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Abstract

This paper presentsa novel approach for estimatingpa-
rameters for MRF-basedstereoalgorithms.Thisapproach
is basedon a new formulationof stereo as a maximuma
posterior (MAP) problem, in which both a disparity map
andMRF parameters are estimatedfromthestereopair it-
self. We presentan iterative algorithm for the MAP esti-
mation that alternatesbetweenestimatingthe parameters
while �xing thedisparitymapandestimatingthedisparity
map while �xing the parameters. The estimatedparame-
ters includerobusttruncationthresholds,for bothdataand
neighborhoodterms, as well as a regularization weight.
Theregularizationweightcan be either a constantfor the
whole image, or spatially-varying, dependingon local in-
tensitygradients. In the latter case, the weightsfor inten-
sitygradientsarealsoestimated.Experimentsindicatethat
our approach, asa wrapperfor existingstereoalgorithms,
movesa baselinebeliefpropagationstereoalgorithmupsix
slotsin theMiddlebury rankings.

1. Intr oduction
Stereomatchinghas beenone of the core challengesin
computervision for decades. Many of the currentbest-
performingtechniquesarebasedon Markov RandomField
(MRF) formulations[8] thatbalancea datamatchingterm
with a regularization term and are solved using Graph
Cuts[2, 11] or Belief Propagation [16, 4]. Virtually all of
thesetechniquesrequireusersto properly set hard-coded
parameters,e.g.,regularizationweight,by trial anderroron
a setof images.In this paper, we arguethatdifferentstereo
pairsrequiredifferentparametersettingsfor optimalperfor-
mance,andweseekanautomatedmethodto estimatethose
parametersfor eachpairof images.

To seetheeffectof parametersettingonstereomatching,
we estimateddisparitymaps,D = f di g, for Tsukubaand
Map imagepairs[15] by minimizing thefollowing energy

X

i 2I

U(di ) + �
X

( i;j )2G

V(di ; dj ) (1)

whereI is the set of pixels, G is the set of graphedges
connectingadjacentpixels,U measuressimilarity between
matchingpixels,andV is aregularizationtermthatencour-
agesneighboringpixelsto havesimilardisparities.Wemin-
imizeEq.(1) usinganexistingMRF 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 thedisparityestimationversusgroundtruth as
afunctionof � , asshown in Figure1. The�gure showsthat,
for thesamealgorithm,theoptimalregularizationweight�
variesacrossdifferentstereopairs. As shown later in the
paper, � andotherMRF parameters,e.g.,robust truncation
thresholds,arerelatedto the statisticsof imagenoiseand
variationof scenestructures,andcanall beestimatedfrom
a singlestereopair. Furthermore,we alsoshow thatneigh-
boringpixel intensitydifference[2] canbeconvenientlyin-
corporatedinto our formulationto encouragethe disparity
discontinuitiesto be alignedwith intensityedges,andthe
relevantparameterscanbeestimatedautomatically.

To estimatetheMRF parameters,we interpretthemus-
ing a probabilisticmodel that reformulatesstereomatch-
ing asa maximuma posterior(MAP) problemfor boththe
disparity map and the MRF parameters.Under this for-
mulation,wedevelopanalternatingoptimizationalgorithm
that computesboth the disparitymapand the parameters.
Our approachservesasa wrapperfor existing MRF stereo
matchingalgorithmsthatsolvesfor theoptimalparameters
for eachimagepair. Ourroutineusestheoutputof thestereo
matcherto updatethe parametervalues,which arein turn
fed backinto the stereomatchingprocedure—itcaninter-
facewith many stereoimplementationswithout modi�ca-
tion. Therefore,we emphasizethatthegoalof this paperis



not a speci�c stereoalgorithmthatperformsbetterthanex-
isting algorithms.Rather, we introducea methodologythat
booststhe performanceof MRF-basedstereoalgorithms.
Although we usea baselinestereoalgorithmbasedon be-
lief propagation,any MRF-basedstereoalgorithmcouldbe
usedinstead(e.g.,graphcuts,dynamicprogramming).

The restof the paperis organizedasfollows. After re-
viewing relatedwork in Section2, we�rst givetheintuition
for our parameterestimationtechniquein Section3. We
thenformulatethe ideaasan MAP problemin Section4,
proposeanoptimizationalgorithmin Section5, andextend
it to estimatetheweightsthatdependon intensitygradients
in Section6. Finally, we show experimentalresultsin Sec-
tion 7, anddiscussfutureresearchdirectionsin Section8.

