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Abstract

We considerthe task of depthestimationfrom a single monocularim-
age. We take a supervisedearningapproacho 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 predictthe depthmapas a function of the image.
Depthestimationis achallengingproblem,sincelocal featuresaloneare
insufcient to estimatedepthat a point, and one needsto considerthe
global contet of theimage. Our modelusesa discriminatvely-trained
Markov RandomField (MRF) that incorporatesmultiscalelocal- and
global-imagefeatures,and modelsboth depthsat individual points as
well asthe relation betweendepthsat different points. We shaw that,
evenon unstructuredscenespur algorithmis frequentlyableto recover
fairly accuratedepthmaps.

1 Intr oduction

Recwering 3-D depthfrom imagesis a basicproblemin computervision, and hasim-

portantapplicationsin robotics,sceneunderstandingnd 3-D reconstruction.Most work

onvisual 3-D reconstructiorhasfocusedon binocularvision (stereopsis)1] andon other
algorithmsthatrequiremultiple images suchasstructurefrom motion[2] anddepthfrom

defocug[3]. Depthestimationfrom a single monocularimageis a dif cult task,andre-
guiresthat we take into accountthe global structureof the image,aswell as use prior

knowledgeaboutthe scene. In this paper we apply supervisedearningto the problem
of estimatingdepthfrom singlemonocularimagesof unstructuredutdoorervironments,
onesthatcontainforests trees buildings, people busespushesegtc.

In relatedwork, Michels, Saena& Ng [4] usedsupervisedearningto estimatel-D dis-
tancego obstaclestor theapplicationof autonomouslyriving aremotecontrolcar. Nagai
et al. [5] performedsurfacereconstructiorfrom singleimagesfor known, X ed, objects
suchas handsand faces. Gini & Marchi [6] usedsingle-cameravision to drive an in-
doorrobot, but relied heavily on known groundcolorsandtextures. Shapefrom shading
[7] offers anothemethodfor monoculardepthreconstructionput is dif cult to apply to
scenedhat do not have fairly uniform color andtexture. In work doneindependentlyof
ours,Hoiem, EfrosandHerbert(personatommunicationplsoconsiderednonocular3-D
reconstructionput focusedon generating3-D graphicalimagesratherthanaccuratemet-
ric depthmaps.n this paper we addresshe taskof learningfull depthmapgrom single
imagesof unconstraine@rnvironments.



Markov RandomFields (MRFs) andtheir variantsare a workhorseof machinelearning,
andhave beensuccessfullyappliedto numerougproblemsin which local featureswverein-
sufcient andmorecontectual informationhadto be used.Exampledncludetext segmen-
tation[8], objectclassi cation[9], andimagelabeling[10]. To modelspatialdependencies
in images KumarandHeberts Discriminative RandomFieldsalgorithm[11] usedogistic
regressionto identify man-madestructuresn naturalimages. BecauseMRF learningis
intractablein generalmostof thesemodelaretrainedusingpseudo-likelihood.

Ourapproachs basedn capturingdepthsandrelationshipbetweerdepthausinganMRF.

We began by using a 3-D distancescannerto collect training data, which compriseda
large setof imagesandtheir correspondinground-truthdepthmaps.Using this training
set,the MRF is discriminately trainedto predictdepth;thus, ratherthan modelingthe
joint distribution of imagefeaturesand depths,we modelonly the posteriordistribution
of the depthsgiven the imagefeatures. Our basicmodelusesL ; (Gaussiantermsin

the MRF interactionpotentials,and capturesdepthsand interactionsbetweendepthsat
multiple spatialscalesWe alsopresentisecondnodelthatused. ; (Laplacian)nteraction
potentials. Learningin this modelis approximateput exact MAP posteriorinferenceis

tractable(similar to GaussianMRFs) via linear programming,andit gives signi cantly

betterdepthmapshanthe simpleGaussiarmodel.

2 Monocular Cues

Humansappeato beextremelygoodatjudgingdepthfrom singlemonoculaimages[12]
Thisis doneusingmonocularcuessuchastexture variations texture gradientspcclusion,
known objectsizes haze defocusgtc.[4, 13, 14] For example,mary objects'texture will
look differentat differentdistancesrom the viewer. Texture gradientswhich capturethe
distribution of the directionof edgesalsohelpto indicatedepth! Hazeis anotherdepth
cue,andis causedy atmospheridight scattering.

Mostof thesemonocularcuesare“contextualinformation; in thesensehatthey areglobal
propertief animageandcannotbeinferredfrom smallimagepatchesFor example,oc-
clusion cannotbe determinedf we look at just a small portion of an occludedobject.
Althoughlocalinformationsuchasthetextureandcolor of a patchcangive someinforma-
tion aboutits depth,this is usuallyinsufcient to accuratelydetermineits absolutedepth.
For anotherexample,if we take a patchof aclearbluesky, it is dif cult to tell if this patch
is in nitely faraway (sky), or if it is partof a blue object. Due to ambiguitieslike these,
oneneeddo look attheoverall organizationof theimageto determinedepths.

