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Abstract

Recentstereo algorithmshaveachieved impressivere-
sultsbymodellingthedisparityimageasa Markov Random
Field (MRF). An important componentof an MRF-based
approach is the inferencealgorithm usedto �nd the most
likely settingof each node in the MRF. Algorithmshave
beenproposedwhich useGraph Cuts or Belief Propaga-
tion for inference. Thesestereoalgorithmsdiffer in boththe
inferencealgorithm usedand the formulationof the MRF.
It is unknownwhetherto attributetheresponsibilityfor dif-
ferencesin performanceto theMRF or the inferencealgo-
rithm. We addressthis throughcontrolled experimentsby
comparingtheBeliefPropagationalgorithmandtheGraph
Cutsalgorithm on the sameMRF's, which havebeencre-
atedfor calculatingstereo disparities. We �nd that the la-
bellingsproducedby the two algorithmsare comparable.
ThesolutionsproducedbyGraphCutshavea lowerenergy
thanthoseproducedwith BeliefPropagation,but this does
not necessarilylead to increasedperformancerelative to
theground-truth.

1. Intr oduction

Two of themoreexciting recentresultsin computational
visionhavebeenthedevelopmentof fastalgorithmsfor ap-
proximateinferencein Markov RandomFields (MRF's):
Graph Cuts [5] and Belief Propagation[16]. Paperson
both graph cuts and belief propagationhave won recent
academicrecognition[8, 9, 16] andhave beenappliedto
a numberof problems[6, 7]. In the realm of stereo,the
top contendersfor thebeststereoshapeestimation,on the
mostcommoncomparisondata,eitheruseBelief Propaga-
tion [11] or GraphCuts[3, 5]. Both algorithmsallow fast,
approximatesolutionsto MRF's, which arepowerful tools
for modellingvisionproblems,but intractableto solvewith

reasonablespeeduntil recently. Thesealgorithmsmaybe-
comethebasisfor new andpowerful visionalgorithms,soit
is importantto know how they compareagainsteachother.
Thestereoproblemprovidesawell-understoodtest-bedfor
comparison.

Unfortunately, thecompetingstereoalgorithmsuseboth
a differentinferencealgorithmanda differentformulation
of theMRF. This raisesthequestionof how to understand
differencesin systems'performance.LabellinganMRF has
beenshown to be NP-hard,so both GraphCuts and Be-
lief Propagationapproximatetheoptimal solution. Should
onesystem's improvementovertheotherbeattributedto its
choiceof aninferencealgorithm?Alternatively, doesmost
of theimprovementbelongto theauthors'uniqueformula-
tion of theMRF?

The answerto thesequestionsis importantbecausead-
vancingthe �eld of computervision andbuilding on these
two systemsrequiresunderstandingwhat makes theseal-
gorithmsdifferentandhow thesedifferencesaffect thesys-
tems' performance. To answerthis question,we show a
controlledcomparisonof theBelief PropagationandGraph
Cutsalgorithms.Thetwo algorithmsareexaminedoniden-
tical MRF's,allowing usto measurethequalityof thesolu-
tionsproducedby thetwo algorithmsandisolatetheeffects
of theinferencealgorithmsonsystemperformance.

In Section2 wediscusshow theMRF modelcanbeused
to calculatestereodisparities.Section3 explainstheformu-
lationof theMRF'susedin ourtestsandtheimplementation
of theBelief PropagationandGraphCutsalgorithms.The
resultsof ourcomparisonarepresentedin Section4 andare
discussedin Section5.

2. MRF Model for Stereo

Given a recti�ed stereopair of images,the goal is to
�nd the disparityof eachpixel in the referenceimage. In
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[10], ScharsteinandSzeliskipoint out that moststereoal-
gorithmsperformfour basicsteps:

1. Matchingcostcomputation

2. Cost(or support)aggregation

3. Disparityoptimization

4. Disparityre�nement

In this section,we discusshow steps1, 2, and3 canbe
accomplishedby modellingthedisparityimageasaMarkov
RandomField.

