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Abstract

Dynamicprogrammingon a scanlineis oneof theoldest
andstill popularmethoddor stereocorrespondencéNhile
efficient, its performances far fromthe stateof the art be-
causethe vertical consistencyetweerthe scanliness not
enforced. We re-examinethe useof dynamicprogramming
for stereo correspondencéy applyingit to a tree struc-
ture, as opposedo the individual scanlines.The nodesof
this tree are all the image pixels, but only the “most im-
portant” edges of the 4 connectedheighbourhoodsystem
are included. Thusour algorithm is truly a global opti-
mizationmethodbecauselisparityestimateat onepixel de-
pendson the disparity estimatest all the other pixels,un-
like thescanlinebasedmethodsWe evaluateour algorithm
on the bentcimarkMiddlelury database Thealgorithmis
veryfast, it takesonly a fraction of a secondfor a typical
image. Theresultsare consideably betterthanthat of the
scanlinebasedmethods While the resultsare not the state
of theart, our algorithm offers a goodtradeoff in termsof
accuracyand computationakfficiency

1 Intr oduction

Stereocorrespondencis aninherentlyambiguousgprob-
lem. To reduceambiguitiesmostalgorithmsmake assump-
tionsaboutscenggeometry Onereasonablandcommonly
madeassumptions thata sceneis piecavise smooth. This
implies that the recovered stereocorrespondencenap d
shouldalsobe piecavise smooth.

Therearemary waysto implementthe requiremenbf a
piecavise smoothdisparity map, see[19] for an excellent
review of stereaalgorithms.Usingtheterminologyof [19],
onepopularapproaclhis calledglobal optimizationandit is
basedn directly optimizinganobjectie function.

In global optimization the constraintson the disparity
mapd areformulatedinto anobjective function E(d) which
is thenminimizedoverall imagepixels. A typical objective

functionhasthefollowing form:
E(d) = Edata (d) + AEsmooth (d) (1)

The dataterm, F4.;, penalizesary disagreemenbf the
disparity map d with the obsened data. Thatis Fy,;, IS
smallif the pixelsthatd putsin correspondenckave sim-
ilar intensities,andlargeif the pixelsthatd putsin corre-
spondencadliffer significantlyin intensities. The smooth-
nessterm, E,,..otn Measureshe extentto which d is not
piecavise smooth. For computationalfeasibility, in most
methodsE,, ..., Measureshedifferencein disparityonly
betweerthe pixelsthatarethe nearesnheighbourson the 4
connectegixel grid.

Exceptfor somespecialcaseq18, 13], optimizing the
enegy functionin 1 is NP-hard. We will breakthe global
optimizationmethodsin two groups: the 1D optimization
methodsandthe 2D optimizationmethods.

The 1D optimizationmethodq1, 16, 8, 19 canbeseen
as drastically simplifying the objective function in equa-
tion (1). They enforcepiecavise smoothnes®nly in the
horizontaldirection,and so the optimizationis reducedto
onedimension.Thatis the Es,,0t1(d) doesnotcontainary
termsbasedn neighbouringixelsin theverticaldirection.
Assumingthattherearen scanlinesthe enegy functionin
equation(1) canbewritten asa sumof n enegy functions,
onefor eachscanlineandeachonecanbe optimizedsepa-
rately from the others.This optimizationcanbe performed
efficiently andexactly usingdynamicprogramming.

We shouldclarify that traditionally the methodswhich
we herecall 1D optimization methodsare called the dy-
namic programmingmethods andthatthesemethodstyp-
ically startby formulatingthe objective functionon anin-
dividual scanliné, without ever formulating a global ob-
jective function of the type in equation(1). However ary
suchdynamicprogrammingmethodcanbe trivially refor-
mulatedwith a global objective function, andit is corve-

1The ScanlineOptimizationmethodof [19] wasthefirst methodwhich
directly formulatedenegy functionon anindividual scanline asfar aswe
areaware.



nientfor usto referto themas1D optimizationmethodgo
emphasisehe one dimensionalnatureof the optimization
that they perform. The 1D optimizationmethodsare not
truly global optimizationmethodshecausehedisparityes-
timate at a pixel dependsonly on the disparity estimateof
pixelson the samescanline but is completelyindependent
of thedisparityestimate®n the otherscanlines.

