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Abstract

In this paper, a new hierarchical stereo algorithm is pre-
sented. The algorithm matches individual pixels in cor-
respondingscanlinesby minimizinga cost function. Sev-
eral costfunctionsarecompared.Thealgorithmachievesa
tremendousgain in speedandmemoryrequirementsby im-
plementingit hierarchically. Theimagesare downsampled
anoptimalnumberof timesandthedisparitymapof a lower
level is usedas 'offset' disparitymapat a higher level. An
importantcontribution consistsof the complexity analysis
of the algorithm. It is shownthat this complexity is inde-
pendentof the disparityrange. This result is also usedto
determinethe optimalnumberof downsamplelevels. This
speedgain resultsin theability to usemore complex (com-
puteintensive)costfunctionsthat deliverhigh quality dis-
parity maps. Anotheradvantage of this algorithm is that
costfunctionscan be chosenindependentof the optimisa-
tion algorithm. Thealgorithm in this paper is symmetric,
i.e. exactly the samematchesare found if left and right
image are swapped. Finally, the algorithm was carefully
implementedso that a minimalamountof memoryis used.
It hasprovenits ef�ciency on large imageswith a high dis-
parity range as well as its quality. Examplesare givenin
thispaper.

1. Intr oduction
Thegoalof this work is to computefastaccuratedisparity
maps,even for big imageswith large disparity ranges. It
is assumedthattheseimagesarerecti�ed �rst. The impor-
tanceof the disparitymapsfor good3D reconstructionis
well known. Theresultsof researchon this topic includea
widevarietyof algorithms[1]. Mostof thesealgorithmsare
minimizing a costfunction. Thecosthas2 aspects:A �rst
componentdecideshow well a pixel of the left imagecor-
respondsto a pixel at theright image,i.e. thedissimilarity
between2 pixels. A second,respectively third component
arerelatedto the continuity in the horizontal,respectively
verticaldimensionof thedisparitymap. The latter is only
dominantif nostrongimagedataareavailable.

A possiblecriterion to classify thesealgorithmsis the

dimensionof the optimization problem. The cost func-
tion decideshow well a pixel of theleft imagecorresponds
to a pixel of the right image(zerodimensionalcost func-
tion) [12]. More robust is to optimizethe sumof all costs
of all matchesin onescanline(onedimensional).Thebest
is to optimize the sum of all costsover the whole image
(two dimensional)[8]. This algorithm,like many otheral-
gorithms[5] [7], haschosenthesecondmethod,becauseit
seemsthe besttradeoff betweenrobustnessandcomputa-
tional complexity. However, we will take into accountin-
formationof theotherscanlinesby propagatinginformation
betweenthem.

Our stereoalgorithm hasa numberof speci�c proper-
ties. Thealgorithmis basedon thehierarchicalsolutionof
thecorrespondenceproblem.Usingthis approach,we will
show that the complexity decreasesfrom
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� , where W and H representrespectively the
width and height of the pictures. Note that the com-
plexity becomesindependentof the disparitysearchrange

	

��
������ . The algorithmoffers a signi�cant advantageover
otheralgorithms,especiallywhenthissearchrangeis large.
[12] [8]

Anotheradvantageof this hierarchicalapproachis that
thememoryusagecanbegreatlyreduced.Theacceleration
discussedabove doesnot leadto an explosionof memory
usage. As will be explainedin the following paragraphs,
ratherthecontraryis true. Consideringthat todaythebot-
tlenecklies in thememorybandwidthandthecachesizes,
this is very importantin implementingthealgorithm.Even
for large images(1500x1500),it usesonly a 100kbyte,so
thatit �ts easilyinto Pentiummemorycaches.

This algorithmis a candidatefor real time implementa-
tion, asit offersa goodtradeoff betweenspeedandquality.
Becauseof the gain in speed,it waspossibleto usemore
complex and computationintensive cost functions. Sec-
ondly, becauseof decouplingbetweenalgorithmandcost
function,severalcostfunctionscouldbetested.