2.1. Matching CostComputation

Thetruedisparityof eachpixel in thedisparityimageis
a randomvariable,denotedxp for the variableat pixel lo-
cationp. Eachvariablecantake oneof N discretestates,
which representthe possibledisparitiesat that point. For
eachpossibledisparityvalue,thereis acostassociatedwith
matchingthe pixel to the correspondingpixel in the other
stereoimage at that disparity value. Typically, this cost
is basedon the intensitydifferencesbetweenthe two pix-
els, yp. This cost is re�ected in the compatibility func-
tion, �( xp; yp), which relateshow compatiblea disparity
valueis with the intensitydifferencesobserved in the im-
age.Smallerintensitydifferenceswill correspondto higher
compatibilitiesandvice-versa.

2.2. Support Aggregation

The next stepis to aggregatesupportfor the candidate
disparities. A standardsum-of-squared-differences algo-
rithm accomplishesthis by assuminga constantdisparity
overasmallwindow surroundingeachpointand�nding the
bestmatchingcost[10]. A MRF approachaggregatessup-
port by introducinga secondcompatibility function, 	( �).
This function expressesthe compatibility betweenneigh-
boringvariables.Traditionally, only variablesadjacentto a
particularvariableareconsideredits neighbors.Therefore,
every	( �) is of theform 	( xp; xn ), wherethelocationn is
adjacentto p. Thisis known asapair-wiseMarkov Random
Field. Typically only pairwiseMarkov RandomFieldsare
usedfor stereoproblemsbecauseconsideringmoreneigh-
borsquickly makesinferenceon the �eld computationally
intractable.Althoughthecompatibilityfunctionsonly con-
sideradjacentvariables,eachvariableis still ableto in�u-
enceeveryothervariablein the�eld via thesepair-wisecon-
nections.

2.3. Disparity Optimization

With thecompatibilityfunctionsde�ned, thejoint prob-
ability of theMRF canbewrittenas[1]:

P(x1;x2; : : : ; xN ; y1; y2; : : : ; yN ) =
Y

( i;j )

	( x i ; x j )
Y

p

�( xp; yp) (1)

whereN is thenumberof nodes,(i; j ) representa pair of
neighboringnodes,xn is thevariableat locationn, andyn

is thevariablerepresentingtheintensitydifferences.They
variablesareobservedandtherefore�zed duringoptimiza-
tion.

Thedisparityoptimizationsteprequireschoosinganes-
timator for x1 : : : xN . The two most commonestimators
arethe Minimum MeanSquaredError (MMSE) estimator
andMaximumA Posteriori(MAP) estimator. TheMMSE
estimateof eachx i is the meanof the marginal distribu-
tion of x i . TheMAP estimateis the labellingof x1 : : : xN

that maximizesEquation1. For this comparison,we use
theMAP estimatorbecausetheGraphCutsalgorithmis de-
signedto computethe MAP estimator. In Section5.2, we
discusstheadvantagesof usingtheMMSE estimator.

2.4. Equivalenceto Energy Minimization

As posedabove, the bestdisparitiesarefound by max-
imizing a probability. Taking the log of Equation1, we
see�nding the MAP estimateis equivalentto minimizing
a functionof theform

E(x1;x2; : : : ; xN ; y1; y2; : : : ; yN ) =
X

( i;j )

� log 	( x i ; x j ) +
X

p

� log �( xp; yp) (2)

In [5], thisequationis expressedas

E(x1;x2; : : : ; xN ; y1; y2; : : : ; yN ) =
X

( i;j )

V (x i ; x j ) +
X

p

D(xp; yp) (3)

The functionsV(�) andD(�) areenergy functions. The
factthatmaximizingtheprobabilityin Equation1 is equiv-
alent to minimizing the energy in Equation3 is important
becauseit meansthattheBelief PropagationandtheGraph
Cutsalgorithmsareattemptingto solve thesameproblem.
OncetheMRF hasbeenformulated,onealgorithmcanbe
substitutedfor theotherin thestereoalgorithms.

