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Abstract

Depthestimationin computervision androbotics
is mostcommonlydonevia stereovision (stereop-
sis), in which imagesfrom two camerasareused
to triangulateand estimatedistances. However,
therearealsonumerousmonocularvisual cues—
suchas texture variationsand gradients,defocus,
color/haze,etc.—thathave heretoforebeen little
exploited in suchsystems.Someof thesecuesap-
ply even in regions without texture, wherestereo
would work poorly. In this paper, we apply a
Markov RandomField (MRF) learningalgorithm
to capturesomeof thesemonocularcues,and in-
corporatetheminto a stereosystem.We show that
by addingmonocularcuesto stereo(triangulation)
ones,we obtainsigni�cantly moreaccuratedepth
estimatesthanis possibleusingeithermonocularor
stereocuesalone. This holdstrue for a largevari-
etyof environments,includingbothindoorenviron-
mentsandunstructuredoutdoorenvironmentscon-
taining trees/forests,buildings, etc. Our approach
is general,andappliesto incorporatingmonocular
cuestogetherwith any off-the-shelfstereosystem.

1 Intr oduction
Considerthe problemof estimatingdepthfrom two images
takenfrom a pair of stereocameras(Fig. 1). Themostcom-
mon approachfor doing so is stereopsis(stereovision), in
whichdepthsareestimatedby triangulationusingthetwo im-
ages.Over thepastfew decades,researchershave developed
verygoodstereovisionsystems(see[ScharsteinandSzeliski,
2002] for a review). Although thesesystemswork well in
many environments,stereovision is fundamentallylimited
by the baselinedistancebetweenthe two cameras.Speci�-
cally, thedepthestimatestendto beinaccuratewhenthedis-
tancesconsideredarelarge(becauseevenverysmalltriangu-
lation/angleestimationerrorstranslateto very largeerrorsin
distances).Further, stereovisionalsotendsto fail for texture-
lessregionsof imageswherecorrespondencescannotbereli-
ably found.

Beyondstereo/triangulationcues,therearealsonumerous
monocularcues—suchas texture variationsand gradients,

Figure1: Two imagestaken from a stereopair of cameras,
and the depthmapcalculatedby a stereosystem. Colors in
thedepthmapindicateestimateddistancesfrom thecamera.

defocus,color/haze,etc.—thatcontainusefulandimportant
depthinformation. Even thoughhumansperceive depthby
seamlesslycombiningmany of thesestereoand monocular
cues,mostwork on depthestimationhasfocusedon stereo
vision, andon otheralgorithmsthat requiremultiple images
suchasstructurefrom motion [ForsythandPonce,2003] or
depthfrom defocus[Klarquistetal., 1995].

In this paper, we look at how monocularcuesfrom a sin-
gle imagecanbeincorporatedinto a stereosystem.Estimat-
ing depthfrom asingleimageusingmonocularcuesrequires
a signi�cant amountof prior knowledge, since there is an
intrinsic ambiguitybetweenlocal imagefeaturesanddepth
variations. In addition,we believe that monocularcuesand
(purely geometric)stereocuesgive largely orthogonal,and
thereforecomplementary, typesof informationaboutdepth.
Stereocuesarebasedon thedifferencebetweentwo images
anddo not dependon thecontentof the image. The images
canbeentirely random,andit will generatea patternof dis-
parities(e.g.,randomdot stereograms[Blthoff et al., 1998]).
On the otherhand,depthestimatesfrom monocularcuesis
entirelybasedonprior knowledgeabouttheenvironmentand
global structureof the image. Therearemany examplesof
beautifullyengineeredstereosystemsin theliterature,but the
goal of this work is not to directly improve on, or compare
against,thesesystems.Instead,ourgoalis to investigatehow
monocularcuescanbeintegratedwith any reasonablestereo
system,to (hopefully)obtainbetterdepthestimatesthanthe
stereosystemalone.