Theperformancef 1D optimizationmethodss farfrom
the stateof the art[19], sincepiecavise smoothnesf en-
forcedonly in the horizontaldirection. Themostnoticeable
artifactwhich distinguisheghe resultingdisparity mapsof
such methodsis the horizontal “streaking” which results
from the lack of coherencen the vertical direction. Most
methodq16, 2, 4] try to improve resultsby postprocessing
betweerthescanlineswith variousdegreesof successThe
adwantageof the 1D optimizationmethodsis thatthey are
simpleto implementandareefficient.

The 2D optimization methods enforce piecavise
smoothnes both horizontalandvertical directions. Tra-
ditional 2D optimizationapproaches$o approximated in-
clude simulatedannealing[12], continuationmethodg[3],
mean-fieldannealing11]. While interestingfrom the the-
oretical point of view, thesemethodsareratherinefficient.
Recently graph-cutg6, 15] and belief propagatiormeth-
0ds[20, 9] have beenappliedquite successfullyto optimize
equation(1). Thesemethodsarerelatively efficientandpro-
duceexcellentresultsaccordingto the recentsterecevalu-
ation on datawith groundtruth conductedby [19]. Still
thesemethodsare far from real time, andtheir theoretical
compleity is not quiteclearbecausé¢hey areiterative.

The motivation behindour work is to usethe powerful
and efficient optimizationtool provided by dynamic pro-
gramming but applyit to a structuremoresuitedto enforce
piecavise continuity than a scanline. Dynamic program-
ming canbe appliedto graphswithout loops,in particular
to trees[17]. Dynamicprogrammingon atreeis almostas
efficientasthaton aonedimensionahrray

It is bestto minimizetheenegy in equation(1) ona 2D
grid, but it an NP-hardproblemin general. If we think of
1D optimizationalgorithmsas using a collection of scan-
lines to approximatea grid, thenthis is an obviously poor
approximation.A treestructureis a significantlybetterap-
proximationto a 2D grid. Thefirst (small)advantages that
atreecontainsm — 1 moreedgesof the original grid than
thecollectionof scanlineswherem is the numberof rows.
The secondmoreimportant,advantageis thatsinceatree
structureis connectedthe estimateof disparityat onepixel
dependsn the estimateof disparityat all the otherpixels.
Thusdynamicprogrammingonatreeis atruly globalopti-
mizationalgorithm. Contrastthis with the individual scan-
lines approximationto a grid, wherethe disparity at one
pixel depend®nly on pixelsatthe samescanline.Thelast,
andthemostimportantadvantages thatoutof hugenumber

of possibletree structuresve canchoosethe treestructure
which contain“most important” edgesof the grid. Con-
trastthis againwith the individual scanlineapproximation,
wherethereis nochoicebut to take all thehorizontaledges.

Our algorithmis not a 1D optimizationmethodbecause
it operatesacrosshoth vertical and horizontaldimensions.
However it is alsonot a true 2D optimizationmethod,be-
causdt operate®nly amongthe choserdirectionsin the 2
dimensionsthatis thedirectionsgivenby thetreestructure.

Our algorithmis simpleto describeandimplement.We
start with modelling an objective function of the type in
equation(1). Ideally, it hasto beoptimizedonagraphstruc-
turewhich is a grid of pixels. However dynamicprogram-
ming is not applicableto a grid. Thuswe removethe”least
important”edgedrom this grid until theremaininggraphis
atree,andthenwe apply the dynamicprogrammingo the
resultingtree. The mostimportantandinterestingquestion
is what arethese"leastimportant” edgesfor our problem.
We presenpossibleapproache® thisquestionn section3.
For now we just saythatthesearethe edgeshetweemixels
which arelesslik ely to have the samedisparity

To implementdynamicprogrammingefficiently, we use
the methodsdevelopedby [10]. Typically, if atreehasm
nodesandthenumberof possibledisparityvaluesis h, then
the straightforvard dynamic programmingtakes O(nh?)
time. However for a certainrestrictedbut still quite useful
type of enegy functions,the runningtime canbe reduced
to O(nh), whichis the complexity of our method.

