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Abstract

We considerthe taskof depthestimationfrom a singlemonocularim-
age. We take a supervisedlearningapproachto this problem,in which
we begin by collectinga training setof monocularimages(of unstruc-
turedoutdoorenvironmentswhich includeforests,trees,buildings,etc.)
and their correspondingground-truthdepthmaps.Then, we apply su-
pervisedlearningto predict the depthmapas a function of the image.
Depthestimationis achallengingproblem,sincelocal featuresaloneare
insuf�cient to estimatedepthat a point, andoneneedsto considerthe
global context of the image. Our modelusesa discriminatively-trained
Markov RandomField (MRF) that incorporatesmultiscalelocal- and
global-imagefeatures,and modelsboth depthsat individual points as
well as the relationbetweendepthsat differentpoints. We show that,
evenon unstructuredscenes,our algorithmis frequentlyableto recover
fairly accuratedepthmaps.

1 Intr oduction
Recovering 3-D depthfrom imagesis a basicproblemin computervision, andhasim-
portantapplicationsin robotics,sceneunderstandingand3-D reconstruction.Most work
on visual3-D reconstructionhasfocusedon binocularvision (stereopsis)[1] andon other
algorithmsthatrequiremultiple images,suchasstructurefrom motion[2] anddepthfrom
defocus[3]. Depthestimationfrom a singlemonocularimageis a dif�cult task,andre-
quiresthat we take into accountthe global structureof the image,as well as useprior
knowledgeaboutthe scene. In this paper, we apply supervisedlearningto the problem
of estimatingdepthfrom singlemonocularimagesof unstructuredoutdoorenvironments,
onesthatcontainforests,trees,buildings,people,buses,bushes,etc.

In relatedwork, Michels,Saxena& Ng [4] usedsupervisedlearningto estimate1-D dis-
tancesto obstacles,for theapplicationof autonomouslydriving aremotecontrolcar. Nagai
et al. [5] performedsurfacereconstructionfrom single imagesfor known, �x ed, objects
suchas handsand faces. Gini & Marchi [6] usedsingle-cameravision to drive an in-
door robot,but reliedheavily on known groundcolorsandtextures. Shapefrom shading
[7] offers anothermethodfor monoculardepthreconstruction,but is dif�cult to apply to
scenesthat do not have fairly uniform color andtexture. In work doneindependentlyof
ours,Hoiem,EfrosandHerbert(personalcommunication)alsoconsideredmonocular3-D
reconstruction,but focusedon generating3-D graphicalimagesratherthanaccuratemet-
ric depthmaps.In this paper, we addressthe taskof learningfull depthmapsfrom single
imagesof unconstrainedenvironments.



Markov RandomFields(MRFs) andtheir variantsarea workhorseof machinelearning,
andhave beensuccessfullyappliedto numerousproblemsin which local featureswerein-
suf�cient andmorecontextual informationhadto beused.Examplesincludetext segmen-
tation[8], objectclassi�cation[9], andimagelabeling[10]. To modelspatialdependencies
in images,KumarandHebert'sDiscriminativeRandomFieldsalgorithm[11] useslogistic
regressionto identify man-madestructuresin naturalimages. BecauseMRF learningis
intractablein general,mostof thesemodelaretrainedusingpseudo-likelihood.

Ourapproachis basedoncapturingdepthsandrelationshipsbetweendepthsusinganMRF.
We began by using a 3-D distancescannerto collect training data,which compriseda
large setof imagesandtheir correspondingground-truthdepthmaps.Using this training
set, the MRF is discriminatively trainedto predictdepth; thus, ratherthanmodelingthe
joint distribution of imagefeaturesanddepths,we modelonly the posteriordistribution
of the depthsgiven the imagefeatures. Our basicmodel usesL 2 (Gaussian)termsin
the MRF interactionpotentials,and capturesdepthsand interactionsbetweendepthsat
multiplespatialscales.WealsopresentasecondmodelthatusesL 1 (Laplacian)interaction
potentials. Learningin this model is approximate,but exact MAP posteriorinferenceis
tractable(similar to GaussianMRFs) via linear programming,and it gives signi�cantly
betterdepthmapsthanthesimpleGaussianmodel.

2 Monocular Cues
Humansappearto beextremelygoodat judgingdepthfrom singlemonocularimages.[12]
This is doneusingmonocularcuessuchastexturevariations,texturegradients,occlusion,
known objectsizes,haze,defocus,etc.[4, 13, 14] For example,many objects'texturewill
look differentat differentdistancesfrom theviewer. Texturegradients,which capturethe
distribution of thedirectionof edges,alsohelp to indicatedepth.1 Hazeis anotherdepth
cue,andis causedby atmosphericlight scattering.