Depthestimationfrom monocularcuesis a dif�cult task,
which requiresthatwe take into accounttheglobalstructure
of theimage.[Saxenaetal., 2006a] appliedsupervisedlearn-



ing to theproblemof estimatingdepthfrom singlemonocular
imagesof unconstrainedoutdoorand indoor environments.
[Michels et al., 2005] usedsupervisedlearningto estimate
1-D distancesto obstacles,for theapplicationof driving are-
motecontrolledcar autonomously. Methodssuchasshape
from shading[Zhangetal., 1999] rely onpurelyphotometric
properties,assuminguniform color and texture; and hence
arenot applicableto the unconstrained/texturedimagesthat
weconsider. [Delageetal., 2006] generated3-dmodelsfrom
an imageof indoor scenescontainingonly walls and �oor .
[Hoiem et al., 2005] alsoconsideredmonocular3-d recon-
struction,but focusedongeneratingvisuallypleasinggraphi-
cal imagesby classifyingthesceneassky, ground,or vertical
planes,ratherthanaccuratemetricdepthmaps.

Building on [Saxenaet al., 2006a], our approachis based
on incorporatingmonocularand stereocuesfor modeling
depthsand relationshipsbetweendepthsat different points
in the imageusinga hierarchical,multi-scaleMarkov Ran-
domField (MRF). MRFsandtheir variantsarea workhorse
of machinelearning,andhave beensuccessfullyappliedto
numerousapplicationsin which local featureswere insuf�-
cientandmorecontextual informationmustbeused.1 Taking
a supervisedlearningapproachto theproblemof depthesti-
mation,we designeda custom3-d scannerto collecttraining
datacomprisinga large set of stereopairs and their corre-
spondingground-truthdepthmaps.Using this training set,
we model the posteriordistribution of the depthsgiven the
monocularimagefeaturesandthestereodisparities.Though
learningin our MRF model is approximate,MAP posterior
inferenceis tractablevia linearprogramming.

Althoughdepthmapscanbeestimatedfrom singlemonoc-
ularimages,wedemonstratethatby combiningbothmonocu-
lar andstereocuesin ourmodel,weobtainsigni�cantly more
accuratedepthmapsthan is possiblefrom eitheralone. We
demonstratethis on a large variety of environments,includ-
ing bothindoorenvironmentsandunstructuredoutdoorenvi-
ronmentscontainingtrees/forests,buildings,etc.

2 Visual Cuesfor Depth Perception
Humansusenumerousvisual cuesfor 3-d depthperception,
which can be groupedinto two categories: Monocularand
Stereo.[Loomis,2001]

2.1 Monocular Cues
Humanshave an amazingability to judgedepthfrom a sin-
gle image. This is doneusingmonocularcuessuchastex-
turevariationsandgradients,occlusion,known objectsizes,
haze, defocus, etc. [Loomis, 2001; Blthoff et al., 1998;
Saxenaet al., 2006a]. Someof thesecues,suchashaze(re-
sultingfrom atmosphericlight scattering)anddefocus(blur-
ring of objectsnot in focus), are local cues; i.e., the esti-
mateof depthis dependentonly on the local imageproper-
ties. Many objects' texturesappeardifferent dependingon

1Examplesincludetext segmentation[Lafferty et al., 2001], im-
agelabeling[Heetal., 2004; KumarandHebert,2003] andsmooth-
ing disparity to computedepthmapsin stereovision [Tappenand
Freeman,2003]. BecauseMRF learningis intractablein general,
mostof thesemodelaretrainedusingpseudo-likelihood.

