Wide-baselineStereofr om Distinguished Regions

Abstract

The problem of establishingcorrespondencebetweena
pair of images taken from different viewpoints, i.e. the
“wide-baselinesteeo” problem, is fundamentalin com-
putervision.

In the paper two new wide-baselinestereo algorithms
are proposed. The first establishescorrespondenceof
closedoopsof Dericheedges. Theseconds basedonjunc-
tions of line sggmentsdetectedhy HoughTransformanda
probabilisticrelaxationprocess.Tentativecorrespondences
are selectedusinginvariants computedon regions defined
in a quasi-invariant manner A correct epipolar geometry
of image pairs acquired by an uncalibratedcamen under
going a large rotation, change of scale viewpointchangg,
and/or occlusionis establishedcompletelyautomatically
Thealgorithmsare testedexperimentallyonindoorandout-
doorreal-worldscenes.

In a secondcontribution, we describeand analysethe
structue of a classof steleo matcing and objectrecani-
tionalgorithmsthatarebasedninvariantdescriptos com-
putedoverregionspossessingomedistinguishingoroperty
Thecommorelement®fthemethodsre discussedandthe
cential conceptof distinguishedregion and measurement
region are defined.

1 Intr oduction

Finding reliablecorrespondencedsa two imagesof a scene
or an objecttaken from arbitraryviewpointswith possibly
differentcamerasn differentillumination conditionsis a
difficult andcritical stepontheway towardsfully automatic
reconstructiorof 3D scenedrom intensityimages.In this
papertwo new algorithmsaddressinghistypeof correspon-
denceproblem,oftenreferredto as“wide-baselinestereo”,
areintroduced. The presentednethodsare experimentally
shawn to provide good estimatesf epipolargeometryfor
pairsof disparateviews of real-world scenelwith signifi-
cantchangeof scale cameraotation,and3D translationof
theviewpoint.

In a secondcontritution, we describeand analysethe
structureof a classof stereomatchingand object recog-
nition algorithmsthat are basedon local invariantdescrip-

1The generalisationof the proposedmethod to multiple views is
straightforvard.

torscomputecdbver regionspossessingomedistinguishing
property The commonelementsof the methodsare dis-
cussedandthecentralconcept®f distinguishedegionand
measuementegion aredefined.We postponeeview of the
relatediteratureuntil afterintroducingtheseconceptsince
most publishedwide-baselinematchingalgorithmsand a
numberof closely relatedimageretrieval and recognition
methodssuchas[12, 17, 1, 18, 2, 15, 8, 7] canbe seenas
instancef the generaframewnork. Thesemethodswhose
structureis summarisedn Algorithm 1 differ in the partic-
ular choiceof distinguishecandmeasurementegions.

The generalisationi.e. modelof structureof a number
of approachesmakes analysisand comparisonof the al-
gorithmseasier highlighting what particularchoiceswere
madeatwhatpointandwhatis the setof possibleoptionsat
eachstage Moreover, mary futurelinesof researctbecome
immediatelyobvious. Secondlyweclearlyseecorvergence
of problemsaddresseih stereomatchingandin imagere-
trieval andobjectrecognitionwhich couldleadto mutually
beneficialexchangeof techniquesand perhapsunification
of terminologyandproblemformulation.

The restof the paperis structuredasfollows. We start
by describingthe structureof the matchingalgorithmbased
on distinguishedegions(Section2). Next, previouswork
in theareais reviewed. In Sectiord, two new wide-baseline
stereoalgorithmsarepresentedThefirst establishesorre-
spondencef closedloopsof Dericheedges. The second
is basedon junctionsof line segments,detectecdoy Hough
Transformand a probabilisticrelaxationprocess. In both
methodstheRANSAC procedurd4, 16] is employedto find
a large consistensetof matches.Experimentalresultson
outdoorandindoorimagegakenwith anuncalibrateccam-
eraare presentedn Section5. The paperis concludedin
Section6.