2. Previouswork

An earlystereomethodthatrequiresnoparametersettingis
theadaptive window methodof KanadeandOkutomi[10],
which requiresproperinitialization for goodperformance.
The only prior work that addressedthe problemof com-
puting MRF parameters(akahyper-parameters) for stereo
matchingis by ChengandCaelli [3]. While their approach
is an important�rst step,they relied on a restrictedMRF
model from the image restorationliterature [9], and did
not supportkey featuresof the leadingstereoalgorithms,
e.g., occlusionmodelingand gradient-dependentregular-
ization. (Other MRF modelsin the imagerestorationlit-
erature,e.g., [12, 19, 14], also have this limitation when
appliedto stereomatching.) In contrast,we designedour
approachto supportthesefeaturesin orderto interfacewith
many of the leadingstereoalgorithms—ourapproachop-
eratesasanauxiliary routinethatdoesnot requiremodify-
ing existing stereocode. Towardsthis end,we show that
the truncatedabsolutedistancecommonlyusedin leading
stereoalgorithms[2, 4] correspondsto a mixtureof anex-
ponentialdistribution andan outlier process.We usehid-
den variablesto model occlusionsand other outliers, and
apply expectationmaximization(EM) to infer the hidden
variablesand estimatethe mixture models. Becausewe
useEM insteadof MCMC, our approachis also simpler
andmoreef�cient comparedto [3]. Finally, we benchmark
our approachon theMiddlebury database,andshow that it
dramaticallyimproves the performanceof a leadingalgo-
rithm with therecommendedhand-tunedparameters(asop-
posedto showing improvementover randomly-chosenpa-
rameters[3]).

In this work, we useinsightsfrom statisticallearningto
improve visionalgorithms.Ourwork is thereforerelatedto
Freemanet al. [6] who formulatesuper-resolutionasMRF
inferencebasedon trainingimages,andapplybeliefpropa-
gation to obtaingoodresults. Similarly, with training im-
ages,Freemanand Torralba [5] infer 3D scenestructure
from a singleimage.Unlike Freemanet al.'s approach,our

methoddoesn't requiretraining images—MRFparameters
areestimatedfrom thestereopair itself.

3 Intuition
In this section,we describeour basic idea for parameter
estimationfor MRF-basedstereo. In the energy function
in Eq. (1), U measuressimilarity betweenmatchingpixels,
andV encouragesneighboringpixels to have similar dis-
parities.Many functionalformshave beenproposedfor U
andV , includingsquareddifferences,absolutedifferences,
andmany otherrobust metrics[15]. In this paper, we fo-
cuson truncatedabsolutedifferencebecauseit is a popu-
lar choiceof top performingstereoalgorithms[2, 4] andit
hasseveral goodproperties.First, it is derived from total
variation [13], thus preservingdiscontinuities. Second,it
doesnot have frontal parallelbiasandsatis�es the metric
property requiredby the � -expansionalgorithm in graph
cut [2]. Third, it canbe ef�ciently computedvia distance
transform[4] in beliefpropagation.Speci�cally,

U(di ) = min(jI (x i ; yi ) � J (x i � di ; yi )j; � )
V (di ; dj ) = min(jdi � dj j; � )

(2)
whereI andJ aretheimagepairs,and� and� aretrunca-
tion thresholds.

Tobestsettheparameters� , � , and� for astereopair, we
needto know how well thecorrespondingpixelsin two im-
agescanbematchedandhow similar theneighboringdis-
paritiesare,in a statisticalsense.However, without know-
ing the disparitymap, thosetwo questionscannot be an-
swered. This dilemmaexplainswhy existing MRF-based
stereoalgorithmsrequireusersto setparametersmanually.