Figure 2: The �lters usedfor computingtexture variations
andgradients.The�rst 9 areLaws' masks,andthelast6 are
orientededge�lters.

the distanceto them. Texture gradients,which capturethe
distribution of the direction of edges,also help to indicate
depth.2

Someof thesemonocularcuesarebasedon prior knowl-
edge. For example,humansrememberthat a structureof a
particularshapeis abuilding, sky is blue,grassis green,trees
grow abovethegroundandhaveleavesontopof them,andso
on. Thesecueshelpto predictdepthin environmentssimilar
to thosewhichthey haveseenbefore.Many of thesecuesrely
on “contextual information,” in thesensethatthey areglobal
propertiesof animageandcannotbeinferredfrom smallim-
agepatches.For example,occlusioncannotbe determined
if we look at just a smallportionof anoccludedobject. Al-
thoughlocal informationsuchasthe texture andcolorsof a
patchcangive someinformationaboutits depth,this is usu-
ally insuf�cient to accuratelydetermineits absolutedepth.
Therefore,we needto look at theoverall organizationof the
imageto estimatedepths.

2.2 StereoCues
Eacheye receivesa slightly differentview of the world and
stereovision combinesthe two views to perceive 3-d depth.
An objectis projectedontodifferentlocationsonthetwo reti-
nae(camerasin the caseof a stereosystem),dependingon
thedistanceof theobject.Theretinal(stereo)disparityvaries
with objectdistance,andis inverselyproportionalto thedis-
tanceof theobject.Thus,disparityis not aneffective cuefor
smalldepthdifferencesat largedistances.

3 Features
3.1 Monocular Features
In our approach,we divide the imageinto small rectangu-
lar patches,andestimatea singledepthvaluefor eachpatch.
Similar to [Saxenaet al., 2006a], we usetwo typesof fea-
tures:absolutefeatures—usedto estimatetheabsolutedepth
at a particularpatch—andrelative features,which we use
to estimaterelative depths(magnitudeof the differencein
depthbetweentwo patches).3 We chosefeaturesthat cap-
turethreetypesof local cues:texturevariations,texturegra-
dients, and color, by convolving the image with 17 �lters
(9 Laws' masks,6 orientededge�lters, and2 color �lters,
Fig. 2). [Saxenaetal., 2006b]

We generatetheabsolutefeaturesby computingthesum-
squaredenergy of eachof these17 �lter outputsover each

2For textured environmentswhich may not have well-de�ned
edges,texture gradientis a generalizationof the edgedirections.
For example,a grass�eld whenviewed at differentdistanceshas
differentdistributionof edges.

3If two neighborpatchesof an imagedisplaysimilar features,
humanswould often perceive themto be partsof the sameobject,
andto havesimilardepthvalues.



Figure3: Theabsolutedepthfeaturevectorfor a patch,which includestheimmediateneighbors,andthedistantneighborsin
largerscales.Therelativedepthfeaturesfor eachpatchcomputehistogramsof the�lter outputs.

patch.Sincelocalimagefeaturescenteredonthepatcharein-
suf�cient, we attemptto capturemoreglobal informationby
usingimagefeaturesextractedat multiple spatialscales4 for
thatpatchaswell asthe4 neighboringpatches.(Fig. 3) This
resultsin a absolutefeaturevectorof (1 + 4) � 3 � 17 = 255
dimensions.For relativefeatures,we usea 10-binhistogram
for each�lter output for the pixels in the patch,giving us
10 � 17 = 170 valuesyi for eachpatchi . Therefore,our
featuresfor theedgebetweenpatchi andj arethedifference
yij = jyi � yj j.

3.2 Disparity fr om stereocorrespondence
Depthestimationusingstereovision from two images(taken
from two camerasseparatedby a baselinedistance)involves
threesteps:First,establishcorrespondencesbetweenthetwo
images. Then, calculatethe relative displacements(called
“disparity”) betweenthefeaturesin eachimage.Finally, de-
terminethe 3-d depthof the featurerelative to the cameras,
usingknowledgeof thecamerageometry.