3. MRF Formulation

To determinewhether using one algorithm presents
a clear advantageover the other for the stereo prob-
lem, we compared Graph Cuts and Belief Propaga-
tion on identical MRF's. The comparisonwas made



using the stereo framework created by Scharsteinand
Szeliski to compare a number of different stereo al-
gorithms [10]. This framework can be found at
http://www.middlebury.edu/stereo . In or-
der to facilitate further experimentation,our implemen-
tation of the Belief Propagationalgorithm and modi-
�cations to the stereo framework will be available at
http://www.ai.mit.edu/˜mtappen .

The MRF is de�ned in terms of energy functions,
ratherthancompatibilities.Theenergy functionD(xp; yp),
which correspondsto the matchingcost computationand
�( xp; yp), is computedusingtheBirch�eld-Tomasimatch-
ing cost [2]. The cost function betweennodesV (x i ; x j ),
which determineshow support is aggregatedand corre-
spondsto 	( x i ; x j ), is computedin the samefashionas
[12]:

V (x i ; x j ) =

(
0 if x i = x j

� I (� I ) otherwise
(4)

This typeof energy functionis known asaPottsmodel.
Thefunction � I (�) is de�ned in termsof the imagegra-

dientbetweenthepixelsi andj , which is denotedat � I :

� I (� I ) =

(
P � s if � I < T

s Otherwise
(5)

whereT is a threshold,s is a penaltytermfor violating the
smoothnessconstraintandP is apenaltytermthatincreases
thepenaltywhenthegradienthasa smallmagnitude.Note
thatT , P, ands areconstantover thewholeimage.

To usebeliefpropagation,acostC canbeconvertedinto
compatibility by calculatinge� C . For numericalreasons,
the cost is converted into a compatibility using e� C=D ,
whereD is a constant.

3.1. Choiceof Belief PropagationAlgorithm

To implementtheBelief Propagationalgorithm,two de-
cisionsmustbe made. First, either the sum-productalgo-
rithm or the max-productalgorithmmustbe chosen.The
sum-productalgorithmcomputesthemarginaldistributions
of eachnode,while the max-productalgorithmcomputes
theMAP estimateof thewholeMRF. More informationon
thesealgorithmscanbe found in [6, 14, 16]. We usethe
max-productalgorithmto �nd theMAP estimatefor com-
parisonwith the GraphCuts algorithm, which also com-
putestheMAP estimate.

The secondchoiceis the messageupdateschedule.At
eachiteration,eachnodeusesthemessagesit hasreceived
in the previous iterationfrom neighboringnodesto calcu-
late messagesto sendto thoseneighbors. If nodei is to
the right of nodej , nodei sendsa messageto j at each
iterationof the algorithm. This messagecontainsnodei 's

belief abouteachpossiblestateof nodej . This message
is computedfrom themessagesthat i hasreceivedfrom its
neighbors.Themessagefrom i to j , denotedasm r ig ht (x j )
becauseit is themessagethat j is receiving from its right,
is:

mr ig ht (x j )  max
x i

	( x i ; x j )�( x i ; yi )�

mr ig ht (x i )mup (x i )mdow n (x i )
(6)

wheremr ig ht (x i ), mup (x i ), andmdow n (x i ) are the mes-
sagesreceivedby i from thenodesabove,below, andto its
right.

The messageupdatescheduledetermineswhena mes-
sagesentto a nodewill be usedby that nodeto compute
messagesfor thenode'sneighbors.In asynchronousupdate
schedule,eachnode�rst computesthe messagefor each
neighbor. Onceeverynodehascomputedthemessages,the
messagesaredeliveredto eachnodeandusedto compute
thenext roundof messages.

An alternative scheduleis to propagatemessagesin one
directionandupdateeachnodeimmediately. For instance
the�rst nodein a row, i would senda messageto thenode
at its right, i + 1. Nodei + 1 would thenusethis message
immediately, alongwith themessagesit hadpreviously re-
ceivedfrom aboveandbelow, to computeamessageto node
i + 2. Oncethishasbeencompletedfor everyrow, thesame
procedureoccursin the up, down, and left direction. We
referto thisstyleof updatingas“accelerated”updating.