2 Correspondence from Distin-

guishedRegions

Imagineyou are presentedvith two images,depicting at
leastpartially the samescene(object) taken with possibly
differentcameradrom two arbitrarily differentviewpoints.
You are asked to mark correspondingpointsin the image
pair. We would arguethat, unlessdistinguishedegionsare
presenin the two images thetaskis extremelyhard. Two



Figure 1: Examplesof distinguishedregions on the
ANACIN boxandthe cAT from the coiL-20 databas¢l1]

views of awhite featurelessvall, a patchof grass seasur
faceor ananthill might be good examples. On the other
hand,look at objectsfrom the coiL-20 databasealepicted
in Figure 1. On mostobject, we find surfacepatcheghat
can be separatedrom their surroundings.The eye in the
CAT imageor the letterson the ANACIN box aretwo such
regions. Thedifferentviews of theCAT andANACIN images
suggesthatthe regionsmarkedin Figure 1 are detectable
(e.g.by awatershed-like procesr localthresholdingpver
awide rangeof views. Beforeproceedingurther, we give
amoreformal definition:

Definition 1 A Distinguished Region (DR) is any subset
of animage thatis a projectionof a part of a scengpossess-
ing a distinguishingproperty allowing its detection(seay-
mentation figure-gloundsepaation) over a range of view-
pointsandillumination conditions.

In otherwords,DR detectionrmustberepeatabl@ndstable
w.r.t. viewpoint andillumination change.Concreteexam-
plesof DR detectorausedin wide-basdine stereowill be
discussedater Note thatwe do not requireDRs to have
sometransformation-imariantpropertythatis uniquein the
image.If aDR possessesucha property finding its corre-
spondingDR (if it is visible in the otherimage)is greatly
simplified. To increasehelik elihoodof this desirablesitua-
tion, DRscanbeequippedvith acharacterisationomputed
onassociatedneasuementegions

Definition 2 A MeasurementRegion (MR) is any subset
of animage definedby a transformation-inariantconstruc-
tion (projective affine similarity invariant) from one or

more (in caseof grouping)distinguishedegions.

Since DRs are projectionsof the samepart of the scene
in both views and MRs are definedin a transformation-

invariant mannerthey are quasiviewpoint-invariant. Be-
sidesthe simplestandmostcommoncasewherethe MR is
the DR itself, a MR may be constructedor exampleas: a
corvex hull of aDR (perspectiely invariant,seeAlgorithm
2), afitted ellipse (affinely invariant,[17]), aline sggment
betweenra pair of interestpoints[15] or ary region defined
in DR-derved coordinates.Of course,invariantmeasure-
mentfrom a single or even multiple MRs associatedvith
a DR will not guarantee uniguematchon e.g. repetitve
patterns.But often,asin the caseof abore-mentioned®dRs
in Figurel, DR characterisatioby invariantscomputecbn
MRsmightbeuniqueor almostunique.Theneighbourhood
of themarkedregion aroundletter A onthe ANACIN boxis
unique. The characterisatiomnf the eye region on the CAT
imagemight be similar to a few, but not mary, neighbous
hoodsaroundothercircularblack-on-yellav spots.

Characterisation. The mostsimplesituationarisesif a
local affine frameis definedontheDR. ThenaMR couldbe
ary region specifiedin termsof thelocal coordinaterame.
Photometricallynormalisecdpixel valuesfrom a normalised
patch characterisahe DR invariantly More commonly
only a point or a point and a scalefactor are known, and
rotationinvariantg[14, 13] or affineinvariantsmustbeused
[18].