To resolve this dilemma,let's �rst considerthe casein
which we know the disparitymaps. In Figure2(a,c),us-
ing the groundtruth disparitiesfrom the Middlebury web-
site [15], we plot the histogramsof pixel matching er-
rorsandneighboringdisparitydifferencesfor theTsukuba
stereopair. In Figure2(b,d),we show thesamehistograms
in log-scale.Sincethelog-scalehistogramsarenot straight
lines or quadraticcurves, it meansthat the probability of
pixel matchingerrorsandthatof neighboringdisparitydif-
ferencesare not simple exponentialor Gaussiandistribu-
tions. The heavy tail in the matchingerror histogramis
dueto occlusionandviolation of brightnessconstancy; the
heavy tail in theneighboringdisparitydifferencehistogram
is dueto disparitydiscontinuities.Thosehistogramscanbe
approximatedby two segments,a mixture of an exponen-
tial distributionandauniformoutlierprocess.Figure2(a,c)
shows the probability distribution of �tted mixture mod-
els overlaid on the histograms. The �t is quite accurate:
theerrorsarearound10� 3, only noticeablein thelog-scale
graphsin Figure2(b,d).Fromtheshapesof the�tted distri-
butions,wecanrecover theoptimalsetof MRF parameters,
aswedescribelaterin thepaper.
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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 andweproposeaniterativealgorithmthatalternates
betweenestimatingMRF parametersfrom the currenthis-
togramsandestimatingdisparitiesusing the currentMRF
parameters.The algorithmiteratesuntil the estimateddis-
parity mapyields histogramsthat agreewith the MRF pa-
rametersor a �x ed numberof iterationsis reached.In the
next section,we presentthedetailsof this methodby cast-
ing theproblemin aprobabilisticframework.

4 A probabilistic mixtur emodel for stereo

In this section,we presentthe mixture modelsfor the his-
togramsof pixel matchingerrorsand neighboringdispar-
ity differences,andformulatestereomatchingprobabilisti-
cally, basedon thosemixturemodels.

4.1 Matching lik elihood

Givenan imagepair I andJ andthedisparitymapD, we
de�ne the mixture model for pixel matchingerror as fol-
lows. We assigneachpixel i in I a hiddenbinary random
variable 
 i , indicating whether the correspondingscene
point is visible in J .1 Let e(di ) = I (x i ; yi ) � J (x i � di ; yi ).
Wede�ne themixturemodelfor e(di ) as

P(e(di )jdi ; 
 i ) =
�

� e� � je(di ) j ; 
 i = 1:
1
N ; 
 i = 0:

(3)

where � is the decay rate for the exponential distribu-
tion, je(di )j takesdiscretevalues,f 0; 1; � � � ; N � 1g, and
� = 1� exp( � � )

1� exp( � �N ) is a normalizationfactor. We de�ne the
mixtureprobability

P(
 i = 1) = � (4)

where� is thepercentof pixels in I thatarealsovisible in
J . Summingover
 i givesthemarginalmatchinglikelihood

P(e(di )jdi ) = � � e� � je(di ) j + (1 � � )
1
N

(5)

1For brevity, we refer to 
 i asa visibility variable,but it canalsoac-
countfor differencesin brightness,e.g.,dueto specularity.

4.2 Disparity prior

De�ne � dg = di � dj to bethedisparitydifferenceon the
graphedgeg connectingadjacentpixels i andj . Similarly
asfor pixel matchingprobability, we assigneachedgeg a
binary randomvariable� g, indicatingwhetherthe edgeis
continuous.Wede�ne themixturemodelfor � dg as

P(� dg j� g) =
�

� e� � j � dg j ; � g = 1:
1
L ; � g = 0:

(6)

where� is thedecayrate,j� dg j 2 f 0; 1; � � � ; L � 1g, and
� = 1� exp( � � )

1� exp( � � L ) . Wede�ne themixtureprobability

P(� g = 1) = � (7)

where � is the percentof continuousedgesin I . The
marginaldistribution is

P(� dg) = � � e� � j � dg j + (1 � � )
1
L

(8)

4.3 Stereoasa MAP problem

Now we formulate stereomatching as a MAP problem
basedon the two de�ned mixture distributions. Given an
imagepair, I andJ , our probabilisticmodelconsistsof a
disparity �eld D = f di g over I and two setsof random
variables� = f 
 i g and� = f � gg for pixel visibility and
edgeconnectivity, respectively.2

We seekto estimateD , � , � , � , and� , givenI andJ by
maximizing

P(D ; � ; �; � ; � jI ; J ) = P (I ;J ;D j �;�;� ;� )P ( �;�;� ;� )
P ( I ;J )

/ P(I ; J; D j� ; �; � ; � )
(9)

wherethe prior on (� ; �; � ; � ) is assumedto be uniform.
WecanfactorP(I ; J; D j� ; �; � ; � ) as

P(I ; J; D j� ; �; � ; � ) = P(I ; J jD ; � ; � )P(D j� ; � ) (10)

andcomputeP(I ; J jD ; � ; � ) andP(D j� ; � ) by marginal-
izing over visibility variables� andcontinuityvariables� ,
respectively, asfollows.