The advantageof this method is that information is
quickly propagatedacrossthe�eld. For a synchronousup-
datescheduleon an imagewith width W , it would take
W iterationsfor informationfrom onesideof theimageto
reachtheother. Thealternativeschedulewouldonly require
oneiterationfor thisinformationto bepropagated.Thisfea-
ture of the “up-down-left-right” messagepassingschedule
causesthe Belief Propagationalgorithmto converge very
quickly.

Whenthemax-productalgorithmsconvergesona graph
with loops,it returnsanapproximatesolutionfor themost
likely labelling of the graph. The probability of this so-
lution is guaranteedto be greaterthan all other solutions
in a large neighborhoodaroundthat solution [15]. Upper
boundsonthedifferencebetweentheprobabilityof thetrue
MAP solutionandtheapproximatesolutionreturnedby Be-
lief Propagationareshown in [13].

3.2. Graph Cuts Algorithm

We used the Graph Cuts algorithm provided in
ScharsteinandSzeliski's package.In particular, the pack-
ageimplementsthe“swap” algorithmdescribedin [5]. Like
theBelief Propagationalgorithm,theGraphCutsalgorithm



(a)Map Image (b) GraphCuts (c) SynchronousBP (d) AcceleratedBP

Figure 1. Results produced by the three algorithms on the map image. The parameter s used to
generate this �eld were s = 50, T = 4, P = 2. Graph Cuts returns the smoothest solution because it
is able to �nd a lower­energy labelling than the two Belief Propagation algorithms.

Energy of MRF LabellingReturned(� 103)
Synchronous % Energy from Occluded

Image Ground-Truth GraphCuts Belief Prop MatchingCosts
Map 757 383 442 61%

Sawtooth 6591 1652 1713 79%
Tsukuba 1852 663 775 61%
Venus 5739 1442 1501 76%

Figure 2. Field Energies for the MRF labelled using ground­truth data compared to the energies for
the �elds labelled using Graph Cuts and Belief Propagation. Notice that the solutions returned by
the algorithms consistentl y have a much lower energy than the labellings produced from the ground­
truth, sho wing a mismatc h between the MRF form ulation and the ground­truth. The �nal column
contains the percenta ge of each ground­truth solution' s energy that comes from matc hing costs of
occ luded pix els.

�nds a localminimumby makinglocal improvements.The
“swap” algorithmmakeslocal improvementsby choosing
two of thepossiblestates,� and� , then�nding thosenodes
labelled� whoselabelshouldbechangeto � , or vice-versa,
in orderminimizetheenergy in the �eld asmuchaspossi-
ble. Using the min-cut/max-�ow formulation,the optimal
swapfor theentiregraphcanbecomputed.

4. Comparing Belief Propagation and Graph
Cuts

We comparedthe GraphCutsalgorithmwith the max-
product Belief Propagationalgorithm, using both syn-
chronousupdatesandacceleratedupdates.For eachof the
four imagesusedin [10], we generated10 MRF �elds by
varyingtheT, s, andP parametersof Equation5. We then
usedtheGraphCutsalgorithmandthe Belief Propagation
Algorithms to estimatethe MAP solutionof the �eld. To
comparethe two algorithms,we collectedthe threestatis-
tics reportedin [11] plusanadditionalstatistic:

� B �O – Thepercentageof pixels in non-occludedareas
of theimagewith adisparityerrorgreaterthan1.

� B �T – The percentageof pixels in texturelessareasof
theimagewith a disparityerrorgreaterthan1.

� BD – Thepercentageof pixelsneardiscontinuitiesin
theimagewith a disparityerrorgreaterthan1.

� E – Theenergy of thesolution.

4.1. Resultsfor Map Image

Thetablein Figure8 summarizestheresultsof thethree
algorithmson themapimage.Theperformancein termsof
B �O , B �T , andBD is nearlyidentical;neitheralgorithmhas
aclearadvantage.

However, it is usefulto examinetheenergy of thesolu-
tion returnedby eachalgorithm.Whentheerrorpenalty, s,
is 20, the energy of the solutionsreturnedby Belief Prop-
agationandGraphCutsnearlyequal,althoughGraphCuts
consistentlyreturnsa smaller�eld energy. After s is raised
to 50, the differencebetweenthe two solutionsincreases.
Thereasonfor this canbeseenin Figure1. Theregionson
theleft sideof theplanearesmootherin theresultsreturned
by GraphCutsthanthosereturnedby Belief Propagation.