The paperis structuredasfollows. First a formal prob-
lem de�nition is given. In sectionthree,a treesearchal-
gorithmthathasbeenusedasa startingpoint for this work
is given.In thenext section,anef�cient hierarchicalimple-
mentationis developed,followedby its complexity analysis
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in section� ve. In sectionsix, thesymmetryof thealgorithm
is discussedandthe algorithmis slightly modi�ed to pro-
vide thissymmetry. In sectionseven,acomparisonis made
with known solutionsfrom litterature. Finally, resultsand
conclusionsarepresented.

2. ProblemDe�nition

In thissection,we�rst introducesomeimportantde�nitions
thatareusedtroughoutthispaper. Then,wediscussthecost
functionandgomorein detailaboutoneof its components,
thedissimilarityfunction.Weendupwith aformalproblem
de�nition.

Match sequence The correspondenceproblem, that we
aretrying to solve, searchesfor matchesbetweenleft and
right image.A matchis noted ���

�

����� ���!��"

� , �!��� is
theindex of thepixel in theleft imageand � �#" is thepixel
index in theright image.Thedisparity

	

of amatchmustlie
between2 prede�nedconstants,aspostulatedby constraint
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It is importantto haveacloserlook attheseconstraints.The
�rst constraintC2 expressesthat no pixel canever belong
to 2 matchesin thesamematchsequenceandan ordening
constraintis imposed.ConstraintC3imposesthatthematch
sequencemaynot containgaps.If thereis a matchM, then
eitherthenext pixel in theleft, or thenext pixel in theright
scanlinemust be matchedto the matchfollowing M. We
saythatthematchsequenceis completeif alsothelastpixel
of left and/orright scanlineappearsin the (last)match. In
Figure1, an exampleis given to clarify thesede�nitions.
Thematchsequenceusedin theexampleis:
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Insteadof codingamatchsequenceasgivenin theexample
above,onecanaswell just codethedisparitiesin whatwe
call a

	

2nm�o;p;q1o�rts�o . The disparitymapconsistsof noth-
ing elsethanall

	

2nm#o;p;qNo�rts�o�m . The
	

2nm�o�p;qNo�rts�o that

Figure 1: Graphicalrepresentationof a match sequence
with a left and a right occlusion. The left scanlineis on
top. Thecorrespondingdisparitiesarealsoindicated.

correspondswith theexampleabove is1:
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Cost function Oncewe de�ned a matchsequence,a cost
canbeassociatedto it. As saidin theintroduction,thecost
functionconsistsof 3 components(Theintensityof theim-
agesis representedby I.):
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’ For eachunoccludedpixel, a costthatequalsthedis-
similarity between2 pixelsis takeninto account.This
dissimilarityfunctionis discussedbelow in detail.

’ If thepixel is occluded,acostequalto
ˆ

is counted.In
contrastto otheralgorithmsin theliterature [4], larger
occlusionsare(linearly)moreseverelypenalized.Left
occlusionsaretaken into accountin the secondsum-
mation,while right occlusionsarein thethird summa-
tion.

’ Thelasttermtakesinto accounttheverticaldimension
in the image. If this

	

2Qm�o;p;qNo#rts�o differsa lot from
thescanlineabove,its penaltywill behigher. Thisterm
is alsoscaledby anintensitygradientfactor Ž“•

• that
decreasesthis penaltyif thereis a largevertical inten-
sity gradientnearthe pixel underconsideration.This
is an inter-scanlinepenaltywith far lower complexity
thandescribedin previouswork [3], but with compa-
rableperformance.Theintensitygradients ”�•#–

�#�˜—

”�™

are

1The underlineddisparitiesareinterpolated.This is necessaryfor the
hierarchicalimplementation.
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easilycalculatedusingtheSobeloperator. Theactual
functionusedis:
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Theparameter› is scaledsuchthata Sobeloutputof
70gives Žy•

• �

%

. Outputsabove1 areclipped.