Stereocorrespondencesgive reliableestimatesof dispar-
ity, exceptwhen large portionsof the imageare featureless
(i.e., correspondencescannotbe found). Further, the accu-
racy dependson the baselinedistancebetweenthe cameras.
In general,for agivenbaselinedistancebetweencameras,the
accuracy decreasesasthe depthvaluesincrease.This is be-
causesmallerrorsin disparitythentranslateinto hugeerrors
in depthestimates.In thelimit of verydistantobjects,thereis
no observabledisparity, anddepthestimationgenerallyfails.
Empirically, depthestimatesfrom stereotendto becomeun-
reliablewhenthedepthexceedsacertaindistance.

Our stereosystem�nds goodfeaturecorrespondencesbe-
tweenthe two imagesby rejectingpixels with little texture,
or wherethe correspondenceis otherwiseambiguous.5 We

4The patchesat eachspatial scaleare arrangedin a grid of
equallysizednon-overlappingregionsthat cover the entire image.
Weuse3 scalesin ourexperiments.

5Moreformally, werejectany featurewherethebestmatchis not
signi�cantly betterthanall othermatcheswithin thesearchwindow.

Figure4: Themulti-scaleMRF modelfor modelingrelation
betweenfeaturesanddepths,relationbetweendepthsatsame
scale,andrelationbetweendepthsat differentscales.(Only
2 outof 3 scales,andasubsetof theedges,areshown.)

usethesum-of-absolute-differencescorrelationasthemetric
scoreto �nd correspondences.[ForsythandPonce,2003] Our
cameras(andalgorithm)allow sub-pixel interpolationaccu-
racy of 0:2 pixels of disparity. Even thoughwe usea fairly
basicimplementationof stereopsis,theideasin thispapercan
just asreadilybeappliedtogetherwith other, perhapsbetter,
stereosystems.

4 Probabilistic Model
Our learningalgorithmis basedon a Markov RandomField
(MRF) model that incorporatesmonocularand stereofea-
tures,and modelsdepthat multiple spatialscales(Fig. 4).
TheMRF modelis discriminative, i.e., it modelsthedepthsd
asa functionof theimagefeaturesX : P(djX ). Thedepthof
a particularpatchdependson the monocularfeaturesof the
patch,on thestereodisparity, andis alsorelatedto thedepths
of otherpartsof the image. For example,the depthsof two
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adjacentpatcheslying in thesamebuilding will behighly cor-
related.Therefore,we modeltherelationbetweenthedepth
of apatchandits neighborsatmultiplespatialscales.

4.1 GaussianModel
We �rst proposea jointly GaussianMRF (Eq. 1), parame-
terizedby � and � . We de�ne di (s) to be the depthof a
patchi at scales 2 f 1; 2; 3g, with theconstraintdi (s + 1) =
(1=5)

P
j 2f i;N s ( i )g dj (s). I.e., the depthat a higherscaleis

constrainedto be the averageof the depthsat lower scales.
Here,Ns(i ) arethe 5 neighbors(including itself) of patchi
at scales. M is thetotal numberof patchesin the image(at
thelowestscale);x i is theabsolutefeaturevectorfor patchi ;
di;ster eo is thedepthestimateobtainedfrom disparity;6 ZG is
thenormalizationconstant.

The �rst term in the exponentin Eq. 1 modelsthe rela-
tion betweenthedepthandtheestimatefrom stereodisparity.
The secondterm modelsthe relationbetweenthe depthand
the multi-scalefeaturesof a singlepatchi . The third term
placesasoft “constraint”onthedepthsto besmooth.We�rst
estimatethe � r parametersin Eq. 1 by maximizingthe con-
ditional likelihood p(djX ; � r ) of the training data; keeping
� constant.[Saxenaet al., 2006a] We thenachieve selective
smoothingby modelingthe “variance”term � 2

2r s in the de-
nominatorof thethird termasa linearfunctionof thepatches
i and j 's relative depthfeaturesyij s. The � 2

1r term givesa
measureof uncertaintyin thesecondterm,whichwe learnas
a linear functionof the featuresx i . This is motivatedby the
observation that in somecases,depthcannotbe reliably es-
timatedfrom the local monocularfeatures.In this case,one
hasto rely moreon neighboringpatches'depthsor on stereo
cuesto infer apatch's depth.