Recentlytreestructuredave beenusedfor enegy mini-
mizationin tree-raveightedmessagpassingsee for exam-
ple[21, 14]. Theseapproachearequite differentfrom our
work, they arebasedon iteratively passingree-raveighted
messagesand in certain casesthere are someoptimality
guaranteesOur approachs muchsimpler but alsomuch
moreefficient.

We evaluateouralgorithmonthebenchmarkviddlebury
databaseTheresultsfall in the middle range,asexpected.
The stateof the art resultsare given by the more compu-
tationally costly 2D optimizationalgorithms. Our results
are by far betterthanthoseof methodsbasedon 1D opti-
mization. Therunningtime is excellent,just a fractionof a
secondor theimagesin this databaseThusour algorithm
shouldbe suitablefor arealtime implementation.

This paperis organizedasfollows. We startin section2
by explaining how dynamic programmingcan be imple-
mentedefficiently using methodsin [10] . In section3
we discusshow we choosea tree structure. In section4
we presenbur experimentalresults.Futurework is in sec-
tion 5.



2 Efficient Dynamic Programming ona Tree

In this section,we first describethe enegy functionwe
canoptimize,thenwe shav how to optimizeit exactly with
dynamicprogrammingon a tree,and lastly we shov how
we usemethodsn [10] to significantlyreducethecomplex-
ity for arestrictedtypesof enegy functions.

2.1 Energy Function

LetG(V, E) beatreegraphwith verticest” andedgesF.
By definition of atree,verticesareconnectedandthereare
no cycles. All pixelsof theleft imageform the verticesin
V. Fortheedges¥, we chooseonly asubsebf thestandard
4-connectedyrid formed by the edgesbetweenthe pixels
which arethe nearesheighboursn theimage. This subset
is chosersothatit formsatree,we give detailsin section3.

We cannow write theenegy in equation(1) thatwe op-
timize on a tree structuremore explicitly. We matchpix-
elsin the left imageto the pixelsin theright image. Thus
our setupis not symmetric,unlike mostscanlinebaseddy-
namicprogrammingalgorithms.We alsodo not handlethe
uniquenessindorderingconstraints: Thisis a smallprice
to payfor the muchimprovedaccurag. Let p beapixelin
theleft imageandd, bethevalueof disparitymapd atpixel
p. Letm(d,) bethematchingpenaltyfor assigningdispar
ity d, to pixel p. For example,m(d,) canbethe absolute
differencebetweerthepixel p in theleft image,andpixel p
shiftedby d,, in therightimage. In our framework, m(d,,)
canbe arbitrary We describethe m(d,) thatwe actually
usein section4. Thedatatermin equation(1) canbe now
writtenas} i m(dp).

Let s(dy, d,) be the smoothnespenaltyfor assigning
disparitiesd, andd, to p and ¢ which are connectedoy
anedgein our graph.To enforcesmoothnesen thedispar
ity map, s(dp, d,) shouldbe a monotonicallynondecreas-
ing functionin the absolutedisparity difference|d, — d|.
To presere discontinuitiesin the disparitymap, s(d, dq)
shouldnot grow too big sothatthe penaltyfor alarge dis-
continuity is not prohibitively heavy. In our framework,
s(dy,d,) canbe arbitrary but somechoicesof s(d,, d,)
leadto moreefficientimplementationWe will furtherdis-
cussour choicefor s(dp, dg) in section2.3. The smooth-
nessterm for the whole image can be now written as
Z(m)EE s(dyp, d,). Thustheenegy functionthatwe seek
to optimizeis givenby equation(2).