Dissimilarity Function The dissimilarity function indi-
cateshow well (the neighbourhoodof) the pixel at posi-
tion xL matcheswith pixel xR. It is themostdominantterm
in thecost function. Threedissimilarity functionsaredis-
cussed.Eachtime, thedimensionof theneighbourhoodis
considered,becauseit is directlyrelatedto therobustnessof
thedissimilarityfunction.

1. The easiestdissimilarity function is to take the abso-
lutevalueof differencein intensities.
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Theadvantagesareits simplicity andspeed.Its prac-
tical useis very limited becauseit is not robust (0 di-
mensional).To make it morerobust,this valuecanbe
calculatedover a 2 dimensionalwindow. It is named
Sumof AbsoluteDifferences(SAD). The Sumof the
SquareDifferencescanalsobecalculated(SSD).

2. A secondalternative is a morecomplex dissimilarity
functionthat implementsa 2 dimensionalcrosscorre-
lationbetweentheneighbourhoodsof thepixelsunder
consideration[10]. It is implementedaccordingto fol-
lowing formula:
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Thisis themostrobustdissimilarityfunctiondiscussed
in this paper. Becauseof thenormalizationin thede-
nominator, it candealwith zonedifferencesbetween

Figure 2: Birch�eld' s dissimilarity measure: Ž
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left and right images,suchas global intensity varia-
tions. The biggestdisadvantageis its computational
cost. Attemptsto minimizethenumberof operations,
result in an explosionof memoryusage.With nowa-
day'scomputers,we shouldde�nitely avoid this.

3. Thelastdissimilarityfunctionpresentedhereis theone
describedby Birch�eld [6]. This dissimilarity func-
tion is insensitive to imagesampling. The latter phe-
nomenoncansigni�cantly changethe intensityvalue
of a pixel where the intensity function is changing
rapidly. Most stereoalgorithms[7] [13] just work at
pixel resolution,so it is importantto usea dissimilar-
ity function thateliminateserrorsdueto sampling. It
is illustratedin Figure 2. First we calculate Ž
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and
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, the linearly interpolatedintensitieshalfway be-
tweenxR and its neighbours. Actually, Birch�eld' s
dissimilaritymeasureis looking for theminimumdis-
tancebetweenŽ
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polatedintensitycurve in an interval ¶·2
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��¸ is formed. The dissimilarity
measureD(xL,xR) equalsthedistancebetweenŽ

a

�

and
the nearestboundaryof this band. If Ž

a

�

is found in
theband,asillustratedin Figure2, D(xL, xR) equals
0. The sameprocedureis repeatedin which the left
imageis interpolatedto obtainasymmetricdissimilar-
ity measure.Thisdissimilaritymeasureperformsvery
well, andwill beusedindeedin our algorithm,unless
extra robustnessis needed.It needsonly 3 additions
per pixel in an ef�cient implementation.Furtherde-
tails canbefoundin Birch�eld' spaper. [6]

Problem De�nition Now, all the material is ready for
a formal problemde�nition: Find betweenall matchse-
quencesthatobey constraintsC1..C4,thesequencewith the
lowestcost,accordingto the cost function de�ned above.
Thecostof a scanlinecanbecalculatedincrementally, i.e.
onecanreusethe result if oneaddsa matchto the match
sequence.In thenext section,it is shown how thissequence
is found,makinguseof dynamicprogramming.
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Figure3: Stereotreewith thesuccessorsof match(0,0)and
match(1,0).

3. Treesearch algorithm
In thissection,wedescribea �rst solution,usinga treerep-
resentationin which the bestpath is found makinguseof
dynamicprogramming[2]. Thematrixstructurethatis used
to solve this optimizationproblemis also coveredin this
section.