Modeling Uncertainty in Stereo
The errorsin disparityaremodeledaseitherGaussian[Das
andAhuja, 1995] or via someother, heavier-tailed distribu-
tion (e.g.,[Szelinski,1990]). Speci�cally, theerrorsin dispar-
ity havetwo maincauses:(a)Assumingunique/perfectcorre-
spondence,thedisparityhasa smallerrordueto imagenoise
(including aliasing/pixelization), which is well modeledby
a Gaussian.(b) Occasionalerrorsin correspondencecauses
larger errors,which resultsin a heavy-tailed distribution for
disparity. [Szelinski,1990]

We estimatedepthson a log scaleasd = log(C=g) from
disparity g, with cameraparametersdeterminingC. If the
standarddeviation is � g in computingdisparity from stereo
images(becauseof imagenoise,etc.),thenthestandarddevi-

6In this work, we directly use di;ster eo as the stereo cue.
In [Saxenaet al., 2007], we usea library of featurescreatedfrom
stereodepthsasthecuesfor identifyingagrasppointonobjects.

ationof thedepths7 will be � d;stereo � � g=g. For our stereo
system,wehave that� g is about0.2pixels;8 this is thenused
to estimate� d;stereo . Note thereforethat � d;stereo is a func-
tion of the estimateddepth,andspeci�cally, it capturesthe
fact that variancein depthestimatesis larger for distantob-
jectsthanfor closerones.

Whengivenanew testimage,MAP inferencefor depthsd
canbederivedin closedform.

4.2 Laplacian Model

In our secondmodel (Eq. 2), we replacethe L 2 termswith
L 1 terms. This resultsin a model parameterizedby � and
by � , the Laplacianspreadparameters,insteadof Gaussian
varianceparameters.SinceML parameterestimationin the
Laplacianmodel is intractable,we learn theseparameters
following an analogyto the Gaussiancase.[Saxenaet al.,
2006a] Ourmotivationfor usingL 1 termsis three-fold.First,
thehistogramof relative depths(di � dj ) is closeto a Lapla-
cian distribution empirically, which suggeststhat it is better
modeledasone.Second,theLaplaciandistributionhasheav-
ier tails,andis thereforemorerobustto outliersin theimage
featuresand errorsin the training-setdepthmaps(collected
with a laserscanner;seeSection5.1). Third, the Gaussian
model was generallyunableto give depthmapswith sharp
edges;in contrast,Laplacianstend to model sharptransi-
tions/outliersbetter. (SeeSection5.2.) Givena new testim-
age,MAP posteriorinferencefor the depthsd is tractable,
andis easilysolvedusinglinearprogramming(LP).

5 Experiments

5.1 Laser Scanner

We designeda 3-d scannerto collect stereoimagepairsand
theircorrespondingdepthmaps(Fig. 6). Thescannerusesthe
SICK laserdevice which gives depthreadingsin a vertical
column,with a 1:0� resolution.To collectreadingsalongthe
other axis (left to right), we mountedthe SICK laseron a
panningmotor. The motor rotatesafter eachvertical scan
to collect laserreadingsfor anothervertical column,with a
0:5� horizontalangularresolution.Thedepthmapis laterre-
constructedusingthevertical laserscans,themotorreadings

7Using the delta rule from statistics: Var(f (x)) �
(f 0(x)) 2Var(x), derivedfrom a secondorderTaylor seriesapprox-
imationof f (x).

8One can also envisage obtaining a better estimate of � g

as a function of a match metric used during stereocorrespon-
dence,[ScharsteinandSzeliski,2002] suchasnormalizedsumof
squareddifferences;or learning� g asafunctionof disparity/texture
basedfeatures.