E(d)=Y m(dy)+X Y s

peV (p.9)EE

s(dp, dy) (@)

2Loosingthe orderingconstraintis actuallynot a loss,in our opinion,
sincethe orderingconstraintis violatedin practice. Most dynamicpro-
grammingalgorithmsusethe orderingconstraintfor efficient handlingof
symmetricstereacorrespondenc®rmulation.

2.2 Optimization with Dynamic Programming

Dynamicprogrammingon a treeis atrivial generaliza-
tion of dynamicprogrammingon a linear array structure.
Wefollow [10] in describinghow it canbedone.Letr € V
be the root vertex of our tree. Obviously the minimum of
the enepgy in (2) is independenbf the choiceof r. Since
the dynamicprogrammingalgorithmpresentedn this sec-
tion finds the minimum of the enegy in 2, ary choiceof r
leadsto the samesolution? Let depthof the r be 0, and
depthof all otherv € V' bethe numberof edgesbetween
therootr andv ontheshortespathbetween- andv.

Eachnodev, excepttheroot, hasa parentp(v), andthe
depthof p(v) is equalto the depthof v minus1. If nodev
is not a root, thenthe minimum value of the enegy in (2)
onthesubsebdf thegraphconsistingof asubtreeootedat v
andthe edgebetweeny andp(v) canbewritten recursiely
asafunctionof d,, (thedepthassignedo p(v)):

( (do) + 5(dydp(ey) + Y Euwl(d )

weCy,

3)
whereC, is the setof childrenof v. Let L,(d,,)) bethe
optimum disparity assignmento v asa function of d,,,,.
It canbe definedby replacingmin with argmin in equa-
tion (3).

Theoptimaldisparityassignmentor therootnoder can

bewritten as
+ > By ) 4)

L} = arg min (
dr€D =

If v is aleaf node(thatis the nodewithout children),then
C, isempty Thereforefor aleafv, functionst, andL, are
not recursve and canbe evaluateddirectly. Let M bethe
maximumdepthin thetree. The optimizationof theenegy
in equation(2) startshy evaluatingthefunctionst,, and L,

for eachnodev atdepth)M. Now we canevaluateF, and
L, for all the nodesat depthM — 1 becausery child w

of suchanodehasdepth/, andthereforewe have already
evaluatedr,, andL,, atthepreviousstep.We proceedeval-

uatingE,, andL,, in orderof decreasinglepthuntil theroot
is reachedOncetherootis reachedye cancomputeits op-

timal disparityassignmentThenwe usethe optimal value
attherootandgodownthetreein orderof increasinglepth,
computingtheoptimaldisparityassignmentfor eachnode,
usingthealreadycomputedunctionsL,,.

If histhesizeof setD, thencomputingl, andE, takes
O(h?) time each,becausdor eachpossiblevalueof d,,,,
we haveto cycleoverall possiblevaluesof d,, whensearch-
ing for minimumin equation(3). Thustheoverallcomple-
ity is O(h*n), wheren is the numberof nodesin thetree.

Euldy) = iy

3Unlessthe global minimum is not unique,in which casechoice of
differentrootscouldleadto differentsolutions but eachof thesesolutions
givesaglobalminimumof theenepgy function.



The 1D optimization methodsalso have theoreticalcom-
plexity O(h?n). However dynamicprogrammingon a tree
is slightly slower in practice,becausdreetraversalis less
efficientthananorderedarraytraversal.