P(I ; J jD ; � ; � ) =
Q

i
P(e(di )jdi ; � ; � ) (11)

2Thismodelis called“threecoupledMRF's” in [16].
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Figure 3. (a) A graph for Eq. (18) for L = 16. (b) An illustration
of Eq. (24) (solid curve) as an upper bound for Eq. (23)
(dotted curve) for (a; b;c) = (1; 2; 1).

which assumesP(� jD ; � ) = P(� j� ), ignoringthedepen-
denceof visibility on geometryfor computationalconve-
nience.Similarly,

P(D j� ; � ) =
Q

g
P(� dg j� ; � ) (12)

which assumesthe independencebetween� dg also for
computationalconvenience.

PuttingEqs.(11,12)together, weobtain

P(D ; � ; �; � ; � jI ; J )
/

Y

i

P(e(di )jdi ; � ; � )

| {z }
P (I ;J jD ;�;� )

Y

g

P(� dg j� ; � )

| {z }
P (D j � ;� )

(13)

GivendisparitymapD, we canestimate� and� by max-
imizing the marginal datalikelihoodP(I ; J jD ; � ; � ), and
we can estimate� and � by maximizing the marginal
prior distribution P(D j� ; � ). Also, we can estimateD
by maximizing the likelihoodand the prior jointly. Next,
we proposean alternatingoptimizationalgorithm for this
maximizationandrelatetheprobabilisticmodelparameters
(� ; �; � ; � ) to (� ; � ; � ) in Eqs.(1,2).

5 An alternating optimization

In this section,we presentanalternatingalgorithmto max-
imize Eq. (13). Given D, we apply the EM algorithmto
estimate(� ; � ) by maximizing P(I ; J jD ; � ; � ) and esti-
mate(� ; � ) by maximizingP(D j� ; � ). From (� ; �; � ; � ),
we thencomputetheoptimalMRF parameters(� ; � ; � ).

5.1 Estimating � and � givenD

TheEM algorithmis well suitedfor estimatingparameters
for mixturemodels.GivenD, we �rst compute

L = max
g

fj � dg jg + 1 (14)

Thenwecomputetheconditionalprobabilityof � g as

! g
def= P(� g = 1j� dg; � ; � ) =

� � e� � j � dg j

� � e� � j � dg j + 1� �
L

(15)

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

P

g
! g logP(� dg; � g = 1j� ; � ) + (1 � ! g) logP(� dg; � g = 0j� ; � )

=
P

g
! g (log(� � ) � � j� dg j) + (1 � ! g) log 1� �

L

(16)
By maximizingEq.(16),weobtainthefollowing relation

� =
1

jGj

X

g

! g (17)

wherejGj is thenumberof edgesin G, and� is thesolution
of theequation

1
e� � 1

�
L

eL� � 1
=

P

g
! g j� dg j
P

g
! g

(18)

Let f (� ; L ) = 1
e� � 1 � L

eL� � 1 be the left hand side of
Eq. (18). f monotonicallydecreasesfrom L � 1

2 to 0 over
[0; 1 ), asshown in Figure3(a). WhenL is large, thesec-
ondtermin f (� ; L ), L

eL� � 1 , is negligible, andtheequation
hasa close-formsolution� 0 = log( 1

y + 1), wherey is the
right handsideof Eq. (18). WhenL is small,we startfrom
� = � 0 andre�ne � usingtheNewton-Raphsonmethod.

5.2 Estimating � and � givenD

The EM algorithmcanalsobe usedto estimate� and � .
GivenD, we �rst compute

N = max
i

f e(di )g + 1 (19)

Thenwe canestimate� and� in thesameway aswe esti-
mate� and� usingEqs.(15,17,18)with thefollowing vari-
ablereplacement:

(� ; � ; � ; L; g; G; � dg) ! (� ; �; � ; N ; i; I ; e(di ); ) (20)

5.3 Estimating D given � , � , � , and �

In this section,we describehow theestimatedvaluesof � ,
� , � , and� areusedfor stereomatching.Given� , � , � , and
� , wewish to maximizeEq.(13)by minimizing

	 def= � logP(D ; � ; �; � ; � jI ; J )
=

P

i
� d(di ; � ; � ) +

P

g
� p(� dg; � ; � ) (21)

where

� d(di ; � ; � ) = � log(� � e� � je(di ) j + 1� �
N )

� p(di ; � ; � ) = � log(� � e� � j � dg j + 1� �
L )

(22)

Eq. (21) can be minimized directly using existing tech-
niques.For example,Sunet al. [16] useBelief Propagation
to minimizea form of Eq.(21).