Mostof thesemonocularcuesare“contextual information,” in thesensethatthey areglobal
propertiesof animageandcannotbeinferredfrom small imagepatches.For example,oc-
clusion cannotbe determinedif we look at just a small portion of an occludedobject.
Althoughlocal informationsuchasthetextureandcolorof apatchcangivesomeinforma-
tion aboutits depth,this is usuallyinsuf�cient to accuratelydetermineits absolutedepth.
For anotherexample,if we takeapatchof aclearbluesky, it is dif�cult to tell if thispatch
is in�nitely far away (sky), or if it is partof a blueobject. Due to ambiguitieslike these,
oneneedsto look at theoverall organizationof theimageto determinedepths.

3 FeatureVector
In our approach,we divide theimageinto smallpatches,andestimatea singledepthvalue
for eachpatch.Weusetwo typesof features:absolutedepthfeatures—usedto estimatethe
absolutedepthataparticularpatch—andrelativefeatures,whichweusetoestimaterelative
depths(magnitudeof thedifferencein depthbetweentwo patches).Wechosefeaturesthat
capturethreetypesof local cues:texturevariations,texturegradients,andhaze.

Texture informationis mostlycontainedwithin the imageintensitychannel,2 sowe apply
Laws' masks[15, 4] to thischannelto computethetextureenergy (Fig.1). Hazeis re�ected
in the low frequency informationin thecolor channels,andwe capturethis by applyinga
local averaging�lter (the �rst Laws mask)to the color channels.Lastly, to computean

1For example,a tiled �oor with parallellineswill appearto have tilted linesin animage.Thedis-
tantpatcheswill have largervariationsin theline orientations,andnearbypatcheswill have smaller
variationsin line orientations.Similarly, a grass®eld whenviewed at differentdistanceswill have
differenttexturegradientdistributions.

2Werepresenteachimagein YCbCrcolorspace,whereY is theintensitychannel,andCbandCr
arethecolorchannels.



Figure1: Theconvolutional�lters usedfor textureenergiesandgradients.The�rst nineare
3x3 Laws' masks.Thelastsix aretheorientededgedetectorsspacedat 300 intervals.The
nineLaw's masksareusedto performlocalaveraging,edgedetectionandspotdetection.

Figure2: The absolutedepthfeaturevectorfor a patch,which includesfeaturesfrom its
immediateneighborsandits moredistantneighbors(at largerscales).The relative depth
featuresfor eachpatchusehistogramsof the�lter outputs.

estimateof texturegradientthat is robust to noise,we convolve theintensitychannelwith
six orientededge�lters (shown in Fig. 1).

3.1 Featuresfor absolutedepth
Givensomepatchi in theimageI (x; y), we computesummarystatisticsfor it asfollows.
We usetheoutputof eachof the17 (9 Laws' masks,2 color channelsand6 texturegra-
dients)�lters Fn (x; y), n = 1; :::; 17 as: E i (n) =

P
(x;y )2 patc h( i ) jI (x; y) � Fn (x; y)jk ,

wherek = f 1; 2g give thesumabsoluteenergy andsumsquaredenergy respectively. This
givesusaninitial featurevectorof dimension34.

To estimatethe absolutedepthat a patch,local imagefeaturescenteredon the patchare
insuf�cient, andonehasto usemoreglobalpropertiesof theimage.Weattemptto capture
this informationby usingimagefeaturesextractedat multiple scales(imageresolutions).
(SeeFig. 2.) Objectsatdifferentdepthsexhibit verydifferentbehaviorsatdifferentresolu-
tions,andusingmultiscalefeaturesallows usto capturethesevariations[16].3 In addition
to capturingmoreglobal information,computingfeaturesat multiple spatialscalesalso
help accountsfor differentrelative sizesof objects.A closerobjectappearslarger in the
image,andhencewill becapturedin the largerscalefeatures.Thesameobjectwhenfar
awaywill besmallandhencebecapturedin thesmallscalefeatures.Suchfeaturesmaybe
strongindicatorsof depth.