Stereo Tree To describethe stereotree, we de�ne the
nodesandedges. Eachnodeis just a valid match,obey-
ing constraintC1. An edgeis de�ned by the constraints
of a matchsequence:betweenevery 2 nodesthat comply
with constraintsC2 andC3 exists an edge. It is not dif�-
cult to seethata kind of network is built betweenall pos-
sible matchesthat includethe �rst pixel (beginnodes)and
all matchesthathave thelastpixel of a scanline(endnode).
Theconstructionof thetreeis bestexplainedwith anexam-
ple (The 2 scanlinesusedarethe sameasin the introduc-
tion). Figure3 showssuchatree,with thematchesasnodes
in theshadedbullets. Thebeginnodesarefound in theup-
perrow andtheleft column.Also shown arethesuccessors
of match(0,0)andmatch(1,0). Also remarkthatthenodes
(xL, xR) areplacedin a specialcon�guration, namelythe
matrix with horizontalxL andverticalxR axis.This way, a
kind of bandmatrixfrom upperleft to bottomright corneris
formed.This is thesubjectof thenext paragraph.

Matrix Theimplementationuses4 matrices.First it is ex-
plainedusingindicesxL, xR, asin Figure3. Afterwards,it
will beexplainedhow atransformationof xL, xR is applied
yieldingFigure4.

’ Every node
�

.50€�f.54

� has its own matchcost,calcu-
latedby thedissimilarity function. Becausethis func-
tion canbe quite expensive from computationalpoint
of view, it is calculatedbeforeandstoredin matrix ¹ .

’ Every nodehasoneandonly onepredecessor, by the

Figure4: The 4 compressedmatricesº ��� , º¼» , ¹ and ½ .
The�lling hasjust started.

de�nition of thetreestructure.Thispredecessorcanbe
unambiguouslycharacterizedby its

�

.50¿¾À�•.14ƒ¾

� num-
bers. That's why we need2 othermatricesº ��� and

º ��" thatstore.50 ¾ , respectively .14 ¾ of eachnode.

’ Becauseeachnodehasonly onepredecessor, thisnode
alsocharacterizesthepathfrom oneof thebeginnodes
to thatnode. The pathcostof thatpathis storedin a
4thmatrix ½ , thus ½

�

.10€�f.54

� = { (MS).

The matricesare�lled top-down, the endnodewith the
lowestcost ( ½ ) is selectedand trivial backtrackingis per-
formedto �nd thebestpath.

To bemorememoryef�cient, only thediagonalbandof
thematricesis stored.In fact, this is equivalentto a trans-
formationby which the .54 axis is transformedinto the

	

axis.Thisway, implementationis farmoreef�cient andthe
	

2/m�o�p;qNo�rts�o canbe directly readout from the ½ matrix.
The4 compressedmatricesareshown in Figure4, whenthe
�lling hasjuststarted.Notethespecialpatternby whichthe
successorsof node(0,0)canbefound.

4. Hierar chical implementation
The complexity of this algorithm is
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� , as
will be shown in the next section. In this section, we
develop a hierarchicalimplementationof the above algo-
rithm, which will beshown to have a complexity indepen-
dentof
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������ . We �rst needto introducetheconceptof an
¥6zªzªm�o#Á

	

2�m�o;p;qNo#rts�o .

Offset stereotr ee An offsetstereotreeis anormalstereo
tree,but thenumberof allowednodesis limited by anextra
constraint:
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Figure5: Overview of thehierarchicalstereocalculation.

This meansthat the nodes that are allowed must have
a disparity in the interval ¶
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¸ , aroundagivenoffsetdisparity. Thisoffsetdis-
paritysequence

u
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� is given.How it is calculatedis
subjectof thenext paragraph.