Figure5: Resultsfor a variedsetof environments,showing oneimageof thestereopairs(column1), groundtruth depthmap
collectedfrom 3-d laserscanner(column2), depthscalculatedby stereo(column3), depthspredictedby usingmonocularcues
only (column4), depthspredictedby usingbothmonocularandstereocues(column5). Thebottomrow shows thecolor scale
for representationof depths.Closestpointsare1.2m, andfarthestare81m.(Bestviewedin color)



Figure 6: The custom3-d scannerto collect stereoimage
pairsandthecorrespondingdepthmaps.

andknown positionandposeof thelaserdeviceandthecam-
eras. The laserrange�nding equipmentwasmountedon a
LAGR (LearningApplied to GroundRobotics)robot. The
LAGR vehicle is equippedwith sensors,an onboardcom-
puter, andPoint Grey ResearchBumblebeestereocameras,
mountedwith abaselinedistanceof 11:7cm.

We collecteda total of 257 stereopairs+depthmaps,with
an image resolutionof 1024x768and a depthmapresolu-
tion of 67x54. In the experimentalresults reportedhere,
75% of the images/depthmapswere usedfor training, and
the remaining25% for hold-out testing. The imagescon-
sist of a wide variety of scenesincluding naturalenviron-
ments(forests,trees,bushes,etc.),man-madeenvironments
(buildings, roads,trees,grass,etc.), and purely indoor en-
vironments(corridors,etc.). Due to limitations of the laser,
thedepthmapshada maximumrangeof 81m (themaximum
rangeof the laserscanner),andhadminor additionalerrors
dueto re�ections andmissinglaserscans.Prior to running
our learningalgorithms,we transformedall the depthsto a
log scaleso asto emphasizemultiplicative ratherthanaddi-
tiveerrorsin training.

5.2 Resultsand Discussion
We evaluatethe performanceof the model on our test-set
comprisinga wide variety of real-world images. To quan-
titatively compareeffectsof variouscues,we report results
from the following classesof algorithmsthatusemonocular
andstereocuesin differentways:
(i) Baseline: The model, trainedwithout any features,pre-
dictsthemeanvalueof depthin thetrainingdepthmaps.
(ii) Stereo: Raw stereodepthestimates,with themissingval-
uessetto themeanvalueof depthin thetrainingdepthmaps.
(iii) Stereo (smooth): This methodperformsinterpolation
andregion�lling; usingtheLaplacianmodelwithout thesec-
ond term (which modelsdepthsasa function of monocular

Table1: Theaverageerrors(RMSerrorsgavesimilar results)
for variouscuesandmodels,ona log scale(base10).

ALGORITHM ALL CAMPUS FOREST INDOOR
BASELINE .341 .351 .344 .307
STEREO .138 .143 .113 .182
STEREO (SMOOTH) .088 .091 .080 .099
MONO (GAUSSIAN) .093 .095 .085 .108
MONO (LAP) .090 .091 .082 .105
STEREO+MONO .074 .077 .069 .079
(LAP)

cues)in Eq. 2, andalsowithout usingmonocularcuesto es-
timate� 2 asa functionof theimage.
(iv) Mono (Gaussian): Depthestimatesusingonly monocu-
lar cues,withoutthe�rst termin theexponentof theGaussian
model.
(v) Mono (Lap): Depth estimatesusing only monocular
cues,without the �rst term in theexponentof theLaplacian
model.
(vi) Stereo+Mono: Depthestimatesusingthefull model.
Table1 shows thattheperformanceis signi�cantly improved
when we combineboth mono and stereocues. The algo-
rithm is ableto estimatedepthswith anerrorof :074ordersof
magnitude,9 whichrepresentsasigni�cant improvementover
stereo(smooth)performanceof :088.