2.3 Improving Efficiency

For largerh, compleity O(h2n) is notdesirable We use
the methodsin [10] to significantly reducethe complexity
of dynamicprogrammingor arestrictedtypesof enepies.
In particular considerthe following smoothnespenalty:

0 if d,=d,
wpq  Otherwise

sp(pd,qa) = { (5)

This sp(pg, qq) is often usedfor enegy basedstereocor
respondencés, 9], andis a simple discontinuitypreserv-
ing smoothnesserm. We usesubscriptP to denotethat
sp(pd, qa) comesfrom thePottsmodelin Markov Random
Fields. Thereis no penaltyif neighbouringpixels are as-
signedthe samedisparity If neighbouringpixels are as-
signeddifferent disparities, then thereis a fixed penalty
wpq Whichis independendf |d, — d,4|. This penaltymay;
however, dependon the individual pixels p and ¢ as ex-
pressedy coeficientsw,,. We have usedsp to evaluate
our algorithm, althoughary enegy function of the type in
equation(2) canbe used. Note that the efficiency of dy-
namicprogrammingcanbeimprovedfor moregeneralen-
ergy functions[10].

Let E¥(d) be the enegy function in equation(2) with
thesmoothnespenaltygivenby sp(pq, ¢4) in equation(5).
Forthisenepgy function,computatiorof L, and£,, in equa-
tion (3) canbereducedrom O(h?) timeto O(h) time. For
generalenegy functions E(d), given fixed disparity value
of the parentnoded,,, we have to searchover all possible
valuesof d, to find the one which minimizes E, (d,y(.,) ).
Considernow the enegy function given by E¥(d). The
smoothnesgenaltysp(d, (., d,) is binary, it is either0 or
aconstanindependenof d,,, andd,. Thereforethe opti-
mumdisparityfor the child v canbefoundin constantime,
without searchingover all possiblerangeof disparity val-
uesin D. We first computeis the disparityvalued,- which
minimizesm(d, ) + ZwECU E,(d,). Notethatd,,~ is inde-
pendenbof d, ) andcanbe computedn O(h) time. Then
for eachpossibledisparityvalueof aparentd, ., thereare
only two choicesfor the optimumdisparityassignmentor
v. Firstchoiceis thedisparityof theparent,d,,(,, in which
casesp(dy(.), dy) = 0 in equation(3). The secondchoice
is d,~, inwhichcasesp(dy(.), d,) # 0, unlessdy,,y = d-.

Thusfor eachnodew, both £, and L,, arecomputedn
O(h) time, andthe total complexity of dynamicprogram-
mingreducego O(nh), aconsiderablesaving for largerh.

3 Choosinga TreeStructure

The biggestadwantageof our algorithm over 1D opti-
mizationis thatwe getto choosethe subsef edgesover
which to optimizewith dynamicprogramming.This allows
to choosethe most“important” edgesfor our tree, rather
thanbeinglimited to all the horizontaledgesasin 1D op-
timization. This sectionexplainshow we find thesemost
“important” edges. We discusstwo possibletree choices,
namedrespectiely, theMID treeandthe MIDDT tree.

3.1 MID Tree

By includinganedgebetweerpixelsp andq in ourtree,
we are enforcingthe constraintthat pixels p and ¢ should
have similar disparities.Sincewe arelimited to atreestruc-
ture, unlike the 2D optimizationmethodswe mustchoose
asubsef edgeghatlink the pixelswhich aremostlikely
to have the samedisparitya priori. To find suchpixels,we
male useof the intensityinformation provided by the left
image. Let I(p) denotethe intensity of pixel p in the left
image.If neighbouringixelsp andg have similarintensity
valuesI(p) andI(q), thenthey aremorelikely to have the
samedisparitya priori. Thisis becauselisparitydisconti-
nuitiestendto align with intensitydiscontinuities.

Thus the first approachto choosinga tree structureis
quite simplebut works surprisinglywell. Let G’ = (V, E’)
beagraphwith verticesV consistingof all theimagenodes
andedgesE’ consistingof all the edgesbetweerthe near
estneighbouringpixels, thatis E’ is simply the standard
4 connectedyrid. For eachpair of neighbouringpixels p
andg, assignweightsv,, = |I(p) — I(¢)| to the edgebe-
tweenp andq. Constructhe minimumspanningreeof G’
andlet thattreeto be thetreestructurefor our algorithm:
Let us call sucha tree the minimum intensity difference
tree (abbreviatedthe MID tree),becausat is the treewith
theminimumsumof intensitydifferencesacrossheedges.
Sinceedgeweightswv,,, areintegersin a small range,the
edgesortingcanbeperformedn lineartime. Thereforethe
minimumspanningreecanbe computedn basicallylinear
time, seeary standardalgorithmsbook, for example[7].