Hierar chical calculation of the disparity map As al-
readysuggestedin theintroduction,this offsetdisparityse-
quenceis the resultof thedisparitycalculationat a higher
(downsampled)level. We assumein this paperthatdown-
samplingis alwaysdoneby a factor2 in 2 dimensions.An
exampleof one scanlineis given in Figure 5, where the
scanlinesof the sameexample are usedagain. Both of
themaredownsampledby which thedisparitysearchrange
halves.Then,our algorithmis executedwith an initial off-
setdisparitymap,which is chosenall-zero. 2 The result
(in ourexample,all ones,but this is coincidence)is upsam-
pledafterwardsandmultiplied by 2. This

	

2[m�o;p;q1o�rts�o is
thenusedasan ¥6zªzªm�o#Á

	

2�m�o�p;qNo�rts�o in our next run at the
original level in a
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¸ . Fromnext section,it
will beclearthatexecutingthealgorithmtwicewith asmall
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Next, thememoryrequirementsfor the4 matricescanbe

reducedfurther by usingthe relative
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axis insteadof the
absolutedisparity

	

. Thealgorithmis programmedin such
waythatthe ¥6zªzªm�o#Á

u

d
Ã sequenceis readfrom thedispar-

ity map,usedto calculatean updated(re�ned) mapusing
our4 matricesandrewrittenin thesamedisparitymap,after
beinginterpolated.The4 matricesareshown in Figure6.

One questionremainsunanswered:What's the largest
re�nement that's allowed, i.e. what's the choiceof

	;Â=)+*

� ,
	#Â‡)




� ? As alreadysuggestedin [9], this dependson the
disparityestimationerror in eachlevel. Experimentshave
shown that this error is below 1.5 pixel. In the previous

2If a raw disparitymapis available,it canbeusedhereasoffsetdispar-
ity map.

Figure6: The 4 reducedmatricesusedin the hierarchical
stereocalculation.

upsampledlevel, this errorcorrespondsto 3 pixels. That's
why we choosetheconstants
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Disparityerrorsup to 3 pixelswill becorrectedin a lower
level. As a consequence
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5. Complexity Analysis
Reduction of complexity As already discussed in
Birchield's thesis [4], the complexity Ç of the non-
hierarchicalalgorithmis proportionalto the squareof the
disparity searchrange. L representsthe numberof times
downsampling is applied. (L = 0 representsthe non-
hierarchicalalgorithm.)
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Downsamplingonce
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An analyticalexpressionfor thecomplexity Ç
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� , func-
tion of L, canbefound.It reachesauniqueglobalminimum
for 0[�c0
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. Thisoptimalnumberof levelsis only a func-
tion of the initial disparitysearchrange
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So, if
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������ is large enough,we claim that the com-
plexity is independentof thedisparitysearchrange.This is
illustratedin Figure7 whichshowsalogarithmicplot of the
complexity Ç versusL. Thetestsareperformedonlargeim-
ages:1404x1092.The�gure comparesthecalculatedcom-
plexity with experimentallymeasuredruntimesfor 4 values
of the disparity range
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Thisdisparityrangewill becorrected(andenlarged)while upsamplingand
re�ning thedisparitymap.
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can see,the theoreticalcurves (solid without bullets) de-
creaseexponentiallytowardsan almostconstantcomplex-
ity, wherethey reacha uniqueminimum. Practicalresults
(dashedwith bullets) show the sametendency. All these
minima for a varying
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Equation12, areconnectedby the solid line, that reaches
asymptotically
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We endthis sectionwith a practicalimplementationfor

calculatingthe optimal level of downsampling. The real
formula, a result of the analytical optimization problem
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A goodapproximationof thiscurve is givenby:
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This is nothing else than the result of the solution of
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. So we keepon downsamplingas
longas
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6. Symmetry

Recently, thefocusof ourworkhasshiftedtowardsthesym-
metry of the algorithm. Symmetrymeansthat the same
matchsequenceis found if the left andtheright imageare
swapped.If we considerFigure1 againandif we swapthe
images,would thesamematchsequencestill befound?To

