Parameter Estimation for MRF Stereo

Li Zhang

Steven M. Seitz

University of Washington

Abstract

This paper presentsa novel apptoach for estimatingpa-
rametes for MRF-basedstereo algorithms. This apptoach
is basedon a new formulation of steleo as a maximuma
posterior (MAP) problem,in which both a disparity map
and MRF parametes are estimatedromthe stereo pair it-
self We presentan iterative algorithm for the MAP esti-
mation that alternatesbetweenestimatingthe parametes
while xing the disparity mapand estimatingthe disparity
map while xing the parametes. The estimatedparame-
tersincluderohusttruncationthresholdsfor bothdataand
neighborhoodterms, as well as a regularization weight.
Theregularizationweightcan be either a constantfor the
wholeimage, or spatially-varying dependingon local in-
tensitygradients. In the latter case the weightsfor inten-
sity gradientsare also estimated Experimentsndicatethat
our approadc, asa wrapperfor existing steleo algorithms,
movesa baselinebeliefpropagationstereoalgorithmup six
slotsin the Middlekury rankings.

1. Intr oduction

Stereomatching has beenone of the core challengesin
computervision for decades. Marny of the currentbest-
performingtechniquesarebasedn Markov RandomField
(MRF) formulations[8] thatbalancea datamatchingterm
with a regularization term and are solved using Graph
Cuts[2, 11] or Belief Propagtion [16, 4]. Virtually all of
thesetechniquesequire usersto properly set hard-coded
parameterse.g.,regularizationweight, by trial anderroron
asetof images.In this paperwe arguethatdifferentstereo
pairsrequiredifferentparametesettinggor optimalperfor
mance andwe seekanautomatednethodto estimatehose
parameter$or eachpair of images.

To seetheeffectof parametesettingon stereamatching,
we estimateddisparitymaps,D = fd,g, for Tsukubaand
Map imagepa;i(rs[lS] by minir)n(izingthefollowing enegy

u(d) + V(di; dy) (1)
i2l (i )2G
wherel is the setof pixels, G is the setof graphedges
connectingadjacenpixels,U measuresimilarity between
matchingpixels,andV is aregularizationtermthatencour
ageseighboringpixelsto have similar disparities.We min-
imize Eq. (1) usinganexisting MRF solver [4] andplot the
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Figure 1. Some stereo pairs require more regularization than
others, as shown in the above graphs that plot error as a
function of regularization weight . The parameters shown
above (dotted vertical lines) were computed automatically
using our algorithm.

errorrateof the disparityestimationversusgroundtruth as
afunctionof ,asshovnin Figurel. The gure shavsthat,
for the samealgorithm,the optimalregularizationweight
variesacrossdifferentstereopairs. As shawvn laterin the
paper andotherMRF parameterse.g.,robusttruncation
thresholds are relatedto the statisticsof imagenoiseand
variationof scenestructuresandcanall be estimatedrom
asinglestereopair. Furthermorewe alsoshav thatneigh-
boringpixel intensitydifference[2] canbe convenientlyin-
corporatednto our formulationto encouragehe disparity
discontinuitiesto be alignedwith intensity edges,andthe
relevantparametersanbe estimatechutomatically

To estimatethe MRF parametersye interpretthemus-
ing a probabilistic model that reformulatesstereomatch-
ing asa maximuma posterior(MAP) problemfor boththe
disparity map and the MRF parameters. Under this for-
mulation,we developanalternatingoptimizationalgorithm
that computeshboth the disparity map and the parameters.
Our approachsenesasawrapperfor existing MRF stereo
matchingalgorithmsthatsolvesfor the optimal parameters
for eachimagepair. Ourroutineusegheoutputof thestereo
matcherto updatethe parametewalues,which arein turn
fed backinto the stereomatchingprocedure—itcaninter-
facewith mary stereocimplementationsvithout modi ca-
tion. Thereforewe emphasiz¢hatthe goal of this paperis