To captureadditionalglobal features(e.g. occlusionrelationships),the featuresusedto
predict the depthof a particularpatcharecomputedfrom that patchaswell as the four
neighboringpatches.This is repeatedat eachof thethreescales,sothatthefeaturevector

3For example,bluesky mayappearsimilaratdifferentscales;but texturedgrasswouldnot.



at a patchincludesfeaturesof its immediateneighbors,andits far neighbors(at a larger
scale),andits very far neighbors(at the largestscale),asshown in Fig. 2. Lastly, many
structures(suchastreesandbuildings)foundin outdoorscenesshow verticalstructure,in
thesensethatthey areverticallyconnectedto themselves(thingscannothangin emptyair).
Thus,we alsoaddto thefeaturesof a patchadditionalsummaryfeaturesof thecolumnit
lies in.

For eachpatch,after including featuresfrom itself and its 4 neighborsat 3 scales,and
summaryfeaturesfor its 4 columnpatches,our vectorof featuresfor estimatingdepthat a
particularpatchis 19� 34 = 646dimensional.

3.2 Featuresfor relative depth

We use a different featurevector to learn the dependenciesbetweentwo neighboring
patches.Speci�cally, wecomputeahistogram(with 10bins)of eachof the17�lter outputs
jI (x; y) � Fn (x; y)j, giving us a total of 170 featuresyi for eachpatchi . Thesefeatures
areusedto estimatehow thedepthsat two differentlocationsarerelated.We believe that
learningtheseestimatesrequireslessglobal informationthanpredictingabsolutedepth,4

but moredetailfrom theindividualpatches.Hence,weuseasourrelativedepthfeaturesthe
differencesbetweenthehistogramscomputedfrom two neighboringpatchesyij = yi � yj .

4 The Probabilistic Model
Thedepthof a particularpatchdependson thefeaturesof thepatch,but is alsorelatedto
the depthsof otherpartsof the image. For example,the depthsof two adjacentpatches
lying in the samebuilding will be highly correlated.We will usean MRF to model the
relationbetweenthedepthof apatchandthedepthsof its neighboringpatches.In addition
to the interactionswith the immediatelyneighboringpatches,thereare sometimesalso
stronginteractionsbetweenthedepthsof patcheswhich arenot immediateneighbors.For
example,considerthedepthsof patchesthat lie on a largebuilding. All of thesepatches
will beat similar depths,even if therearesmalldiscontinuities(suchasa window on the
wall of a building). However, whenviewed at the smallestscale,someadjacentpatches
aredif�cult to recognizeaspartsof thesameobject.Thus,wewill alsomodelinteractions
betweendepthsatmultiplespatialscales.

Our �rst modelwill bea jointly GaussianMRF. To capturethemultiscaledepthrelations,
let us de�ne di (s) as follows. For eachof threescaless = 1; 2; 3, de�ne di (s + 1) =
(1=5)

P
j 2 N s ( i ) [f i g dj (s). Here,Ns(i ) arethe4 neighborsof patchi at scales. I.e., the

depthat a higherscaleis constrainedto betheaverageof thedepthsat lower scales.Our
modelover depthsis asfollows:

P(djX ; � ; � ) =
1
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Here,M is thetotalnumberof patchesin theimage(at thelowestscale);x i is theabsolute
depthfeaturevectorfor patchi ; and� and� areparametersof the model. In detail, we
usedifferentparameters(� r , � 1r , � 2r ) for eachrow in the image,becausethe imageswe
considerare taken from a horizontally mountedcamera,and thus different rows of the
imagehave differentstatisticalproperties.5 Z is thenormalizationconstantfor themodel.

4For example,giventwo adjacentpatchesof a distinctive, unique,color andtexture,we maybe
ableto safelyconcludethatthey arepartof thesameobject,andthusthattheirdepthsareclose,even
withoutmoreglobalfeatures.

5For example,a bluepatchmight representsky if it is in upperpartof image,andmight bemore
likely to bewaterif in thelowerpartof theimage.



We estimate the parameters� r in Eq. 1 by maximizing the conditional likelihood
p(djX ; � r ) of thetrainingdata.Sincethemodelis a multivariateGaussian,themaximum
likelihoodestimateof parameters� r is obtainedby solvinga linearleastsquaresproblem.

The�rst termin theexponentabove modelsdepthasa functionof multiscalefeaturesof a
singlepatchi . Thesecondtermin theexponentplacesa soft “constraint”on thedepthsto
besmooth.If thevarianceterm� 2

2r s is a�x edconstant,theeffectof thistermis thatit tends
to smoothdepthestimatesacrossnearbypatches.However, in practicethe dependencies
betweenpatchesarenot thesameeverywhere,andour expectedvaluefor (di � dj )2 may
dependon thefeaturesof thelocalpatches.