Let uscomebackto our smoothnesgenaltysp(dp, d;)
in equation(5). For stereccorrespondencéheweightcoef-
ficientw,, is oftenmadeto be a monotonicallydecreasing
functionof intensitydifference/I(p) — I(q)|. Thisis done
with exactly the purposeof reflectingthe factthatdisparity
discontinuitiestendto align with intensity discontinuities.
Thusthelargeris the difference|I(p) — I(q)|, the smaller
is sp(dp,d,). Considera 2D optimizationproblemon a
grid with the enegy asin equation(2) and w,, setto be
amonotonicallydecreasindgunctionof intensitydifference

4The minimum spanningtreeis simply the tree that connectsall the
verticesof G’ andthe sumof its weightsis minimumout of all suchtrees.



|I(p) — I(q)|. We canregardatreestructureasanapprox-
imation to the the 2D grid. Thenour MID tree chooses
the edgesof the maximumweight as an approximationto
the 2D grid. Thisis reasonabl®ecausedgeswith smaller
weightsw,,, contribute lessto the enegy, andif we have
to remove ary edgesfrom thegrid, the edgeswith smallest
wpq Shouldbediscardedirst.

3.2 MIDDT Tree

Sincethenumberof edgess by far largerthanthe num-
ber of intensities,in ary image, there are large sets of
edgeswith the sameabsoluteintensity difference. Thus
therearelarge subsetf edgeswhich have equalweights
vpg = |I(p) — I(q)|. ThereforetheMID treeis usuallynot
unique, and the particularMID chosenfor our algorithm
will dependontheimplementatiordetails ratherthansome
meaningfulcriterion.

This leadsusto a moreinterestingchoiceof atreestruc-
ture. For the MID tree,we usedour prior beliefwhichwas
basedon a purelylocal criterion: if two pixelshave similar
intensities thenthey arelikely to have similar disparities.
We canextendthis criterionto a lesslocal one: the deeper
pixels p andq areinside a homogeneougmtensity region,
the morelikely they areto have the samedisparity This
prior belief is basedon obsenation that disparity discon-
tinuity is lesslikely to lie acrossa homogeneoumtensity
region. Of coursewe have to somehav define“deepinside
ahomogeneouregion”.

We usedistancetransform[5] to measurehow deepa
pixel p is insidea homogeneoumtensityregion. Let ¢ bea
thresholdonintensitydifference Let B bethesetof all pix-
elsin theimagewhichhavetheabsolutantensitydifference
with oneof its neighbourdargerthant. Thatis

B={p|

Thusthe set B consistof pixelswhich arenotinsidea ho-
mogeneoumtensityregion,andso B includespixelswhich
areright on the borderof a homogeneoustensityregion.
Now for a pixel p, define

D(p) = min dist(p, q), (6)

[I(p) — I(q)| >t for someneighbourg}.

wheredist(p, q) is thedistancebetweerpixelsp andq. We
usetheManhattaror block distancewhichis justtheabso-
lute differencean coordinate®f p andg. In thiscaseD can
be computedparticularly efficiently. For all pixels, D can
becomputedn justtwo passesvertheimage[5].

If D(p) islarge,thenit is insideahomogeneoumtensity
region. Let M = max, D. Defineedgeweightsu,, =
M — 1(D(p) + D(q)) andusetheminsteadof weightsuv,,
for theminimumspanningree algorithmin section3.1.

5abbreiatedMST

In practice,however, weightsu,,, work worsethanw,,
becausef the sensitvity to the parametert. Suppose€ is
too large. Considerthe extremecasewhent is equalto the
maximumintensity differenceobsenedin theimage,Sup-
posethatthereis only oneedgewith this maximuminten-
sity difference. Thenset B containsonly 2 pixels (those
with the maximumintensitydifferencebetweerthem),and
weightsu,, measureghe averagedistanceof p andgq to the
two pixelsin B, completelyignoringall the otherintensity
informationin theimage.