notaspeci c stereaalgorithmthatperformsbetterthanex-
isting algorithms.Rather we introducea methodologythat
booststhe performanceof MRF-basedstereoalgorithms.
Although we usea baselinestereoalgorithmbasedon be-
lief propa@tion,ary MRF-basedstereaalgorithmcouldbe
usedinstead(e.g.,graphcuts,dynamicprogramming).
The restof the paperis organizedasfollows. After re-
viewing relatedwork in Section2, we rst givetheintuition
for our parameteestimationtechniquein Section3. We
thenformulatethe ideaasan MAP problemin Section4,
proposeanoptimizationalgorithmin Section5, andextend
it to estimateheweightsthatdepencdonintensitygradients
in Section6. Finally, we shav experimentakesultsin Sec-
tion 7, anddiscusdutureresearchtirectionsin Section8.

2. Previouswork

An earlystereanethodthatrequiresno parametesettingis
the adaptve window methodof KanadeandOkutomi[10],

which requiresproperinitialization for good performance.

The only prior work that addressedhe problemof com-
puting MRF parametergakahyperparametes) for stereo
matchingis by ChengandCaelli[3]. While theirapproach
is animportant rst step,they relied on a restrictedMRF
model from the image restorationliterature [9], and did
not supportkey featuresof the leading stereoalgorithms,
e.g., occlusionmodeling and gradient-dependenegular
ization. (Other MRF modelsin the imagerestorationlit-
erature,e.g.,[12, 19, 14], also have this limitation when
appliedto stereomatching.) In contrast,we designedour
approacho supportthesefeaturesn orderto interfacewith
mary of the leadingstereoalgorithms—ourapproachop-
eratesasan auxiliary routinethatdoesnot requiremodify-
ing existing stereocode. Towardsthis end, we shav that
the truncatedabsolutedistancecommonlyusedin leading
stereoalgorithms[2, 4] corresponds$o a mixture of an ex-
ponentialdistribution and an outlier process.We usehid-
den variablesto model occlusionsand other outliers, and
apply expectationmaximization(EM) to infer the hidden
variablesand estimatethe mixture models. Becausewe
use EM insteadof MCMC, our approachis also simpler
andmoreef cient comparedo [3]. Finally, we benchmark
our approacton the Middlebury databaseandshaw thatit
dramaticallyimprovesthe performanceof a leadingalgo-
rithm with therecommendeldand-tunegarametergasop-
posedto shawing improvementover randomly-choseipa-
rameterg3]).

In this work, we useinsightsfrom statisticallearningto
improve vision algorithms.Our work is thereforerelatedto
Freemaret al. [6] who formulatesupefresolutionasMRF
inferencebasecdn trainingimagesandapplybelief propa-
gation to obtaingoodresults. Similarly, with training im-
ages,Freemanand Torralba[5] infer 3D scenestructure
from a singleimage.Unlike Freemaretal.s approachpur

methoddoesnt requiretrainingimages—MRFparameters
areestimatedrom the stereopair itself.

3 Intuition

In this section,we describeour basicidea for parameter
estimationfor MRF-basedstereo. In the enegy function
in Eqg. (1), U measuresimilarity betweermatchingpixels,
andV encourageseighboringpixels to have similar dis-
parities. Many functionalforms have beenproposedor U
andV, including squaredifferencesabsolutedifferences,
andmary otherrobust metrics[15]. In this paper we fo-
cuson truncatedabsolutedifferencebecauseét is a popu-
lar choiceof top performingstereoalgorithms[2, 4] andit
hasseveral good properties. First, it is derived from total
variation [13], thus preservingdiscontinuities. Second,it
doesnot have frontal parallel bias and satis esthe metric
propertyrequiredby the -expansionalgorithmin graph
cut[2]. Third, it canbe ef ciently computedvia distance
transform[4] in belief propagtion. Speci cally,

U(di) min(jl (xi;yi) I disyi)is )
V(di;d;) min(jdi  djj; )
)

wherel andJ aretheimagepairs,and and aretrunca-
tion thresholds.