Therefore,to improve accuracy we extendthemodelto capturethe “variance”term � 2
2r s

in thedenominatorof thesecondtermasa linearfunctionof thepatchesi andj 's relative
depthfeaturesyij s (discussedin Section3.2). We use� 2

2r s = uT
r s jyij s j. This helpsdeter-

mine which neighboringpatchesarelikely to have similar depths.E.g., the “smoothing”
effect is muchstrongerif neighboringpatchesaresimilar. This ideais appliedat multiple
scales,sothatwe learndifferent� 2

2r s for thedifferentscaless (androws r of the image).
Theparametersur s arechosento �t � 2

2r s to theexpectedvalueof (di (s) � dj (s))2, with a
constraintthatur s � 0 (to keeptheestimated� 2

2r s non-negative).

Similar to our discussionon � 2
2r s, we alsolearnthevarianceparameter� 2

1r = vT
r x i asa

linearfunctionof thefeatures.Theparametersvr arechosento �t � 2
1r to theexpectedvalue

of (di (r ) � � T
r x i )2, subjectto vr � 0.6 This � 2

1r termgivesa measureof theuncertainty
in the�rst term,anddependson thefeatures.This is motivatedby theobservationthat in
somecases,depthcannotbe reliably estimatedfrom the local features.In this case,one
hasto rely moreonneighboringpatches'depthsto infer apatch'sdepth(asmodeledby the
secondtermin theexponent).

After learningtheparameters,givenanew test-setimagewecan�nd theMAP estimateof
thedepthsby maximizingEq. 1 in termsof d. SinceEq. 1 is Gaussian,logP(djX ; � ; � )
is quadraticin d, andthusits maximumis easilyfoundin closedform (takingat most2-3
secondsperimage,includingfeaturecomputationtime).

4.1 Laplacian model
We now presenta secondmodel that usesLaplaciansinsteadof Gaussiansto model the
posteriordistribution of the depths. Our motivation for doing so is three-fold. First, a
histogramof the relative depths(di � dj ) empirically appearsLaplacian,which strongly
suggeststhat it is bettermodeledasone. Second,the Laplaciandistribution hasheavier
tails,andis thereforemorerobustto outliersin theimagefeaturesanderrorin thetraining-
setdepthmaps(collectedwith a laserscanner;seeSection5.1). Third, theGaussianmodel
wasgenerallyunableto give depthmapswith sharpedges;in contrast,Laplacianstendto
modelsharptransitions/outliersbetter. Ourmodelis asfollows:
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1
Z

exp
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Here,theparametersarethesameasEq. 1, exceptfor thevarianceterms. Here,� 1r and
� 2r s aretheLaplacianspreadparameters.Maximum-likelihoodparameterestimationfor
the Laplacianmodelis not tractable(sincethe partition functiondependson � r ). But by
analogyto theGaussiancase,we approximatethis by solvinga linearsystemof equations
X r � r � dr to minimizeL 1 (insteadof L 2) error. HereX r is thematrix of absolute-depth
features.Following the Gaussianmodel,we also learn the Laplacianspreadparameters
in the denominatorin the sameway, except that the insteadof estimatingthe expected
valueof (di � dj )2, we estimatetheexpectedvalueof jdi � dj j. Eventhoughmaximum

6Theabsolutedepthfeaturesx ir arenon-negative; thus,theestimated� 2
1r is alsonon-negative.



likelihoodparameterestimationfor � r is intractablein theLaplacianmodel,givena new
test-setimage,MAP inferencefor the depthsd is tractable.Speci�cally, P(djX ; � ; � ) is
easilymaximizedin termsof d usinglinearprogramming.

Remark. We canalsoextendthesemodelsto combineGaussianandLaplaciantermsin
the exponent,for exampleby usinga L 2 norm term for absolutedepth,anda L 1 norm
termfor theinteractionterms.MAP inferenceremainstractablein this setting,andcanbe
solvedusingconvex optimizationasaQP(quadraticprogram).

5 Experiments
5.1 Data collection
We useda 3-D laserscannerto collect imagesandtheir correspondingdepthmaps.The
scannerusesa SICK 1-D laserrange�nder mountedon a motor to get2D scans.We col-
lecteda total of 425image+depthmappairs,with animageresolutionof 1704x2272anda
depthmapresolutionof 86x107.In theexperimentalresultsreportedhere,75%of theim-
ages/depthmapswereusedfor training,andthe remaining25%for hold-outtesting. Due
to noisein the motor system,the depthmapswerenot perfectlyalignedwith the images,
andhadanalignmenterrorof about2 depthpatches.Also, thedepthmapshadamaximum
rangeof 81m(themaximumrangeof the laserscanner),andhadminor additionalerrors
dueto re�ections andmissinglaserscans.Prior to runningour learningalgorithms,we
transformedall thedepthsto a log scalesoasto emphasizemultiplicative ratherthanaddi-
tive errorsin training. In our earlierexperiments(not reportedhere),learningusinglinear
depthvaluesdirectlygave poorresults.