Tentative Corr espondences At this stage,we have a
setof DRsfor eachimageand a potentially large number
of invariant measurementassociatedvith eachDR. For
problemsof realisticsizeit is not practicalto assumehat
ary pair of DRs may be in correspondencand verify the
hypothesidy checkinggeometricconsisteng, sinceanas-
tronomicalnumberof hypothesesvould have to be consid-
ered.Insteadpnly correspondencesith similar character
isationareselected Selectingmutuallynearespairsin Ma-
halanobiglistancds themostcommonmethod13, 18, 14].
We adoptedthe minimal Mahalanobisdistancemethodin
the algorithmspresentedater (despitethe factthat the as-
sumptionsunderwhich the methodwould be optimal are
almostcertainly not met [5]). Note that the objective of
this stageis not to keep the maximum possiblenumber
of goodcorrespondencegut ratherto maximisethe frac-
tion of goodcorrespondenced hefraction determineghe
speedf epipolargeometryestimationby the RANSAC pro-
cedureg16].

Epipolar Geometry estimation is carried out by a
robust statistical method, most commonly RANSAC. In
RANSAC, randomly selectedsubsetsof tentatve corre-
spondenceistantiatean epipolargeometrymodel. The
number of correspondencesonsistentwith the model
definesits quality. The hypothesise verify loop is termi-
natedwhen the likelihood of finding a bettermodelfalls
below a predefinedhreshold. The processof establishing
correspondencdsom distinguishedegionsis summarised
in Algorithm 1;



Algorithm1: Wde-baseline&steeofromDistinguishedRe
gions- TheFramavork

1. DetectDistinguishedRegions
. DetectMeasuementRagions
. Characteris®Rsvia invariantmeasurementsn MRs.

. EstablishTentatve Correspondences.

a A W DN

. EstimateEpipolarGeometry

Having outlined the framework, we make remarkson
propertienf DRsandMRs:

e Terminology Thedistinguishedegionsarereferredto
in the literatureas ‘interestpoints’ [2], ‘features’[1]
or ‘invariantregions’[18] (in [18], ‘invariantfeatures’
refer to the invariantcharacterisation) After consid-
erationswe rejectedthe term ‘invariantregion’, since
(ignoring visibility issues)every locally planarimage
patchhasa correspondingatchin the secondimage
with the samepre-image. But for a vastmajority of
regions,it is notdistinguishable.

o \We adoptedhetermsdistinguishecandmeasurement
regions However ary set of pixels, not necessar
ily contiguous,can possesa distinguishingproperty
Many perceptualgrouping processesletectsuch ar
rangementse.g. a setof (unconnectedgdgelslying
alonga straightline form a DR of maximumof edgel
density The propertyis view-point quasi-irvariant
and detectabléby the Hough Transform. The 'distin-
guishedpixel set’ would bea morepreciseterm, but it
is cumbersome.

e Theseparatiorof the conceptof DR andMRs is im-
portantand not madeexplicit in the literature. For
instance,Tuytelaarsand Van Gool wrote [18]: “In-
variantregions’ areimage patcheshat automatically
deformwith changingviewpoint asto keepon cover-
ing identicalphysicalpartof ascene Suchregionsare
thendescribedy a setof invariantfeatures'.

o Clearly differentDR detectorgbasedon colour, tex-
ture,edgesjocal shapegtc.) aresuitablefor different
images. Multiple DR types, multiple MR construc-
tions and characterisationmay be usedin stepsl to
3 of Algorithm 1. In generalsincethereis no way of
knowing what type of DRsis suitablefor an a priori
unknown scene,it seemsnaturalto adoptan oppor
tunisticapproactandto try asmary aspossible.

e Wearenotsuggestingo “segmenttheimage”,but per
hapsto segment(selectseparatedhe sgmentabldi.e.
the distinguishable). The “interpretation” of the dis-
tinguishedegionsis irrelevant; repeatableletectionin
varyingacquisitionconditionsis important.

e Automatic, statisticalapproachesand learning tech-
niguesmay be appliedin DR detectordesignsincere-
peatabilitytestsdo not requiremanuallylabelleddata.
Therelationshipto appearance-basedethodq10] is
clear In both casesmeasurementslerived directly
from intensitiesareusedbut herethe problemof whele
to measueis central.

e All geometricconstraintaisedin the processf epipo-
lar geometryestimationcomefrom DRs;thegeometry
of MR in our framework is completelydeterminedoy
DR andhenceaddsno multi-view constraints.