Fig. 5 shows that the model is able to predictdepthmaps
(column5) in avarietyof environments.It alsodemonstrates
how the model takes the best estimatesfrom both stereo
and monocularcuesto estimatemore accuratedepthmaps.
For example,in row 6 (Fig. 5), the depthmapgeneratedby
stereo(column3) is veryinaccurate,however, themonocular-
only modelpredictdepthsfairly accurately(column4). The
combinedmodelusesboth setsof cuesto producea better
depthmap(column 5). In row 3, stereocuesgive a better
estimatethanmonocularones,andagain we seethat using
our combinedMRF model,which usesboth monocularand
stereocues,resultsin anaccuratedepthmap(column5), cor-
rectingsomemistakesof stereo,suchassomefar-away re-
gionswhichstereopredictedasclose.

We note that monocularcues rely on prior knowledge
learnedfrom the training set about the environment. This
is becausemonocular3-d reconstructionis aninherentlyam-
biguousproblem.Thus,themonocularcuesmaynotgeneral-
izewell to imagesverydifferentfrom onesin thetrainingset,
suchasunderwaterimagesor aerialphotos. In contrast,the
stereopsiscueswe usedarearepurelygeometric,andthere-
foreshouldwork well evenon imagestakenfrom verydiffer-
entenvironments.To testthegeneralizationcapabilityof the
algorithm,we alsotestedthealgorithmon images(e.g.con-
tainingtrees,buildings,roads,etc.) downloadedfrom theIn-
ternet(imagesfor which cameraparametersarenot known).
Themodel(usingmonocularcuesonly) wasableto produce
reasonabledepthmapson mostof theimages.(However, not
having ground-truthdepthmapsandstereoimagesfor images
downloadedfrom the Internet,we areunableto give quanti-

9Errorsareon a log10 scale.Thus,anerrorof " meansa multi-
plicative errorof 10" in actualdepth.E.g.,10:074 = 1:186, which
thusrepresentsan18.6%multiplicativeerror.
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Figure7: The averageerrors(on a log scale,base10) asa
functionof thedistancefrom thecamera.

tativecomparisonsfor theseimages.10)
In Fig. 7, westudythebehavior of thealgorithmasa func-

tion of the3-d distancefrom thecamera.At smalldistances,
thealgorithmreliesmoreon stereocues,which aremoreac-
curatethanthe monocularcuesin this regime. However, at
largerdistances,theperformanceof stereodegrades;andthe
algorithmreliesmoreon monocularcues. Since,our algo-
rithmmodelsuncertaintiesin bothstereoandmonocularcues,
it is ableto combinestereoandmonocularcueseffectively.

We alsocarriedout anerroranalysis,to identify thecases
whenthe algorithmmakesmistakes. Someof its errorscan
be attributedto limitations of the training set. For example,
themaximumvalueof thedepthsin the trainingandtestset
is 81m;therefore,far-away objectsareall mappedto theone
distanceof 81m. The monocularalgorithmfails sometimes
to predictcorrectdepthsfor objectswhich areonly partially
visible in theimage(e.g.,Fig. 5, row 2: treeon theleft). For
depthat sucha point, most of its neighborslie outsidethe
imagearea,hencethe relationsbetweenneighboringdepths
arenot effective. However, in thosecases,stereocuesoften
helpproducethecorrectdepthmap(row 2, column5).

6 Conclusions
We have presenteda hierarchical,multi-scaleMRF learning
modelfor capturingmonocularcuesandincorporatingthem
into a stereosystemso as to obtain signi�cantly improved
depthestimates.The monocularcuesand (purely geomet-
ric) stereocuesgive largely orthogonal,andthereforecom-
plementary, typesof informationaboutdepth.We show that
by usingboth monocularandstereocues,we obtainsignif-
icantly moreaccuratedepthestimatesthanis possibleusing
either monocularor stereocuesalone. This holds true for
a large variety of environments,including both indoor envi-
ronmentsandunstructuredoutdoorenvironmentscontaining
trees/forests,buildings,etc.Our approachis general,andap-

10Results on internet images are available at:
http://ai.stanford.edu/ � asaxena/learningdepth

plies to incorporatingmonocularcuestogetherwith any off-
the-shelfstereosystem.