5.3.1 From mixtur emodel to regularizedenergy

Although Eq. (21) canbe optimizeddirectly, it is not in a
form thatef�cient MRF solvers[2, 4] assume.Recallthat
ourobjective is to interfacewith andboosttheperformance
of existingstereoalgorithms,andwethereforewantto con-
vert Eq. (21) to the form of Eqs. (1,2). We notice that a
functionof theform

h(x; a;b;c) = � log(aexp(� bjxj) + c) (23)

is tightly upper-boundedby

�h(x; r; s; t) = min(sjxj; t) + r (24)

wheres = ab
a+ c , t = log( a+ c

c ), andr = � log(a + c), as
shown in Figure3(b). Therefore,minimizing Eq. (21) can
alsobeapproximatelyachievedby minimizing

�	 =
X

i

min(sd je(di )j; td) +
X

g

min(sp j� dg j; tp) � C

(25)
where

sd = �� �
�� +(1 � � ) 1

N
td = log(1 + �� N

1� � )

sp = � � �
� � +(1 � � ) 1

L
tp = log(1 + � � L

1� � )

C = jI j log(� � + 1� �
N ) + jGj log(� � + 1� �

L )

(26)

To further simplify the problem,we let � = t d
sd

, � = t p

sp
,

and� = sp

sd
, andde�ne

�	 0 =
X

i

min(je(di )j; � ) + �
X

g

min(j� dg j; � ) (27)

�	 0 differs from �	 by an af�ne transform,which doesnot
affect theestimationof D . Eq.(27) is theobjectivefunction
usedin [2, 4] for stereomatching.

Now, we summarize our algorithm as follows.
Initialize (� ; �; N ; � ; � ; L ), anditerate
— Computesd, td, sp, andtp usingEq.(26)
— Set� = t d

sd
, � = t p

sp
, and� = sp

sd

— ComputeD by STEREO-MATCHING with Eq.(27)
— UpdateL ,� , and� by iteratingEM Eqs.(14,15,17,18)
— UpdateN ,� , and� by iteratingEM Eqs.(19,15,17,18)

with thevariablereplacementde�ned in Eq.(20)
Until convergenceor a �x ednumberof iterations.

We typically start with � = � = 0:5, � = � = 1:0,
N = 255, and set L be the maximumdisparity plus 1,
althoughrobustconvergenceis observedwith variousinitial
values, as shown in Section 7. STEREO-MATCHING
couldbeany stereoalgorithmthatworkswith Eq.(27).

6 Intensity gradient cues
Recentstereoalgorithmsusestaticcues,suchascolor seg-
ments[17, 16] andcolor edges[7, 1], to improve perfor-
mance.Here,we show thatneighboringpixel intensitydif-
ference[2] canbe conveniently incorporatedinto our for-
mulation to encouragethe disparity discontinuitiesto be

alignedwith intensityedges,andtherelevantweightingpa-
rameterscanbeestimatedautomatically.

De�ne � I g to be the intensity differencebetweenthe
two pixels connectedby a graphedgeg. To relate� I g to
thecontinuityof thedisparitymap,we treat� I g asa ran-
dom variableandde�ne a correspondingmixture distribu-
tion. We requirethe mixture distribution of � I g to share
thesamehiddenvariable� g of � dg. Speci�cally,

P(� I g j� g) =
�

� e� � j � I g j ; � g = 1:
1
K ; � g = 0:

(28)

where� is thedecayrate,j� I g j 2 f 0; 1; � � � ; K � 1g, and
� = 1� exp( � � )

1� exp( � �K ) . This modelhasthe following property:
if agraphedgeis continuous,boththecolorandthedispar-
ity differencesareencouragedto besmall; if a graphedge
is discontinuous,thecolor anddisparitydifferencesareun-
constrained.Thecorrespondingmarginaldistribution is