3 Previous Work

Sincetheinfluential paperby SchmidandMohr [14] mary
imagematchingand wide-baselinestereoalgorithmshave
usedHarrisinterestpointsasdistinguishedegions. Tell and
Carlssor[15] proposech methodwhereline segmentscon-
necting Harris interestpoints form measurementegions.
The MRs are characterisedby scaleinvariant Fourier co-
efficients. Harris interestpoint detectoris only rotationally
invariant. Its maximumresponsas stableover a rangeof
scaleshut definesno scaleor affine invariantmeasurement
region. Baumbeg [1] appliedaniterative schemeoriginally
proposedby Lindebeg and Garding to associateaffine-
invariantmeasurementegionswith Harris interestpoints.
In [8], MikolajczykandSchmidshaw thata scale-iwvariant
MR canbefoundaroundHarrisinterestpoints.

In [12], Pritchettand Zissermanform groupsof line
segmentsand estimatelocal homographiesising parallel-
ogramsas measurementegions. Tuytelaarsand Van Gool
introducedtwo new classesf distinguishedregions, one
basedon a point and curve [17], the secondon local in-
tensity extrema[18]. Both methodsare affine invariant.
Lowe [7] describeshe’ScalelnvariantFeaturelransform’
approachwhich producesa scaleand orientation-irvariant
characterisationf interestpoints.

4 Two newwide-baselinealgorithms

In this section,two new instancesf the abore-mentioned
generabpproacharepresentedTheimplementations kept

very simple,to shaw clearlythe conceptsntroduced there

is spacefor improvementin every stepof thealgorithm.



Two typesof distinguishedegionsareexploited- closed
loopsof intensityedgesandjunctionsof line segmentsde-
tectedby HoughTransformfrom intensityedges Edgesare
computedusingDericheedgedetecto3].

In thecaseof closedoops,themeasurementgionis the
setof pixelsinsidethe corvex hull of a closedlioop (corvex
hull is presered underorientedprojective transform[6]).
RGB valuesin the measurementegion are characterised
by 21 generalisedolourmomentinvariants[9] of degree0
and1l in spatialcoordinatesind0, 1, 2 in RGB coordinates.
Thisdescriptionisinvariantto affinetransformatiorof pixel
coordinatesndto scalingof thebrightnesgunctionin each
colourband.

Theinitial setof tentative matcheds formedasfollows.
Two regions| andr aretaken asa candidatefor a match
iff region | from the “left” imageL is the closestregion
to r in the “right” imageR andvice-vesa The distance
betweenregionsis measurecby Mahalanobisdistancein
21-dimensionafeaturespace We call sucha pair mutually
neaest

In the caseof junctions themeasuremenmnegionis spec-
ified in termsof a local affine coordinateframe defined
by threepointsof the junction. The initial setof tentatve
matchegs formedasdescribedbove. Thedistancas com-
putedascross-correlationf RGB valuesin thenormalised
coordinateframe.

Finally, a RANSAC algorithm [16] finds a subsetof
geometrically consistentmatchesand estimatesthe best
model describingthe geometry of the stereo pair (i.e.
modelof anepipolargeometryanaffine transformationpr
a homography).The geometricentitiesinput into RANSAC
arethe centresof gravity for theclosedloopsandtripletsof
pointsfor the junctions. The two methodsare summarised
in Algorithms 2 and 3. The intermediatedata that are
producedby Algorithms 2 and 3 arevisualisedin Figs. 2
and3 respectiely.

Algorithm2: Algorithmbasedon closedloops

1. DR: closedloopsof Dericheedges.

2. MR: corvex hull of DR.

3. Characterisation:
21 affine invariantsbasedon generalisectolour mo-
mentscomputedon a corvex hull of DRs.

Mpg© = //w”qu(w,y)“G(w,y)bB(w,y)cdwdy

4. Tentative Correspondences DRs with mutually
nearestharacterisatiofin Mahalanobiglistance).

5. Epipolar Geometry estimatedy RANSAC. EachDR
providesa single point-to-pointcorrespondencéen-
tresof gravity of theclosedloop).