If ¢ is small, weightsu,, arereasonablebut thereare
mary edgeswith weight 0. Thus, again,thereare mary
possibleminimumT,, anda particularchoicewill depend
onimplementatioratherthansomemeaningfulcriterion.

We foundthatit is bestto combineedgeweightsv,, and
upq asfollows. Let v, bethemostimportantfactorandu,,,
bethesecondaryactorusedto breaktieswhenv,, is equal
for two or moreedges.Let k = max(, q)cpr Upg. Define
thecombinededgeweightsas

Cpg =k Vpq + Upg (7)

Thuswhensearchindgor the next edgeto insertin the span-
ning tree, we first selectedgeswith the smallestvalue of
vpq (thatis the edgeswith the smallestabsoluteintensity
difference)andary ties are broken by weightsu,,, thatis
theedgedeepeiinsidea uniformregion aregivenaprefer
ence. We call the resultingMST asMIDDT tree,because
we first usethe intensity differenceinformation, and then
the distanceransforminformation.

4 Experimental Results

For the matchingtermwe used
m(dy) = min{|L(p) — R(p —dp)|, 7},

whereL(p) is theintensityof pixel p in theleft image,and
R(p — dp) is theintensityof pixel p shiftedby disparityd,,
in therightimage,andr is aparameteusedto malke m(d,,)
robustto outliers. In practice we setr = 10. Our smooth-
nessterm, sp(d,, d,) is in equation(5). The parameter\
in equation(2), which measuregherelative importancebe-
tween Eyqiq and Egpootn Was setto 130. For the MID
versionof thealgorithm,thereareno additionalparameters
to set.For theMIDDT version,we usedt = 6.

We have testedour algorithmon the benchmarkMiddle-
bury databas§19].¢ Figure2 shavstheaccuray of our al-
gorithmsalongwith therankatthetime of evaluationin the
squarebraclets. Thereare4 stereopairs,namedTsukuba
Sawtooth Venusand Map, respectrely. The erroris com-
putedasthe percentagef pixelsfar from thetruedisparity

6We usedthe coloredimages gxceptthe Map, for which coloredimage
is notavailable.



(a) Tsukuba (b) Sawtooth

2laaing B

(c) Venus (d) Map

Figurel.

by morethan1. Thesestatisticsare collectedfor all un-
occludedimagepixels (shovn in columnall), for all unoc-
cludedpixelsin the untecturedregions (shovn in column
untex.), andfinally for all unoccludedmagepixelscloseto
adisparitydiscontinuity(shovn in columndisc).

As expected,the resultsfall in the middle range. The
MIDDT algorithm gives betterresults,andwas submitted
officially to the Middlebury databasd he rank of MIDDT
is 20 out of 36 algorithmscurrentlyin the database.The
disparity mapsfor the MIDDT algorithmare in figure 1.
Thereis verylittle horizontal“streaking”in theresults,but
thereis alsoallittle vertical“streaking” becauséehereis no
biasto eitherhorizontalor verticaldirections.

Our algorithmis very fasthowever, it runsin a fraction
of asecondor all theimagesin this databasewhereaghe
algorithmswhich do give the stateof the art performance
aremuchslowver andmostof themareiterative. Our algo-
rithm shouldbea goodcandidatdor realtime implementa-
tion.  TheMiddlebury databaséas2 new scenesvhich
have muchmorecomplex geometrycalledteddyandcones
Thesescenesare not includedinto the official evaluation
yet. Our results(computedon our own by excluding the
occludedpixels)are: for theteddyscenel 4.26% and&.9%
errorwith thresholdof 1 and2, respectiely; for the cones
scenel 2.81% andg.23% errorwith thresholdof 1 and2, re-
spectvely. Thereare4 methodshasedon 1D optimization
in theevaluationtable,andby a coincidencehey have con-
secutve ranks25 to 28, which is almostat the very bottom
of thetable. This direct comparisorof our methodto the
1D optimizationmethodsmay not be fair. Eachof the 1D
optimizationmethodausesa differentcostfunctionanddif-
ferenttypesof postprocessingo alleviate the “horizontal
streaking’artifacts. Thusthedifferencen performancée-
tweenour methodandthe 1D optimizationmethodscould
possiblybe dueto thedifferencesn the costfunctions.