Tobestsettheparameters, ,and for asteregair, we
needto know how well the correspondingpixelsin two im-
agescanbe matchedandhow similar the neighboringdis-
paritiesare,in a statisticalsense However, without know-
ing the disparity map, thosetwo questionscannot be an-
swered. This dilemmaexplains why existing MRF-based
stereaalgorithmsrequireusersto setparametersnanually

To resolwe this dilemma,let's rst considerthe casein
which we know the disparity maps. In Figure 2(a,c), us-
ing the groundtruth disparitiesfrom the Middlebury web-
site [15], we plot the histogramsof pixel matchinger-
rors andneighboringdisparity differencedor the Tsukuba
steregpair. In Figure2(b,d),we shav the samehistograms
in log-scale.Sincethelog-scalehistogramsarenot straight
lines or quadraticcurves, it meansthat the probability of
pixel matchingerrorsandthatof neighboringdisparitydif-
ferencesare not simple exponentialor Gaussiandistribu-
tions. The heayy tail in the matchingerror histogramis
dueto occlusionandviolation of brightnessconstang; the
heavy tail in the neighboringdisparitydifferencehistogram
is dueto disparitydiscontinuities Thosehistogramsanbe
approximatedy two segments,a mixture of an exponen-
tial distribution anda uniform outlier processFigure2(a,c)
shaws the probability distribution of tted mixture mod-
els overlaid on the histograms. The t is quite accurate:
theerrorsarearound10 3, only noticeablen thelog-scale
graphsn Figure2(b,d). Fromtheshape®f the tted distri-
butions,we canrecovertheoptimalsetof MRF parameters,
aswe describdaterin the paper
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Figure 2. Histograms of errors between corresponding pixels in two images in linear (a) and log (b) scale. Superimposed on
the plots is the tted mixture model. (c) and (d) show histograms and models for neighboring disparity difference.

In practice, however, ground truth disparitiesare un-
known andwe proposeaniterative algorithmthatalternates
betweenestimatingMRF parametergrom the currenthis-
togramsand estimatingdisparitiesusing the currentMRF
parametersThe algorithmiteratesuntil the estimateddis-
parity mapyields histogramghat agreewith the MRF pa-
rametersor a x ed numberof iterationsis reached.In the
next section,we presenthe detailsof this methodby cast-
ing the problemin a probabilisticframenork.

4 A probabilistic mixtur e modelfor stereo

In this section,we presenthe mixture modelsfor the his-
togramsof pixel matchingerrorsand neighboringdispar
ity differencesandformulatestereomatchingprobabilisti-
cally, basednthosemixturemodels.

4.1 Matching lik elihood

Givenanimagepair | andJ andthedisparitymapD, we
de ne the mixture modelfor pixel matchingerror as fol-

lows. We assigneachpixel i in | ahiddenbinaryrandom
variable ;, indicating whetherthe correspondingscene

pointisvisiblein J.* Lete(d,) = 1 (xi;y;) J(xi di;yi).
We de ne themixturemodelfor e(d;) as
i je(di)j- =1
Pe()id: 0= . o @
N * S

where is the decay rate for the exponential distribu-
tion, je(d;)j takesdiscretevalues,f0;1; ;N 1g, and

1 exp(

= W is a normalizationfactor We de ne the

mixture probability
P(i=1)= 4)

where is the percenbof pixelsin | thatarealsovisiblein
J. Summingover ; givesthemamginalmatchingdikelihood

Pe()id) = e *Wiva )T (@)

LFor brevity, we referto ; asa visibility variable,but it canalsoac-
countfor differencesn brightnesse.g.,dueto specularity

4.2 Disparity prior

Dene dg=di d; tobethedisparitydifferenceonthe
graphedgeg connectingadjacenipixelsi andj . Similarly
asfor pixel matchingprobability we assigneachedgeg a
binary randomvariable 4, indicatingwhetherthe edgeis
continuousWe de ne themixturemodelfor dgy as

e 1 doi: g=1

P( dgj ) = o ®)

1.
Ll

where isthedecayrate,j dgj 2 f0;1;, ;L 1g,and

= % We de ne the mixture probability
P(g=1)= (7)
where is the percentof continuousedgesin |. The
maiginal distributionis
P(d)= e l%s@ )T @

4.3 Stereoasa MAP problem

Now we formulate stereomatchingas a MAP problem
basedon the two de ned mixture distributions. Given an
imagepair, | andJ, our probabilisticmodel consistsof a
disparity eld D = fdijg over| andtwo setsof random
variables = f jgand = f gg for pixel visibility and
edgeconnectiity, respectiely.?