5.2 Results
Wetestedourmodelonreal-world test-setimagesof forests(containingtrees,bushes,etc.),
campusareas(buildings, people,and trees),and indoor places(suchascorridors). The
algorithmwastrainedon a trainingsetcomprisingimagesfrom all of theseenvironments.
Table1 shows the test-setresultswhenusingdifferentfeaturecombinations.We seethat
usingmultiscaleandcolumnfeaturessigni�cantly improvesthealgorithm's performance.

Includingtheinteractiontermsfurtherimprovedits performance,andtheLaplacianmodel
performsbetterthanthe Gaussianone. Empirically, we alsoobserved that the Laplacian
modeldoesindeedgivedepthmapswith signi�cantly sharperboundaries(asin ourdiscus-
sion in Section4.1; alsoseeFig. 3). Table1 shows the errorsobtainedby our algorithm
on a varietyof forest,campus,andindoorimages.Theresultson thetestsetshow thatthe
algorithmestimatesthe depthmapswith a averageerrorof 0:132 ordersof magnitude.It
workswell evenin thevariedsetof environmentsasshown in Fig. 3 (lastcolumn).It also
appearsto bevery robusttowardsvariationscausedby shadows.

Informally, our algorithmappearsto predictthe relative depthsof objectsquitewell (i.e.,
their relative distancesto thecamera),but seemsto make moreerrorsin absolutedepths.
Someof theerrorscanbeattributedto errorsor limitationsof thetrainingset.For example,
the trainingsetimagesanddepthmapsareslightly misaligned,andthereforetheedgesin
thelearneddepthmaparenot very sharp.Further, themaximumvalueof thedepthsin the
trainingsetis 81m;therefore,far-awayobjectsareall mappedto theonedistanceof 81m.

Our algorithmappearsto incur the largesterrorson imageswhich containvery irregular
trees,in which mostof the 3-D structurein the imageis dominatedby the shapesof the
leavesandbranches.However, arguablyevenhuman-level performancewould bepooron
theseimages.

6 Conclusions
Wehavepresentedadiscriminatively trainedMRF modelfor depthestimationfrom single
monocularimages. Our modelusesmonocularcuesat multiple spatialscales,andalso



Figure3: Resultsfor a variedsetof environments,showing original image(column1),
groundtruth depthmap(column2), predicteddepthmapby Gaussianmodel (column3),
predicteddepthmapby Laplacianmodel(column4). (Bestviewedin color)



Table1: Effectof multiscaleandcolumnfeaturesonaccuracy. Theaverageabsoluteerrors
(RMS errorsgave similar results)areon a log scale(base10). H 1 andH2 representsum-
marystatisticsfor k = 1; 2. S1, S2 andS3 representthe3 scales.C representsthecolumn
features.Baselineis trainedwith only thebiasterm(no features).

FEATURE ALL FOREST CAMPUS INDOOR
BASELINE .295 .283 .343 .228
GAUSSIAN (S1 ,S2 ,S3 , H 1 ,H 2 ,no neighbors) .162 .159 .166 .165
GAUSSIAN (S1 , H 1 ,H 2 ) .171 .164 .189 .173
GAUSSIAN (S1 ,S2 , H 1 ,H 2 ) .155 .151 .164 .157
GAUSSIAN (S1 , S2 ,S3 , H 1 ,H 2 ) .144 .144 .143 .144
GAUSSIAN (S1 ,S2 ,S3 , C, H 1 ) .139 .140 .141 .122
GAUSSIAN (S1 ,S2 ,S3 , C, H 1 ,H 2 ) .133 .135 .132 .124
LAPLACIAN .132 .133 .142 .084

incorporatesinteractiontermsthatmodelrelative depths,again at differentscales.In ad-
dition to a GaussianMRF model, we also presenteda LaplacianMRF model in which
MAP inferencecanbe doneef�ciently usinglinear programming.We demonstratedthat
ouralgorithmgivesgood3-D depthestimationperformanceonavarietyof images.
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