have a symmetricalgorithm, 3 conditionshave to be ful-
�lled. First, thecostfunctionandthecorrespondingdissim-
ilarity functionmustbesymmetric.Thedissimilarityfunc-
tions that arepresentedin this paperaresymmetric. The
costfunctionof Equation16 is assymetricdue to the last
term. A modi�ed symmetriccostfunctionis given in the
following equation.
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Secondly, the samenodesmust be consideredin the
searchtree. Figure8 shows that this is not thecasefor the
algorithmdescribedbefore.In this �gure, thesearchtreeis
shown neara left occlusion. In the right image,whenthe
left andright imageareswapped,thematchesareindicated
in gray. In the left image,thesamematchesasin theright
imageareconsidered(gray), but thereare alsoadditional
ones(darkgray).This is becauseof theverticaldirectionof
re�nement.To avoid this, theboundarygivenby constraint
C5(Equation9) mustbemoretight nearanocclusion.Cur-
rentwork consistsin swappingthis directionof re�nement
in thepresenceof occlusions.

Third, thesamesearchtreemustbe built duringexecu-
tion of the algorithm. This meansthat in caseof an am-
biguity (2 pathswith the samecost), the samepath must
betaken,independentlyof which imageis considered�rst.
This meansthatat every stagein thesearchalgorithm,we
will makeaharddecision.Nevertheless,theexistenceof an
ambiguityprovidesuswith extra informationregardingthe
reliability of thatmatch.We will call this soft information,
in contradictionwith theharddecisionthatmustbetaken.

Figure8: Symmetricnodesmustbeconsidered.
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7. Comparison
It is instructive to compareour stereoalgorithmwith other
stereoalgorithms.First, it is comparedwith thealgorithm
of Koch [12] and Falkenhagen[10]. They developedan
algorithm that searchesfor correspondencesby matching
blocks(for instanceNCC). Local boundaryconditionsare
takeninto account,butnoglobalcostfunctionisminimized.
Interpolationof disparitiesis non-existent. To increasethe
robustnessof thelocal optimisationproblem,andto reduce
thecoronaeffect, oneestimatesthedisparityin a largere-
gion(largerobustblockcomparison),afterwhichthesedis-
paritiesarere�ned with smallerblocks.Althoughthis kind
of hierarchyis comparablewith the oneusedin our algo-
rithm, it arisesfrom a fundamentallydifferentreason,i.e. a
lack of robustnessof the local optimisationproblem. It is
importantto seethat theaccelerationof our algorithm,un-
dercertainconditionsprovenbyBirch�eld [6], hasnoeffect
ontheoutcome!Thecomplexity of thealgorithmdescribed
in [10] is

������� �Ä� 	6
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Secondly, our algorithm is comparedwith Birch�eld' s

algorithm [4]. A modi�ed versionis implementedin In-
tels' OpenCV. The core of this algorithm is very similar
to our algorithm, but there is a major differencein how
the accelerationis performed. Birch�eld' s fast algorithm
(complexity

���‰��� ��� 	

��
������

ß®àyá1�‰	

��
������

�•� ) usedamethodto
prunebadnodesin thesearchtree.Thedisadvantageis that
theexactminimum(bestpath)is no longerguaranteed,and
to achieve anacceptableminimum(path),extra constraints
are put on the cost function. It can no longer be chosen
independentlyof thealgorithm,andBirch�eld hadto post-
poneseveraltasksto apostprocessingstep.For instance,in
Birch�eld' s algorithm, propagationof disparitiesbetween
scanlines,intensitygradientinformationandprocessingoc-
clusionsaredoneduring postprocessing.To make all this
happen,a lot of postprocessingparametersareusedwithout
rulesto tunethem.

Finally, a comparisonis madewith theclassof mincut-
max�ow stereoalgorithms[8] [15]. We comparedour al-
gorithm with the implementationof Roy andCox [8]. A
complete2D optimisationproblemis solved, making use
of mincut-max�ow problem. The algorithm offers high
quality disparitymaps,comparablewith the oneobtained
by our algorithm. The disadvantageis its complexity
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�•� andits memoryuse(more
than3.5 Gbyte for Mars imagesgiven in the Resultssec-
tion).