Acknowledgments
WethankAndrew Lookingbill for helpin collectingthestereo
pairs.WealsothankLarry Jackel andPieterAbbeelfor help-
ful discussions. This work was supportedby the DARPA
LAGRprogramundercontractnumberFA8650-04-C-7134.

References
[Blthoff etal., 1998] I. Blthoff, H. Blthoff, and P. Sinha. Top-

down in�uenceson stereoscopicdepth-perception.Nature Neu-
roscience, 1:254–257,1998.1, 2

[DasandAhuja,1995] S.DasandN. Ahuja. Performanceanalysis
of stereo,vergence,and focus as depthcuesfor active vision.
IEEETransPAMI, 17:1213–1219,1995.4

[Delageetal., 2006] Erick Delage,Honglak Lee, and Andrew Y.
Ng. A dynamicbayesiannetwork modelfor autonomous3d re-
constructionfrom asingleindoorimage.In CVPR. 2006.2

[ForsythandPonce,2003] David A. ForsythandJeanPonce.Com-
puterVision : A ModernApproach. PrenticeHall, 2003.1, 3

[Heetal., 2004] X. He, R. Zemel, and M. Perpinan. Multiscale
conditionalrandom�elds for imagelabeling. In CVPR, 2004.2

[Hoiemetal., 2005] D. Hoiem,A.A. Efros,andM. Herbert. Geo-
metriccontext from asingleimage.In ICCV, 2005.2

[Klarquistetal., 1995] W.N. Klarquist, W.S. Geisler, and A.C.
Bovik. Maximum-likelihooddepth-from-defocusfor active vi-
sion. In IEEEInt'l Confon Intell RobotsandSystems, 1995.1

[KumarandHebert,2003] S. KumarandM. Hebert. Discrimina-
tive �elds for modelingspatialdependenciesin naturalimages.
In NIPS16, 2003.2

[Lafferty etal., 2001] J. Lafferty, A. McCallum, and F. Pereira.
Conditionalrandom�elds: Probabilisticmodelsfor segmenting
andlabelingsequencedata.In ICML, 2001.2

[Loomis,2001] J.M.Loomis. Lookingdown is lookingup. Nature
NewsandViews, 414:155–156,2001.2

[Michelsetal., 2005] Jeff Michels, Ashutosh Saxena, and An-
drew Y. Ng. High speedobstacleavoidanceusing monocular
visionandreinforcementlearning.In ICML, 2005.2

[Saxenaetal., 2006a] AshutoshSaxena,SungH. Chung,andAn-
drew Y. Ng. Learningdepthfrom singlemonocularimages. In
NIPS18, 2006.1, 2, 4

[Saxenaetal., 2006b] AshutoshSaxena, JustinDriemeyer, Justin
Kearns,ChiomaOsondu,andAndrew Y. Ng. Learningto grasp
novel objectsusingvision. In 10th InternationalSymposiumon
ExperimentalRobotics,ISER, 2006.2

[Saxenaetal., 2007] AshutoshSaxena, Justin Driemeyer, Justin
Kearns,andAndrew Y. Ng. Roboticgraspingof novel objects.
To appearin NIPS, 2007.4

[ScharsteinandSzeliski,2002] D. Scharsteinand R. Szeliski. A
taxonomyandevaluationof densetwo-framestereocorrespon-
dencealgorithms.IJCV, 47:7–42,2002.1, 4

[Szelinski,1990] R.Szelinski.Bayesianmodelingof uncertaintyin
low-level vision. In ICCV, 1990.4

[TappenandFreeman,2003] M.F. Tappen and M.T. Freeman.
Comparisonof graphcutswith belief propagationfor stereo,us-
ing identicalmrf parameters.In ICCV, 2003.2

[Zhangetal., 1999] Ruo Zhang, Ping-Sing Tsai, JamesEdwin
Cryer, and Mubarak Shah. Shapefrom shading: A survey.
IEEE Transactionson Pattern Analysis and Machine Intelli-
gence, 21(8):690–706,1999.2


