsuggestshatthisis aviabletask,atleastfor scenes
consistingoverwhelminglyof objectswith “regular struc-
tures:

Figure5 outlinesthe architectureof a prototypesystem
that we have developedto achieve thesetasks. The hier

3-D scene

high-level [ matching, reconstruction ] =
applications s

o b $
o - &
£ g"g#ggg' Symmetry based segmentatjon 5
g h?lerarchy into cell complexes =
= e 2
& . S
> [ Symmetry cell extraction ] &
T | low-level i 2
= | symmetry — - °
QO | extraction [ Polygon fitting and extract@n <
I I

[ Low level image segmentati}n

T

2-D images

Figure5: The systemdiagramof the symmetrybasedgeometric
segmentatioralgorithm.

archicalarchitectureconsistsof threemain levels. In this

paperwe shov how to realizethe low-level symmetrycell

extraction and middle-level symmetryhierarchyconstruc-
tion on imagesof quadrilateralstructures. But againthe
given systemalso works on generalsymmetricpolygons.
The outputof the systemprovides“geometricprimitives”

whichencodesnuchricher3-D geometridnformationthan
corneror edgefeaturesandfacilitateshigh-level taskssuch
asmatchingfeaturedsn differentimages.In Section4, we

will shav onesuchexamplewith detailsgivenin [5].

3.1 Low-level symmetry cell extraction

In orderto “recognize”symmetryin animage,we rst se-
lect somecandidatesetsof image regions which we call
cellsanddeterminewhethereachcell passeshe testingof
certaintypesof local symmetrycriteria. For instancewe
canchooseary setof four connectedine segmentshaten-
closea homogeneousegion in theimageasa cell. It may
correspondo a 3-D quadrilaterathatfalls into the follow-
ing cases:1. onere ection symmetry(G = Z;); 2. a
rectangle(G = D»); 3. asquare(G = Dy). Usingthe
algorithmprovidedin the previous section,we cantestthe
cell againstall threehypothesesinddeterminewhich type
of symmetrythis cell admits. If it falls into the rst cate-
gory, we cansimply discardit. A cell thatbelonggo ary of
theothercateyoriesis calleda symmetrycell, with thetype
of symmetrylabeledoniit.

To make our explanationintuitive, we will usetheimage
shavn in Figure6 to demonstrat¢he procesf the overall



systemIn Sectiord, otherexampleswill begivenfor more

Figure6: An imageof a cubeanda checlerboard.

genericscenes.
Image segmentation. We rst usethe color basedmean
shift algorithm[1] to obtaincandidateregionsfor symme-
try cellsfrom theimage? Second for every region thatis
largerthana minimal size,we computethe corvex hull of
theregion in orderto guaranteets external contourto be
corvex andreducethe noiseon its boundary
Polygon tting and extraction. Next, we t theextracted
corvex hulls from image segmentationwith a polygon.
Sincethe contourof a polygon consistsof piecevise line
segmentsasspecialcurveswith zeroconstanturvatureand
cornerswith local curvaturepeakswe developedapolygon
tting techniguebasedon the constantcurvaturecriterion
proposedby [21]. From the constantcurvature criterion,
we directly know how mary edgeseachcorvex region con-
tains.In this paper our systemextractsonly quadrilaterals.
Theoutputfrom thesewo stepds theimagecoordinates
of line segmentwf polygonalregions. Theresultfor Figure
6 is shavn in Figure 7. Comparedo the original image,

Figure7: Left: Theoutputof polygonextraction.Right: Details.

someof the“cells” aremissingdueto noise.

Local symmetry testing. For eachquadrilaterakxtracted
from above, usingthe symmetryhypothesigestingprinci-
ple givenin the previoussectionwe cantestwhetherit sat-
is es the symmetryof a rectangleor a square. However,
in realimagesthe boundarieobtainedfrom segmentation
canbe extremelynoisy sometimesasexamplesin Section
4 shav. As amorepracticaltestingcriterion,sayfor arect-
angle,we may computethethreenon-identityhomography
matricesH ?; HY; H2 andif thereconstructeglanenormals

maxf cos *(N,/ Ny);cos *(N,/ N.);cos *(NJ N;)g

2Thetwo primary parametergor the meanshift algorithmaresetto be
s = 7, R — 9.

for somesmallthreshold (in our experiments = 15),
we claim thatthe polygonpasseghe testfor symmetryas
a rectangle. Otherwise,we discardthis polygon as non-
symmetric.