P(� I g; � dg) = � � � e� ( � j � I g j+ � j � dg j ) + (1� � )
1

K L
(29)

GivenI , � I , andJ , ourgoalis to recoverD , � , � , � , � ,
and� , by maximizing

P(D ; � ; �; � ; �; � jI ; � I ; J )
/

Y

i

P(e(di )jdi ; � ; � )

| {z }
P (I ;J jD ;�;� )

Y

g

P(� I g; � dg j� ; �; � )

| {z }
P (� I ;D j � ;�;� )

(30)

Thealternatingalgorithmin Section5canstill beapplied
with minorachange.Theestimationof � and� is thesame
as before. The estimationof � , � , and � canbe doneas
follows. Initially, we setK = max

g
f � I gg + 1. For each

iteration,we�rst updateL asin Eq.(14). Thenwecompute
theconditionprobabilityof � g as

! g
def=

� � � e� ( � j � I g j+ � j � dg j )

� � � e� ( � j � I g j+ � j � dg j ) + 1� �
K L

(31)

Finally, weupdate� and� usingEqs.(17)and(18),respec-
tively, andupdate� alsousingEq. (18) with the following
variablereplacement(� ; L; � dg) ! (�; K ; � I g).

After estimating(� ; �; � ; � ; � ), we estimateD by mini-
mizingEq.(21)with � p dependingon � I g. Speci�cally,

� p(di ; � I g; � ; �; � ) = � log(� � � e� � j � I g j e� � j � dg j + 1� �
K L )

(32)
Accordingly, sp andtp alsodependon � I g.

sp = � � � � e� � j � I g j

� � � e� � j � I g j + 1 � �
K L

tp = log(1 + � � � K Le � � j � I g j

1� � )

(33)
In Eq.(33),sp approaches0 in proportionto e� � j � I g j when
� I g is large;sp approaches �

1+ 1 � �
K L� � �

when� I g is near0.

Therefore,theregularizationweight� = sp

sd
variesover the

image:largein uniformareasandsmallacrosscoloredges.



7. Results
We implementedthe EM algorithm to estimatethe MRF
parameters,andimplementedbeliefpropagation(BP)using
distancetransform[4] asourbaselinestereomatcher. In all
experiments,we alternatedbetweenEM andBP six times.
In eachalternation,BP wasexecutedfor 60 iterationsand
eachiteration takes about1 second. The cost for EM is
negligible andthetotal run-timeis about6 minutes.

7.1 Convergence

In our �rst experiment,we testedour algorithmon thefour
Middlebury benchmarks.In Figure4,weshow thedisparity
mapsandcorresponding(� ; � ; � ) at iteration1, 2, 4, 6 for
the four cases.Initially, the regularizationis weakandthe
disparitymapis noisy. As thealgorithmproceeds,theregu-
larizationincreasesandthedisparitymapbecomescleaner.

In our secondexperiment,we repeatedexperiment1,
but with different initial values. We show the initial and
�nal (� ; � ; � ), including thoseof experiment1, in the top
� ve rows in the tablesin Table1. Despitethe variationof
scalesin initial parameters,the�nal parametersareconsis-
tent,showing robustconvergenceof ouralgorithm.Wealso
comparedthe �nal disparitymapsusing the groundtruth,
andshowedtheerrorratein thelastcolumn.Theerrorrates
arealsoconsistent.In additionto trying differentinitial val-
ues,we also tried startingwith the groundtruth disparity
mapsandestimatedtheparameters.Thenwe estimatedthe
disparitymapwhile keepingthoseparameters�x ed. The
error ratesareshown in the bottomright corner. Both the
error ratesand the parametersarecloseto the resultsob-
tainedwithout knowing groundtruth. However, theparam-
eterscomputedfrom groundtruthdisparitiesdon't resultin
disparitymapswith lower error rates.This unintuitive fact
is becausereal scenesare not perfectly describedby our
MRF model,asdiscussedin Section8.

7.2 Optimality

In our third experiment,for eachcasein experiment1, we
�x � and� but vary� from1 to 50andestimatedisparityus-
ing BP. Weplot theerrorasafunctionof � in Figure5. The
redbarindicateour estimatedvalues,whosecorresponding
errorratesarequitecloseto theminimumerrorratesof the
graphsin all thefour benchmarks.