We seekto estimateD, , , ,and ,givenl andJ by

maximizing
P(D; ;; ;i) = P(l;J;Djﬁp(l;;J))P(;; =
I P(U;3Dj s 5)

(9)
wherethe prioron ( ; ; ; ) is assumedo be uniform.
We canfactorP (1;J;Dj ;; ; )as

P(I1;3;Dj ;; ;)=P(;3jD; ; )P(Dj ;) (10)

andcomputeP (1;JjD; ; ) andP(Dj ; ) by maginal-
izing over visibility variables andcontinuityvariables ,
respectrely, asfollows.

P(1;3jD; ;) = N

j P(e(d)jdi; ; ) (11)

2This modelis called“three coupledMRF's” in [16].
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Figure 3. (a) Agraphfor Eq. (18) forL = 16. (b) Anillustration
of Eq. (24) (solid curve) as an upper bound for Eq. (23)
(dotted curve) for (a; b;c) = (1;2; 1).

whichassume® ( jD; ) = P( j ), ignoringthedepen-
denceof visibility on geometryfor computationalkcorve-
nience.Similarly,

Pj ;) = °

P( dgj ;) (12)
g
which assumeghe independencédetween dy also for
computationatorvenience.
PuttingEqgs.(11,12)togetherwe obtain

Y P(D; ;5 i)
/ A P(e(d)jdi; ; ) P( dgj ;) (13)
|- {z (N
P(13jD;; ) P(Dj ;)

GivendisparitymapD, we canestimate and by max-
imizing the mamginal datalikelihoodP (I ;JjD; ; ), and
we can estimate and by maximizing the maginal
prior distribution P(Dj ; ). Also, we can estimateD
by maximizingthe likelihood andthe prior jointly. Next,
we proposean alternatingoptimizationalgorithm for this
maximizationandrelatethe probabilisticmodelparameters
(55 3 )to(;; )inEgs.(1,2).

5 An alternating optimization

In this section,we presentanalternatingalgorithmto max-
imize Eq. (13). Given D, we apply the EM algorithmto
estimate( ; ) by maximizingP(l1;JjD; ; ) and esti-
mate( ; ) by maximizingP(Dj ; ). From( ;; ; ),
we thencomputetheoptimalMRF parameter§ ; ; ).

5.1 Estimating and givenD

The EM algorithmis well suitedfor estimatingparameters
for mixturemodels.GivenD, we rst compute

L = maxfi dyjg+ 1 (14)
g
Thenwe computethe conditionalprobabilityof ¢ as
def L L e | dgj
lg = P(g=1 dg; ;)= o T dis I (15)

Finally, we estimate and by maximizingthe expected
log-probabilityE  [logP( dg; ¢j ; )], computedas

P .
LglogP( dg; g=1j ; )+ (1

I'g)logP( dg; g=
9p
= lg(og( ) | dg)+ (L !g)logi—
i (16)
By maximizingEg. (16), we obtainthefollowing relation
1 X
=G g 17)

wherejGj is thenumberof edgedn G, and is thesolution

of theequation

P . .
1 L Lol Gl
. =9p (18)
e 1 ¢ 1 'y
g
Letf( ;L) = X5 55 bethe left handside of

Eqg. (18). f monotonicallydecreasefrom % to O over

[0;1 ), asshowvn in Figure3(a). WhenL is large, the sec-

ondterminf ( ;L), ﬁ is nggligible, andthe equation

hasa close-formsolution o = log(2 + 1), wherey is the

right handsideof Eq. (18). WhenL Is small,we startfrom
= pandre ne usingthe Newton-Raphsomethod.