Algorithm3: Algorithmbasedon junctions

1. DR: junctionsof line segments.

2. MR: aparallelogramdefinedby 3 pointson line seg-
mentsforming thejunction.

3. Characterisation: normalisedimage patch derived
from theaffine frameof ajunction.

4. Tentative Correspondences DRs with mutually
nearest characterisation(cross-correlationof nor
malisedRGB values).

5. Epipolar Geometry estimatedy RANSAC. EachDR
provides3 point-to-pointconstraints.

5 Experiments

The behaiour of Algorithms 2 and 3 was testedon two
typesof scenesExperimentA wascarriedoutonfour pairs
of imagesof anindoorscengseeFigs.4,5, 6, 7). In Exper
imentB, imagesof anoutdoorscenewereused(seeFig. 8).
Performancef Algorithms2 is demonstratedntheindoor
scene Resultsof Algorithm 3 arepresentedor the outdoor
scené.

Experiment A: Indoor images. The viewpoint change
in eachof thefour indoorexperimentgliffered;thetransfor
mationsaredescribedn Tablel. Imageswereacquiredby
a standardligital camerawith 640 x 480 pixel resolution.
The algorithmwasrun with the sameparametesettingsin
all four cases.In eachimage,morethan 100 closedloops
wererecovered. The exact numberof closedloopsin the
left andright imagesare shovn in Table 2. If every pair
of distinguishedegion wereconsideredabout25 000ten-
tative correspondencesould be formed. The numbersof
suchpairsfor experimentsA-1 to A-4 areshowvn in thesec-
ond columnof Table3. Attemptingto selecta subsetwith
seven correctcorrespondencdsy randomsamplingin the
unprunedsetis hopelesqthe epipolargeometrywas esti-
matedby the 7-pointalgorithm[6]). Tentatve correspon-
dencesomprisednly of thosepairswhosegeneralcolour
invariant[9] were mutually nearest. The numberof cor-
respondencesf distinguishedegion pairsis shovn in the
third columnof Table3.

The expectedruntime of RANSAC dependsn the num-
ber of hypothesegested,which is < ¢~™, wheree is the
probabilityof selectinga correspondencinatis correctand

2successfuexperimentswith Alg. 3 onindoorimagesarenotreported
in this paperfor lack of space.



Figure2: Intermediataesultsof Algorithm 2. Fromtop to
bottom: Dericheedges,closedloops, corvex hulls of the
closedloopsandthe original imageswith estimatecdepipo-
lar lines.

Exp. || viewpointtransformations

A-1 translationandrotation

A-2 translatiomandrotation

A-3 0.75scalechangeby zooming

A-4 translationyotation,horizontalflip, occlusion

Tablel: Viewpointtransformationsn ExperimentA.

m is the numberof point-to-pointcorrespondencaseeded
to computeepipolargeometry;n our casem = 7. Overall

imagel | image2
A-1 156 177
A-2 173 144
A-3 163 156
A-4 132 159

Table2: ExperimentA. Numberof detectectlosedloops.

Figure3: Resultsof algorithm3. Fromtop to bottom: De-
riche edgesjunctions,measuremerregionsandthe origi-
nalimageswith estimatecepipolarlines.

in experimentA, the numberof subsetchosenand epipo-
lar geometriegestedwas on average~ 300, which is a
manageabl@umber By inspectionwe found thatthe per
centageof correctmatchesn the prunedsetrangedfrom
33% to 52%, seethe rightmostcolumn of Table 3. For
thesepercentagesf correctmatcheghe expectednumber
of RANSAC verificationsrangesfrom 1/0.527 ~ 100 to
1/0.33" = 2500, whichis consistentvith theobseredrun-
time.