8. Results
The �rst example is provided by ESA (EuropeanSpace
Agency). Figure9 shows imagesof the testbedof Mars'
surface.Thesearelargeimages(1404x1092)with largedis-
parity ranges(500andmore).Thiswastheactualreasonto

searchfor a new algorithmwhich resultedin thehierarchi-
calalgorithm,sincemostexistingalgorithmsfailed.This is
agoodexampleto illustratethememoryneedsandspeedof
ouralgorithm.Theimagesweredownsampled4 times,and
the total processingtime did not exceed70 seconds.The
amountof memoryusedwas150kbyte.Becauseof imper-
fectionsof thecameras,yielding an intensitypro�le in the
images,the moreexpensive NCC dissimilarity function is
used.

Figure9: Mars images. Original left andright imageare
shown at thetop. Thedisparitymapis presentedat thebot-
tom left anda detail of the disparitymapneara stoneon
Mars' surfaceis shown at thebottomright.

A secondtestcaseincludesa setof imagesof theAren-
bergcastlein Leuven. Thesetwo images(792x635)canbe
foundat thetop of Figure10. It is a goodexampleto show
the accuracy of the disparitymap.Thereare lots of depth
discontinuitiesand lots of details. The hierarchicalalgo-
rithm achievessharpedges(roof, crenels,...) anda good
overallquality. Thetotal runtimeis 16seconds.4

A third testcaseincludesa set of imagesof an Indian
temple(Figure11). Lotsof smallocclusionsanddepthdis-
continutiesarepresentin the images.Again, theaccuracy
of thedisparitymapis very high. Many details(ornaments,
faces,hair, ...) areclearly visible in the 3D modelwhich
shows alsoa goodoverall quality. The total runtimeis 30
seconds.

Thenext imageis providedby theUniversityof Tsukuba

4Thetestswereperformedonanintel PentiumIIIworkstation700MHz
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as a datasetfor testingaccuracy. The depthmap ground
truth is also given in Figure 12. A lot of details, includ-
ing the camerain the background,are visible in the dis-
paritymap.Becauseof thesmall images(384x288),down-
samplingwasnot neededduring theexecution,that took 4
secondsof processingtime.

The last imageis provided by the Microsoft Research,
again as a datasetfor testing accuracy. The depth map
groundtruth is also given in Figure 13. The black spots
in the disparitymaprepresentocclusions. In previous im-
ages,they were interpolated. Becauseof the large occlu-
sion presentin the image,this is not donehere. The im-
ages(284x216)aredownsampledonly onceduringexecu-
tion thattookonly 2 secondsof processingtime.

9. Conclusion

The algorithm presentedin this paperis basedon the hi-
erachicalsolution of the stereocorrespondenceproblem,
using subsampling. The complexity is

������� �

� , which
is independentof the disparityrangeand lower than other
classicalstereoalgorithms which have a complexity of

���‰��� ��� 	�
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� . A careful implementationyields mini-
mum memory usage,so that the computation�ts in the
cacheof mostmodernprocessors.Thedisparitymapsshow
ahighquality, thanksto anew andmorecomplex costfunc-
tion. This cost function is completelydecoupledfrom the
optimisationproblem,soit is easyto switchcostfunctions
to makea tradeoff betweenqualityandexecutiontime.
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Figure10: Imagesfrom the'Arenbergkasteel'Original left
andright imageareshown at the top. The disparitymap
is presentedin themiddle togetherwith a 3D modeland2
detailsof this model.

Figure11: Imagesfrom anIndiantempleOriginal left and
right imageareshown at thetop. Thedisparitymapis pre-
sentedin themiddletogetherwith a3D modeland2 details
of thismodel.
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Figure12: Tsukubadatasetfor testingaccuracy. Original
left andright imageareshown atthetop. Thedisparitymap
is presentedin themiddle. The groundtruth canbe found
at thebottom.

Figure13: Slanteddatasetfor testingaccuracy. Original left
andright imageareshown at thetop. Thedisparitymapis
presentedin themiddle. The groundtruth canbe foundat
thebottom.
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