5.2 Estimating and givenD

The EM algorithm canalsobe usedto estimate and .
GivenD, we rst compute

N = miaxf e(di)g+ 1 (19)

Thenwe canestimate and in thesameway aswe esti-

mate and usingEgs.(15,17,18vith thefollowing vari-

ablereplacement:
(::LgG dg)! (;

5.3 Estimating D given , ,

NG e(d);)  (20)

,and

In this section,we describenow the estimatedraluesof

, ,and areusedfor stereamatching.Given , , ,and
, we wish to maximizeEq. (13) by minimizing
def .
= logP(D; ;; p il:J)
P P
= a(d; )+ o dg ) (@D
I
where
alds 5 ) = log( e I+ Ly
p(di; ;) = log( e 1 %+ i)

Eqg. (21) can be minimized directly using existing tech-
niques.For example,Sunetal. [16] useBelief Propagtion
to minimizeaform of Eq. (21).

0 ;)



5.3.1 From mixtur e modelto regularizedenery

Although Eq. (21) canbe optimizeddirectly, it is notin a

form thatef cient MRF solvers[2, 4] assume. Recallthat

our objectveis to interfacewith andboostthe performance
of existing sterecalgorithms andwe thereforewantto con-

vert Eq. (21) to the form of Egs.(1,2). We noticethata

functionof theform

h(x;a;b;c) = log(aexp( bxj) + c) (23)
is tightly upperboundecdoy
h(x;r;s;t) = min(sjxj;t) + r (24)

— _ab - atc —
wheres = %, t = log(*;%), andr = log(a + ), as

shavn in Figure3(b). Therefore minimizing Eq. (21) can
alsobe approximatelyachiezed by minimizing
X X

= min(sgje(d)j; tq) +
i g

min(spyj dgj;tp) C

(25)
where
Sd = ﬂ td = |Og(1+ liN)
Sp = _'_(17)% tp = |Og(1 + liL (26)
C=jljlog( + )+ jGjlog( )
To further simplify the problem,we let = ;—‘; = ;—z

and = z—g,andde ne

X
°=  min(je(d)j; )+
i 9

min(j dgj; ) (27)

O differsfrom by anafne transform,which doesnot
affecttheestimatiorof D . Eq.(27)is theobjective function
usedin [2, 4] for stereomatching.

Now, we summarize our algorithm as follows.

Initialize ( ; ; N; ; ;L), anditerate

— Computesy, tqg, Sp, andty, usingEq. (26)

—Set = ¢, = ;—’;,and =2

— ComputeD by STEREO-MATCHING with Eq. (27)

— UpdateL, ,and by iteratingEM Egs.(14,15,17,18)

— UpdateN, ,and byiteratingeM Egs.(19,15,17,18)
with thevariablereplacementle ned in Eq. (20)

Until cornvergenceor a x ednumberof iterations.

We typically startwith = = 05 = = 1.0,
N = 255 andsetlL be the maximumdisparity plus 1,
althoughrobustcorvergencds obsenedwith variousinitial
values, as shovn in Section7. STEREO-MAICHING
couldbeary sterecalgorithmthatworkswith Eq. (27).

6 Intensity gradient cues

Recentsterecalgorithmsusestaticcues,suchascolor sey-
ments[17, 16] and color edges[7, 1], to improve perfor
mance.Here,we shav thatneighboringpixel intensitydif-
ference[2] canbe convenientlyincorporatednto our for-
mulation to encouragethe disparity discontinuitiesto be

alignedwith intensityedgesandtherelevantweightingpa-
rametersanbe estimatechutomatically

Dene |4 to be the intensity differencebetweenthe
two pixels connectedyy a graphedgeg. Torelate |4 to
the continuity of the disparitymap,we treat |4 asaran-
domvariableandde ne a correspondingnixture distribu-

tion. We requirethe mixture distribution of 14 to share
thesamehiddenvariable 4 of dgy. Speci cally,
. e | |ng; =1
P( lgig)= 1. =0 (28)
K 9 -
where isthedecayrate,j lg4j 2 f0;1;, ;K 1g and
= % This modelhasthe following property:

if agraphedgeis continuouspoththe colorandthedispar

ity differencesareencouragedo be small; if a graphedge
is discontinuousthe color anddisparitydifferencesareun-

constrainedThe correspondingnawmginal distribution is

P( lg; dg)= e (I lgi+ ] dgi)+(1 )& (29)
Givenl, |,andJ,ourgoalistorecoverD, , , , ,
and , by maximizing
v P(P; vy s 13d) _
I P(e(d)jdi; 5 ) P( lg dgj ;5 ) (30)
|- {z |2 {z }
P(1;3jD;; ) P( 1;Dj ;: )