To evaluateour methodon an equal footing with the
1D optimization, we implementedlD scanlineoptimiza-
tion with our objective function, but optimizedit on the
scanlinesinsteadof the tree. Now the objective functions

(a) Teddy

(b) Cones

Figure4.

areidentical (up to the parameters)andary differencein
theresultsis dueto the factthatwe optimizethe objective
functiononthetree,ratherthanthe scanlinesFor ouralgo-
rithm, we chosethe sameparametergor all theimagesin
thedatabaseandof coursethey werechoserto optimizethe
results.For the 1D optimization,eventhoughwe areusing
the sameobjective function, a differentset of parameters
will optimize the results. To make our comparisonmore
favourableto the 1D methodgandto decreas¢hetime for
manualparametersearch),for eachimagein the Middle-
bury databaseve foundthebestparameterseparatelyThis
would not be admissibldf we wereplanningto submitthe
resultsof 1D optimizationmethodto the databasefficially.
However it is perfectly acceptabldor our purposessince
we createa biasin favour of 1D optmizationmethodsbut
still will be ableto concludethatour methodis moreaccu-
rate. Theresultsfor this 1D optimizationalgorithmarein
figure3, weonly show theerrorfor all unoccludegixels,so
thesenumbersshouldbe comparedwith our resultsin fig-
ure 2 undercolumnall. If submittedthe algorithmwould
getrank27. For all steregpairs,exceptthe Map, the 1D op-
timization performssignificantlyworsethanour algorithm.
For the Map images,we were ableto tunethe parameters
to getaslightly betteraccurag thanthat of bothMID and
MIDDT algorithms. However the rangeof theseparame-
tersis far off therangefrom theothersteregpairs. TheMap



Tsukuba Sawtooth Venus Map
Algorithm all untex. disc. all untex. disc. all untex. disc. all disc.
MID 2.17[14] 0.66[8] 11.53[14]| 1.59[19] 0.93[22] 8.82[18] | 1.39[11] 1.39[10] 7.59[11] | 1.32[20] 11.44[23]
MIDDT 1.77[13] 0.38[5] 9.48[14] | 1.44[21] 0.84[25] 6.87[17] | 1.21[11] 1.41[13] 5.04[6] | 1.45[23] 13.00[27]
Figure2. Ourresultson Middlebury Database
Tsukuba Sawtooth Venus Map
BestParameters| A=12,7=12 | A=19,7=15 | A=21,7=11 | A=82,7=19
all error 4.98 6.68 3.83 0.96

Figure3. 1D optimizationresultson Middlebury Database

steregpairis highly textured,andthatis thereasorwhy 1D
optimizationperformswell onit, thereis noneedfor disam-
biguationby usingvertical smoothnessonstraint.The 1D
optimizationruns approximately3 timesfasterin our im-
plementatiorbecauséraversingalineararrayis fasterthan
traversingatree.

5 Future Work

In the future, we plan on further investigatingthe tree
structureselection.In particular we areinterestedn using
resultsfrom imageseggmentationfor selectinga treestruc-
ture. Image sggmentationalgorithmsgive a collection of
homogeneoumtensitysegments thuswe canusedistance
transformfrom segmentborderasatreeweight. Segmenta-
tion algorithmsmay give morerobustresultsthanour sim-
ple MIDDT approach. This alsowould provide an inter-
estinglink betweenour algorithmand segmentatiorbased
stereccorrespondencalgorithms.
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