However, this extra smoothnessdoesnot translateinto
betterperformancein termsof theground-truthdata.That



(a)TsukubaImage (b) GraphCuts (c) SynchronousBP (d) AcceleratedBP

Figure 3. Results produced by the three algorithms on the Tsukuba image. The parameter s used to
generate this �eld were s = 50, T = 4, P = 2. Again, Graph Cuts produces a much smoother solution.
Belief Propagation does maintain some structures that are lost in the Graph Cuts solution, suc h as
the camera and the face in the foregr ound.

(a)SawtoothImage (b) GraphCuts (c) SynchronousBP (d) AcceleratedBP

Figure 4. Results produced by the three algorithms on the sawtooth image. The parameter s used to
generate this �eld were s = 50, T = 4, P = 2. For this image, the output of the three algorithms is
comparab le.

is becausethe ground-truthsolutionactuallyhasa higher
energy thaneitherof thesolutionsreturnedby Belief Prop-
agationor Graph Cuts. In Figure 2, the energy of the
ground-truthsolution for eachimageis shown for a spe-
ci�c settingof the parametersof � I (�). The ground-truth
labellingwasproducedby choosingthedisparitylevel clos-
est to the ground-truthdisparityof eachpoint. The ener-
gies of the labelling producedby GraphCuts and Belief
Propagationaresigni�cantly lower than the energy of the
ground-truthlabelling. The large energiesfor the ground-
truth solution are causedby inaccuratematchingcostsin
occludedareas.Sinceoccludedpixelshave no counterpart
in the other image,the pixel at the correctdisparityof an
occludedpixel will likely have a different intensity, lead-
ing to a largematchingcost.Thesigni�cant effect of these
matchingcostscanbe observed in the last columnof Fig-
ure2. This columnlists thepercentageof the �nal energy
for eachof thesolutionsshown which canbe attributedto
matchingcostsfor occludedpixels. Thesematchingcosts
areasigni�cant majorityof the�nal costs.

4.2. Resultsfor Tsukuba Image

The tablein Figure8 lists the resultsof the threealgo-
rithms on theTsukubaimage. For this image,GraphCuts
is superior. Theprimaryreasonfor this superiorityappears
to bethattheBelief Propagationalgorithmassignsportions
of thebackgroundto haveverysmalldisparity. An example
of this canbe seenin Figure3. On the otherhand,when
thepenalty, P, is higher, Belief Propagationdoespreserve
somestructuresthatGraphCutsdoesnot.

4.3. Resultsfor SawtoothImage

Figure4 shows theoutputof thealgorithmon thesaw-
tooth image. In general,the resultsfor the two algorithms
on this imagewerecomparable.

4.4. Resultsfor VenusImage

Figure5showsasampleof theoutputof thealgorithmon
thevenusimage.Again, theGraphCutsalgorithmseemed
to producesmootherresults.



(a)VenusImage (b) GraphCuts (c) SynchronousBP (d) AcceleratedBP

Figure 5. Results produced by the three algorithms on the venus image. The parameter s used to
generate this �eld were s = 50, T = 4, P = 2. Graph Cuts ability to �nd a lower energy solutions
produces smoother , cleaner results.

Time (sec.)
Graph Synchronous Accelerated

Image Cuts Belief Prop. Belief Prop.
Map 268 1584 183

Tsukuba 268 1556 130
Sawtooth 272 3664 320

Venus 297 3644 262

Figure 6. The running times for the four exam­
ples sho wn. The accelerated Belief Propaga­
tion algorithm is generall y the fastest. These
results are from a 2.4 Ghz Pentium 4 proces­
sor.