Thealternatingalgorithmin Sectionb canstill beapplied
with minorachange Theestimatiorof and isthesame
asbefore. The estimationof , , and canbe doneas
follows. Initially, we setK = mé';\xf l4g9+ 1. For each

iteration,we rst updatel asin Eq.(14). Thenwe compute
the conditionprobabilityof ¢ as

def e (] lgi+ J dgj)
1y

S (31)
e (I lgi+ J dgi) 4 }<_L
Finally, weupdate and usingEqgs.(17)and(18),respec-
tively, andupdate alsousingEg. (18) with thefollowing
variablereplacement ;L; dg)! (; K; Ig).

After estimating( ;; ; ; ), weestimateD by mini-
mizing Eq. (21) with , dependingn |4. Speci cally,

o(di; g 15 )= log( e 1 lde J diy 2o
(32)
Accordingly sp andt,, alsodependon .
Sp = - J?'gjugli_L tp = log(1 + M)
(33)
In Eq.(33),sp approachedin proportiontoe ! 'sJ when

l4 is large; sy approache§T when g is near0.

Thereforetheregularizationweight = 2—3variesoverthe

image:largein uniform areasandsmallacrosscolor edges.



7. Results

We implementedthe EM algorithmto estimatethe MRF
parametersandimplementedelief propagtion(BP) using
distanceransform[4] asour baselinestereamatcherIn all
experimentswe alternatecbetweenEM andBP six times.
In eachalternation,BP was executedfor 60 iterationsand
eachiteration takes about1 second. The costfor EM is
negligible andthetotal run-timeis about6 minutes.

7.1 Convergence

In our rst experiment,we testedour algorithmon the four
Middlebury benchmarksln Figure4, we shav thedisparity
mapsandcorrespondind ; ; ) atiterationl, 2, 4, 6 for

the four cases.Initially, the regularizationis weakandthe
disparitymapis noisy. As thealgorithmproceedstheregu-
larizationincreasesindthe disparitymapbecomesleaner

In our secondexperiment, we repeatedexperimentl,
but with differentinitial values. We shaw the initial and
nal ( ; ; ), includingthoseof experimentl, in the top
ve rows in the tablesin Table1. Despitethe variation of

scaledn initial parameterghe nal parameterareconsis-
tent,shaving robustconvergenceof our algorithm.We also
comparedthe nal disparity mapsusingthe groundtruth,
andshavedtheerrorratein thelastcolumn.Theerrorrates
arealsoconsistentIn additionto trying differentinitial val-

ues,we alsotried startingwith the groundtruth disparity
mapsandestimatedhe parametersThenwe estimatedhe
disparity map while keepingthoseparametersx ed. The
error ratesare shavn in the bottomright corner Both the
error ratesand the parametersre closeto the resultsob-
tainedwithout knowing groundtruth. However, the param-
eterscomputedrom groundtruth disparitiesdon't resultin

disparitymapswith lower errorrates. This unintuitive fact
is becauseaeal scenesare not perfectly describedoy our
MRF model,asdiscussedn Section8.

7.2 Optimality

In our third experiment,for eachcasein experimentl, we
X and butvary from1to50andestimatelisparityus-
ing BP. We plot theerrorasafunctionof in Figure5. The
redbarindicateour estimated/alues whosecorresponding
errorratesarequite closeto the minimumerrorratesof the
graphsn all thefour benchmarks.