If the cell sizeis small (asin this example,eachcell is
only about1/20 the size of theimage),dueto a low SNR,
someof the cells will fail the above symmetrytest. To
improve accurag, we may usenonlinearprogrammingto
optimizethe homographymatricessubjectto all the group
relationsthat they are supposedo satisfy The result of
the symmetrytestfor the extractedpolygonsof Figure7 is
shavn below in Figure9 left.

3.2 Middle-level symmetry hierarchy: geo-
metric segmentation

A cell that passeghe symmetrytest of a rectangleor a
squaredoesnot necessarilycorrespondso the imageof a
rectangleor squarein space.We shouldfurther verify its
validity in the contet of thewhole sceneFor this purpose,
we propose:
Principle 3 (Global symmetry testing) Symmetrycells
which haveconsistenB8-D geometricproperties(e.g., ori-
entations)with other cells more likely correspondto sym-
metric 3-D structuesin space

For example,if anumberof neighboringsymmetrycells
have mutuallyconsistenhormals thenit is likely thatthese
cellscomefrom the same3-D plane. Furthermorea setof
cellstogethemay correspondo a 3-D structurewhich ad-
mits a new symmetryon a larger scale. For example,two
neighboringcellscanbetranslationatopiesof oneanother
in space,which is often the casefor window patternson
the sideof a building. This leadsto the notionof a symme-
try complex: agroupof (preferablyneighboring)cellswith
consistent3-D geometricproperties. Different geometric
propertiegnayleadto differenttypesof symmetrycomplex
segmentationln this paperwe considetthreepropertiesas
examples:orientation,topology (connectvity), andcopla-
narity.
Orientation clustering. To identify the orientationsof the
obtainedplanarsymmetrycells, we canclassifythe spher
ical coordinate®f their normalvectorsusingary standard
clusteringalgorithm.In our currentimplementationye use
the ISODATA algorithm[6], known for its simplicity and
efciency®. For the above image, the clusteringresult of
the spaceangles( ; ) of the normalvectorsof all sym-
metry cellsis shaovn in Figure8. Thetwo primary groups
correspondo symmetriccells of thetwo main orientations
in space.Theremainingcells areoutliersdueto noiseand
polygon tting errors.
Topology. With the orientationsclassi ed, symmetrycells
can be further relatedor separatedy their neighborhood
relations(within eachorientationgroup). For example,for
two cellsin thesameorientationgroup,if theiredgeor cor-
nersareadjacento eachother(say 50pixels),they canbe

3Theinterclusterangledistances choserto be =12.



Figure8: Clustersof normalsof symmetrycells.

considereds“connected. Thiswill sggmentthesymmetry
cellsinto differentgroupsin termsof their connectvity.

Coplanarity. For a setof neighboringcells of the same
orientation,we can further verify if they are also copla-
narby consideringhetranslationasymmetryamongthem.
FromPrinciple2 andExample4 in the previous sectionif
two cellsarecoplanarthe planenormalrecoseredfrom the
translationahomographybetweerthe cellsneedgo bethe
sameasthe normalof the cells. This allows usto testif a
setof cellsof the sameorientationarecoplanar Obviously,
therearetwo planesin Figure6 wherecells have the same
orientationbut arenot coplanar The nal segmentatiorre-
sult for the cellsin this imageis showvn in Figure9 right.

Figure9: Left: Cellsthatpasghelocal symmetrytestaremarted
with their 3-D objectframe(x; y; z)-axesdravn in red,greenand
bluearrows, respectiely. Right: The nal outputof thesymmetry-
basedgeometricsggmentation. The normalvectorsaredravn in
differentcolorsbasedon their grouping. Connectiity andcopla-
narity areillustratedasconnectedjreenlinesbetweercells.