4.5. Computational Time
In both belief propagationimplementations,the algo-

rithm ranfor a �x ednumberof iterations.Thisnumberwas
chosento belargeenoughthatthealgorithmconvergedfor
eachof theimages.Wefoundthat50 iterationswasenough
for theacceleratedmessageupdateschemeto converge.For
synchronousupdates,thenumberof iterationsmustbemay
needto be as large as the largestdimensionof the image
in orderto passinformationfrom onesideof the imageto
theother. In practice,we found that settingthenumberof
iterationsto be equalto half of the largestdimensionwas
suitable.Figure6 shows the timesfor computingthe four
resultsexamplesshown. In general,theacceleratedBelief
Propagationalgorithmtakeslesstimeto �nd asolutionthan
GraphCuts.It shouldbenotedthattherearefasterversions
of theGraphCutsalgorithmavailable[4]. Thesynchronous
Belief Propagationalgorithmtakessigni�cantly longerthan
the othertwo algorithmsdueto the large numberof itera-
tionsrequired.

5. Discussion

5.1. Differencesin Algorithm Performance
Oneof the interestingresultsis that the greatestdiffer-

encebetweentheperformanceof theGraphCutsandBelief

Propagationalgorithmsoccurswhens = 50 andP = 4.
In this case,the penalty incurredfor neighboringderiva-
tiveswith differentdisparitiesis either50 or 200,depend-
ing on thestrengthof theimagegradientat thatpoint. The
algorithmsperformedcomparablywhen this penaltywas
smaller, suchaswhenP = 1 or P = 2.

For Belief Propagation,the stronginteractionpenalties
and tightnessof the loops in the MRF likely hurt its per-
formance. When appliedto a network with loops, Belief
Propagationreturnsan approximationto the optimal solu-
tion. This occursbecausethe loopsallow the information
propagatedfrom thenodeto therestof theMRF to eventu-
ally comebackto thenode.Thestronginteractionpenalties
in theMRF whens = 50 andP = 4 couldexacerbatethe
effectof theloops.

TheGraphCutsalgorithm'sadvantagein thecaseof the
strongsmoothnesspenaltiesmay comefrom its construc-
tion. The max-�ow/min-cut algorithm allows the Graph
Cutsalgorithmto computetheoptimalswap for thewhole
graph.This globalcomputationmayhelpGraphCutscope
with thestronginteractionpenaltiesbetterthanBelief Prop-
agation.

5.2. MAP vsMMSE
As describedin Section2.3, the MAP estimateswere

usedfor comparingGraphCutsandBelief Propagation.A
noticeableartifact of usingthe MAP estimateis stair-step
effects, suchas thoseseenin 7(a). This effect of having
large �at regionswith suddenjumpsis causedbecausethe
MAP estimatormustassigna singlediscretedisparitylevel
to eachpoint. Smootherdepthmapscanbeobtainedby in-
steadusingtheMMSE estimator, whichonly Belief Propa-
gationcancompute.TheMMSE estimateweightsthedis-
cretedispariy levels accordingto their marginal probabil-
ity, resultingin sub-pixel disparitiesbeingassignedanda
smoothdepth-map,suchasthatshown in Figure7(b). The
marginalprobabilitiesof eachpoint canbefoundusingthe
sum-productvariant of the Belief Propagationalgorithm,
e.g.[6, 14].



(a)MAP Estimate (b) MMSE Estimate

Figure 7. Comparison of MAP and MMSE estimates on a diff erent MRF form ulation. The MAP estimate
chooses the most likel y discrete disparity level for each point, resulting in a depth­map with stair ­
stepping effects. Using the MMSE estimate assigns sub­pix el disparities, resulting in a smooth depth
map.

6. Conclusion

In this paper, we have examinedhow the Belief Propa-
gationalgorithmcompareswith the GraphCutsalgorithm
whenappliedto thesameMarkov RandomField. Wefound
that, in general,the resultsreturnedby the two algorithms
were comparable,though the Graph Cuts algorithm was
ableto �nd lower energy solutionsfor theMRF's thanBe-
lief Propagation. Examining the output of the two algo-
rithms, this was manifestedin the fact that the solutions
producedby GraphCuts tendedto be smoother. Neither
the synchronousor acceleratedBelief Propagationupdate
schemesheld a clearadvantageover the other in termsof
perfomance,while the accleratedBelief Propagationalgo-
rithm wassigni�cantly faster.