7.3 Improvement

In our fourth experiment,we shov how our automaticpa-
rametersettingmethodcanimprove overchoosingx edpa-
rametergnanually We rst run BP with the x ed parame-
terssuggestedn [4] andthe resultis shawvn in the fourth
row (“Fixed”) in Table 2. Thenwe comparethis result
with the resultin the rst experimentwherewe solve for
(; ; ), shavn in the third row (“Adaptive”) in Table 2.
Our adaptve methodshows similar resultsto the x ed pa-
rametersfor Savtooth and Venus, but dramaticimprove-

menton Map. As reportedin [16], the Map pair requires
different parametersettingsthan the other three datasets.
Our algorithm automatically nds appropriateparameters
without ary userintervention. For the Tsukubadataset,
the resultis slightly worsethan the resultswith the x ed
manually-choseparametersThe reasons thata userex-
ploitsthegroundtruth or his perceptiorasareferencavhen
settingthe parameterswhile our algorithm estimateshe
parameterbasednmodel tting. Whenthegroundtruthis
notthe optimalsolutionof our model,the estimatediispar
ity map could deviate from the groundtruth. Overall, our
automaticparametersettingtechniqueimproves the rank-
ing of thebaselinealgorithmby six slotson the Middlebury
benchmarks.

The experimentsso far do not includethe intensitygra-
dientcueproposedn Section6. Now we considerthis cue.
First, we usethe estimatedvaluesfor ( ; ; ; ), but set

= 1 and0:01, respectiely. The resultsfor the two
valuesareshawn in the fth row (“Fixed+gradl”) andthe
secondrow (“Fixed+grad2”), respectiely. = 1is ap-
parentlytoo largeand = 0:01is better If we estimate
( ;; ;) togetherasdescribedn Section6, we getthe
rst row (“Adaptive+grad”)of Table2. As expectederror
ratesin discontinuityregions,showvn in the columnsunder
“disc”, areconsistentlyeducedOverall,our parametees-
timationtechniqueraisesherankof thebaselinealgorithm
(with intensitygradientcue) by six slots,andthe resulting
adaptve algorithmis rankedthe fth amongall sterecalgo-
rithmsin the Middlebury rankingsasof April 24,2005.

8. Discussion

In this paper we presente parameteestimationmethod
for MRF stereo. Our methodcorverges consistentlyand
signi cantly improves a baselinestereoalgorithm. Our
methodworksasawrapperthatinterfaceswith mary stereo
algorithmswithout requiring ary changesto thosealgo-
rithms. Herewe discusssomeideasfor futurework.
First,ourmodelgiveshigherenegy to groundtruththan
to the estimateddisparitymaps[18]. Oneof thereasonss
thatwe modelvisibility photometrically but not geometri-
cally. In otherwords,we assumevisibility variables are
independentf D. One pieceof future work would be to
model the occlusionprocessmore precisely Second,we
use histogramsof pixel matchingerrors and neighboring
disparitydifferencedor awholeimage,assuminghe mix-
ture modelsdon't vary acrossthe image. This assumption
may bevalid for thematchingerrors,which arelargely due
to sensomoise,but it may not be accurateor the disparity
maps which mayhave spatiallyvaryingsmoothness.
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Figure 4. Convergence on the four Middlebury benchmarks. The four columns correspond to iteration 1, 2, 4, and 6.
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Tsukuba Sawtooth
Initial para Final para disparity Initial para Final para disparity
error(%) error(%)
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Venus Map
Initial para Final para disparity Initial para Final para disparity
error(%) error(%)
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Groundtruth disparities| 26.54 | 1.75 | 15.38 1.42 Groundtruth disparities| 60.58 | 1.81 | 46.80 0.19

Table 1. Convergence of our algorithm under v e different initializations. The last rows use ground truth disparity maps to
estimate parameters and then compute new disparity maps with these estimated parameters.

Parameter | Overall Tsukuba Sawtooth Venus Map
setting ranking all untex.  disc. all untex.  disc. all untex.  disc. all disc.
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Fixed+Gradl 31 7.6832 5.7628 11.7917 | 5.9235 0.3018 13.1225 | 6.9034 3.2025 14.1123 | 20.1936 35.4136

Table 2. Performance comparison of xed and adaptive stereo solvers. Fixed: ( ; ; ) = (10;2;10). Adaptive: esti-
mated ( ; ; ). Fixed+Grad 1: estimated ( ;; ; ), xed = 1. Fixed+Grad 2: estimated ( ;; ; ), xed = 0:0L
Adaptive+Grad: estimated ( ; ; ; ; ). The rankings are as of 4/24/2005.
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