7.3 Impr ovement

In our fourth experiment,we show how our automaticpa-
rametersettingmethodcanimproveoverchoosing�x edpa-
rametersmanually. We �rst run BP with the �x edparame-
terssuggestedin [4] andthe result is shown in the fourth
row (“Fixed”) in Table 2. Then we comparethis result
with the result in the �rst experimentwherewe solve for
(� ; � ; � ), shown in the third row (“Adaptive”) in Table 2.
Our adaptive methodshows similar resultsto the �x edpa-
rametersfor Sawtooth and Venus,but dramaticimprove-

menton Map. As reportedin [16], the Map pair requires
different parametersettingsthan the other threedatasets.
Our algorithm automatically�nds appropriateparameters
without any user intervention. For the Tsukubadataset,
the result is slightly worsethan the resultswith the �x ed
manually-chosenparameters.Thereasonis thata userex-
ploits thegroundtruthor hisperceptionasareferencewhen
settingthe parameters,while our algorithm estimatesthe
parametersbasedonmodel�tting. Whenthegroundtruthis
not theoptimalsolutionof ourmodel,theestimateddispar-
ity mapcould deviate from the groundtruth. Overall, our
automaticparametersettingtechniqueimproves the rank-
ing of thebaselinealgorithmby six slotsontheMiddlebury
benchmarks.

Theexperimentsso far do not includethe intensitygra-
dientcueproposedin Section6. Now weconsiderthis cue.
First, we usethe estimatedvaluesfor (� ; �; � ; � ), but set
� = 1 and 0:01, respectively. The resultsfor the two �
valuesareshown in the �fth row (“Fixed+grad1”) andthe
secondrow (“Fixed+grad2”), respectively. � = 1 is ap-
parentlytoo large and � = 0:01 is better. If we estimate
(� ; �; � ; � ; � ) together, asdescribedin Section6,wegetthe
�rst row (“Adaptive+grad”)of Table2. As expected,error
ratesin discontinuityregions,shown in thecolumnsunder
“disc.”, areconsistentlyreduced.Overall,ourparameteres-
timationtechniqueraisestherankof thebaselinealgorithm
(with intensitygradientcue)by six slots,andthe resulting
adaptivealgorithmis rankedthe�fth amongall stereoalgo-
rithmsin theMiddlebury rankings,asof April 24,2005.

8. Discussion
In this paper, we presenteda parameterestimationmethod
for MRF stereo. Our methodconvergesconsistentlyand
signi�cantly improves a baselinestereoalgorithm. Our
methodworksasawrapperthatinterfaceswith many stereo
algorithmswithout requiring any changesto thosealgo-
rithms.Herewediscusssomeideasfor futurework.

First,ourmodelgiveshigherenergy to groundtruth than
to theestimateddisparitymaps[18]. Oneof thereasonsis
thatwe modelvisibility photometrically, but not geometri-
cally. In otherwords,we assumevisibility variables� are
independentof D . Onepieceof future work would be to
model the occlusionprocessmore precisely. Second,we
usehistogramsof pixel matchingerrorsand neighboring
disparitydifferencesfor a wholeimage,assumingthemix-
ture modelsdon't vary acrossthe image. This assumption
maybevalid for thematchingerrors,whicharelargelydue
to sensornoise,but it maynot beaccuratefor thedisparity
maps,whichmayhave spatiallyvaryingsmoothness.
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� = 5:12; � = 16:10; � = 0:065 � = 8:94; � = 7:02; � = 0:83 � = 17:50; � = 2:31; � = 6:78 � = 18:39; � = 1:64; � = 9:49

� = 5:12; � = 16:92; � = 0:069 � = 16:11; � = 10:76; � = 0:95 � = 34:43; � = 2:42; � = 13:78 � = 34:79; � = 1:73; � = 20:08

� = 5:12; � = 16:92; � = 0:069 � = 13:29; � = 11:13; � = 0:76 � = 28:10; � = 2:65; � = 11:14 � = 28:87; � = 1:90; � = 15:59

� = 5:12; � = 18:49; � = 0:075 � = 16:99; � = 12:51; � = 0:89 � = 60:25; � = 4:43; � = 13:42 � = 85:50; � = 1:87; � = 41:71

Figure 4. Convergence on the four Middlebury benchmarks. The four columns correspond to iteration 1, 2, 4, and 6.
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Figure 5. Graphs of error rate with respect to ground truth as a function of regularization weight � while �xing (� ; � ). The
vertical dotted lines are our estimation for � .
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