However, thesmoother, lowerenergysolutionsproduced
by the GraphCutsalgorithmdid not necessarilytranslate
into better performancecomparedto the ground-truthof
the scene.This is becausethe solutionsproducedby both
GraphCuts and Belief Propagationalways had a signi�-
cantly lower energy than labelling the graphaccordingto
the groundtruth. The bestlabelling of the pixels did not
alwayscorrespondto theground-truth.Giventhissituation,
the greatestincreasein performancewill be found by im-
proving theformulationof theMRF, ratherthanimproving
thesolutionsfoundfor theMRF'scurrentlybeingused.

For a stereoMRF usingthePottsmodel,theGraphCuts
algorithmfound lower energy solutions. However, we ex-
pect that the comparisonsbetweentheseinferencealgo-
rithmswill varyasafunctionof theMRF formulationbeing
solved. It would beusefulto comparetheexpansionGraph
Cutsalgorithmswith Belief Propagationusingcompatibil-
ity functionsbesidesthe Pottsmodel, suchasa truncated
quadraticenergy function.
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Algorithm
Belief Propagation Belief Propagation

MRF Parameters GraphCuts (Accelerated) (Synchronous)
T s P B �O B �T BD E B �O B �T BD E B �O B �T BD E
0 20 1 0.39 0 4.8 309574 0.37 0 4.9 314166 0.84 0 5.0 315455
4 20 2 0.35 1.4 3.9 313123 0.36 0 4.5 320731 0.41 0 4.9 322334
4 20 4 0.44 1.4 4.2 315770 0.46 0.95 4.83 323910 0.55 1.9 5.2 335110
8 20 2 0.34 0 4.5 320677 0.32 0 3.9 331511 0.36 0 4.7 336503
8 20 4 0.43 0 4.6 331302 0.39 0 3.82 347041 0.45 0 4.5 366189
0 50 1 0.20 0 3.8 366289 0.13 0 1.9 388394 0.14 0 1.9 385652
4 50 2 0.27 1.4 2.8 372693 0.15 0 2.0 400892 0.18 0.14 1.9 405933
4 50 4 0.29 0.14 2.6 375979 0.26 0.95 2.43 406647 0.71 0.95 2.2 427580
8 50 2 0.18 0 2.3 384342 0.14 0 2.0 417745 0.19 0 2.4 442665
8 50 4 0.39 0.4 2.9 399455 0.32 1.4 2.4 518615 0.38 1.9 2.9 518615

Figure 8. The results of appl ying the Graph Cuts and Belief propagation algorithms to the map
image. Each algorithm returns the best results in terms of bad pix els for at least one setting of the
parameter s. However, graph cuts consistentl y returns the labelling with the lowest energy.

Algorithm
Belief Propagation Belief Propagation

MRF Parameters GraphCuts (Accelerated) (Synchronous)
T s P B �O B �T BD E B �O B �T BD E B �O B �T BD E
0 20 1 3.0 3.1 11 461041 3.4 3.1 11 477252 3.8 4.2 12 475829
4 20 2 2.1 1.3 10 489159 3.4 4.0 10 518809 3.1 2.9 11 526006
4 20 4 2.2 1.2 11 315770 3.9 4.8 11 576892 3.6 3.6 12 589790
8 20 2 2.0 1.1 9.8 503751 3.2 2.8 10 536803 3.0 2.9 10 538787
8 20 4 2.0 1.1 10 553215 2.98 3.01 9 604397 2.6 2.4 8 620444
0 50 1 2.9 3.0 13 602355 3.65 5.3 12 631680 3.3 4.4 12 633092
4 50 2 2.2 1.7 12 645865 3.4 4.8 10 711274 3.0 3.4 12 758117
4 50 4 2.7 1.7 13 696521 3.9 5.4 11 819633 2.5 2.7 9 899215
8 50 2 2.4 1.7 12 663845 3.5 4.6 11 726452 2.5 2.7 9 775085
8 50 4 2.8 1.7 14 739000 4.1 5.2 12 867552 2.8 3.2 9 941129

Figure 9. The results of appl ying the Graph Cuts and Belief propagation algorithms to the tsukuba
image. Graph Cuts consistentl y perf orms better than Belief Propagation is all quality metrics, for
this image.
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