To demonstratethat the epipolar geometry estimated
from tentatve pairs is roughly correct, we have also es-
timated epipolargeometryfrom manually selectedcorre-
spondencesdrigures4, 5, 7 depictepipolarlines of manual
andcomputedepipolargeometriesThe epipolargeometry
in experimentsA-1,A-2, and A-4 is roughly correct. Our
objectiveis nothigh precision;the epipolargeometryof the
wide-baselinalgorithmmay be improvede.g. by iterative
bundle adjustment. The affine transformatiorof the scale
changgexperimentA-3) wasalsocorrectlyrecovered(Fig.



6). Sincebothimagesof experimentA-3 weretakenfrom
the sameviewpoint, we did not attemptto recover epipolar
geometry

Experiment B: Outdoor scene.Thepairof imageaused
in the experimentwasacquiredby a still cameraandthen
scannedo a800x 540 pixel resolution.In eachimage more
than1000junctionswerefoundby aprobabilisticrelaxation
algorithm.Around400junctionswith sufficientquality (the
quality is an output of the relaxationprocess)ormedthe
distinguishedegions. Themeasuremenegionwasdefined
in termsof a local affine frame. The three points needed
to definethe framewerethe intersectiorandthe othertwo
ends(i.e. thosenot nearthe intersection)of line segments
forming thejunction.

For eachjunction pair, cross-correlatiomof the geomet-
rically normalisedmagepatchesvascomputed.117 ten-
tative matcheswerefound asdescribedn Sectiond4. The
numberof subsetshosen(andepipolargeometriegested)
was on average~ 50. Since eachjunction provided 3
point-to-pointcorrespondenceand thereforeonly subsets
of size3 hadto bechosentheRANSAC proceduravasmuch
fasterthanin ExperimentA. With ninecorrespondencethe
epipolargeometrywasobtainedby aleastsquarealgorithm
[6]. By inspectionwe found that41, i.e. approximately
35% of junctioncorrespondenceerecorrect(seeTable4)
Thepercentagef correctcorrespondenggredictsRANSAC
run-timein the orderof 1/0.35% ~ 25, which is consis-
tentwith the obsened run-time. Figure 8 depictsepipolar
lines of epipolargeometriesestimatedooth automatically
andmanually

6 Conclusions

In the papertwo new wide-baselinesterecalgorithmswere
proposed. The first establishexorrespondencef closed
loopsof Dericheedges. The secondis basedon junctions
of line sggmentsdetectedy HoughTransformanda prob-
abilistic relaxationprocess. Epipolar geometryof image
pairs shaving significantrotation and scalevariation was
successfullyrecovered. Outdoorandindoor imagestaken
with anuncalibrateccameravereusedin the experiment.

In a secondcontritution, we describeand analysethe
structureof a classof stereomatchingand objectrecogni-
tion algorithmsthatarebasedn invariantdescriptorssom-
putedoverregionspossessingomedistinguishingoroperty
The commonelementsof the methodsare discussedand
the centralconceptsof distinguishedregion and measue-
mentregion aredefined. We believe thatmary new wide-
baselinemethodsanbeobtainedollowing theframework,
eachincreasingthe rangeof scenetypesfor which corre-
spondenceanbeestablishedutomatically
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Exp. pairs

all selected| % correct
A-1 27612 52 44%
A-2 24912 50 52%
A-3 25428 42 33%
A-4 20988 46 3%

Table3: ExperimentA. Numberof correspondences.

DRin DRin all selected
imagel | image2 | pairs pairs | % correct
414 357 147798| 117 35

Table4: Experiment.B. Numberof junctionsandnumberof selectedpairs.

Figure4: ExperimentA-1. Epipolarlinesof estimatedyellow) andmanual(blue) epipolargeometry

Figure5: ExperimentA-2. Epipolarlinesof estimatedyellow) andmanual(blue) epipolargeometry
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Figure 7: ExperimentA-4. Epipolarlines of estimated(yellow) and manual(blue) epipolargeometry The black stripe
modelspartialocclusion.

Figure8: ExperimentB-1. Epipolarlines of estimatedyellow) andmanual(blue) epipolargeometry