Throughthe above sggmentationprocess.every image
givesriseto a hierarchyof symmetrycells and complexes
thatresembles tree-like structure asshown in Figure 10.
Cells arethe leaves of the tree. At eachlevel of the hier
archy cells andcomplexesare orderedby their sizes,dis-
tancespr neighboringopologyandlabeledwith theirsym-
metry types. One canview sucha tree-like hierarchyof
symmetrycellsandcomplexesasa“ (2%)—D" representation
of theimage:Althoughthehierarchyis notyetafull recon-
structionof the entirescene 3-D geometridnformationon
regions of the sceneis alreadyavailable and relationsbe-
tweentheseregionsarealsoencodedvithin the hierarchy

A 2-D image

[ Complex J] Complex % Complex %

e

Figure 10: A hierarchicalsegmentationof a 2-D imageby 3-D
geometriqproperties.

Complexa

Symmetry Coplanar Orientation

4 Experimentsand applications

In this section we demonstrat¢he performancef the pro-

totypesystemby applyingit to a variety of images,shavn

in Figure 11. For all the experimentsthereis no manual
interferenceatall. The systemuseshe samesetof parame-
tersfor meanshift sggmentationpolygon tting, andsym-
metrytesting.All imagesare1280 960pixelsRBG color

images. The speedfor low-level cell extractionis within

oneminuteon a 1.4GHzPCin Matlab, which includesthe

meanshift sggmentatiorandpolygon tting. Thecomputa-
tion of symmetryhierarchywithout nonlinearoptimization
takeslessthan ve secondshut the optimizationversion
usuallyneedsereralminutesdependingon how mary cells

areextractedfrom theimage.

In Figure 11, the rst imageis the side of a corridorin
alibrary. Despitethe noisy backgroundthe sideof the cu-
bicle passeshe symmetrytestandeventuallybecomeghe
only cell extracted. Thesecondandthird imagesbothreturn
multiple cellsandcompleceswhich areobviously the most
salientrectangularobjectsin the scene. Notice that rect-
angleswith inhomogeneougternal color patternare also
correctly extracted. On the otherhand,in the secondim-
agenext to the TV stand,anillusory rectangles extracted
—whichis createdy occludededgedrom surroundobjects
—oneof mary manifestationassociateavith asingleview.
Thelastimageis themostchallengingone: cell boundaries
arenotsowell-de ned and3-D geometricrelationsamong
cellsarenot precise. The systemstill doesa decentjob of
extractingandsegmentingmostcells.

Applications in matching. If multipleimagesof onescene
aregiven, it is mucheasiero establishcorrespondencke-

tweencellsandcomplexesthanusingonly purepointorline

features. This is becauseghe matchingnow canuseboth

the 3-D geometricinformationand texture of the cells (or

complexes).Thereis no needfor ary iterative robuststatis-
tic methods(suchas RANSAC for point featureslandthe

allowablemotion betweerimagescanbe very large. Once
two cellsin two differentimagesarematchedtherelative 3-

D camergposeis automaticallyrecovered.Figure12 showvs

onesuchexample.For detailson matching see[5].
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Figure 11: Experiments.Left: original images;Middle left: geometriccell extraction(1 minute)andlocal symmetrytestingwithout
nonlinearoptimization(< 5 seconds)cells without frame attachedfail the test; Middle right: local symmetrytestingwith nonlinear
optimization. Right: groupedsymmetrycells, eachwith its objectframeposerecoseredandmarked. Differentgroupsof symmetrycells

areidenti ed by bold arravs with differentcolorsfor thenormals.

Figure12: A uniqguematchingandreconstructiorof cells acrossmages:from the raw imagesto symmetrycell extraction, matching,
and3-D cell structureandcamergposerecovery, thewhole processs fully automatic.Notice thatcorventionalfeaturepoint matchingor

trackingtechniqueswill fail with theseémageshecauseherelative rotationis largebut baselinds almostzeroandsymmetriesn thescene
would inducemary ambiguousnatchesandgenerateutliersfor the RANSAC typetechniques.