3 Feature Vector

In our approachwe divide theimageinto small patchesandestimatea singledepthvalue
for eachpatch.We usetwo typesof featuresabsolutedepthfeatures—usetb estimatehe
absolutadepthataparticulampatch—andelativefeaturesywhichwe useto estimateelative
depthgmagnitudeof thedifferencein depthbetweertwo patches)We chosefeatureghat
capturethreetypesof local cues:texture variations texture gradientsandhaze.

Texture informationis mostly containedwithin the imageintensitychannef sowe apply
Laws' maskqd15, 4] to thischanneto computehetextureenepgy (Fig. 1). Hazeisre ected
in the low frequeng informationin the color channelsandwe capturethis by applyinga
local averaging Iter (the rst Laws mask)to the color channels.Lastly, to computean

'For example,atiled oor with parallellineswill appeato havetilted linesin animage.Thedis-
tantpatcheswill have largervariationsin theline orientationsandnearbypatcheswill have smaller
variationsin line orientations.Similarly, a grass®eld whenviewed at differentdistanceswill have
differenttexture gradientdistributions.

2\We represeneachimagein YCbCr color spacewhereY is theintensitychannelandCbandCr
arethecolorchannels.



Figurel: Thecorvolutional Iters usedfor textureenegiesandgradientsThe rst nineare
3x3 Laws' masks.Thelastsix arethe orientededgedetectorspacedat 30° intervals. The
nine Law's masksareusedto performlocal averaging edgedetectiorandspotdetection.

Figure2: The absolutedepthfeaturevectorfor a patch,which includesfeaturesfrom its
immediateneighborsandits moredistantneighborg(at larger scales).The relative depth
featuredor eachpatchusehistogramf the Iter outputs.

estimateof texture gradientthatis robustto noise,we corvolve theintensitychannelwith
six orientededge Iters (shavnin Fig. 1).

3.1 Featuresfor absolutedepth

Givensomepatchi in theimagel (X; y), we computesummarystatisticsfor it asfollows.
We usethe outputof eachof the 17 (9 Laws' masks,2 color channelsand6 texture gra-
dients) Iters Fn(X;y), n = Lun17as Ei(n) = (o )2paena) I (6GY)  Fa(X; y)ik,
wherek = f 1; 2g give the sumabsoluteenegy andsumsquaredenegy respectiely. This
givesusaninitial featurevectorof dimension34.

To estimatethe absolutedepthat a patch,local imagefeaturescenteredon the patchare
insufcient, andonehasto usemoreglobalpropertieof theimage.We attemptto capture
this information by usingimagefeaturesextractedat multiple scaleg(imageresolutions).
(SeeFig. 2.) Objectsat differentdepthsexhibit very differentbehaiors at differentresolu-
tions,andusingmultiscalefeaturesallows usto capturethesevariations[16].2 In addition
to capturingmore global information, computingfeaturesat multiple spatialscalesalso
help accountdor differentrelative sizesof objects. A closerobjectappeardargerin the
image,andhencewill be capturedn the larger scalefeatures. The sameobjectwhenfar
awaywill besmallandhencebecapturedn thesmallscalefeatures Suchfeaturesmaybe
strongindicatorsof depth.

To captureadditionalglobal features(e.g. occlusionrelationships) the featuresusedto
predictthe depthof a particularpatchare computedfrom that patchaswell asthe four
neighboringpatches This is repeatedit eachof thethreescalessothatthe featurevector

3For example blue sky may appeaisimilar at differentscalesput texturedgrasswould not.



at a patchincludesfeaturesof its immediateneighbors andits far neighborg(at a larger
scale),andits very far neighborg(at the largestscale),asshovn in Fig. 2. Lastly, mary
structuregsuchastreesandbuildings) foundin outdoorsceneshaw vertical structurejn
thesensdhatthey arevertically connectedo themseles(thingscannothangin emptyair).
Thus,we alsoaddto the featuresof a patchadditionalsummaryfeaturesof the columnit
liesin.

For eachpatch, after including featuresfrom itself andits 4 neighborsat 3 scales,and
summaryfeaturedor its 4 columnpatchespur vectorof featuredor estimatingdepthata
particularpatchis 19 34 = 646dimensional.

3.2 Featuresfor relative depth

We use a different featurevector to learn the dependenciebetweentwo neighboring
patchesSpeci cally, we computea histogram(with 10 bins)of eachof the17 Iter outputs
i1(x;y)  Fn(x;y)j, giving us a total of 170 featuresy; for eachpatchi. Thesefeatures
areusedto estimatehow the depthsat two differentlocationsarerelated.We believe that
learningtheseestimatesequireslessglobal informationthan predictingabsolutedepth?
but moredetailfrom theindividual patchesHence we useasourrelative depthfeatureghe
differencedetweerthehistogramsomputedrom two neighboringpatchesy; =y ;.

4 The Probabilistic Model

The depthof a particularpatchdependn the featuresof the patch,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 modelthe

relationbetweerthe depthof a patchandthe depthsof its neighboringpatchesin addition

to the interactionswith the immediatelyneighboringpatchesthere are sometimesalso

stronginteractionsbetweerthe depthsof patchesvhich arenotimmediateneighbors. For

example,considerthe depthsof patcheghatlie on a large building. All of thesepatches
will be at similar depths,evenif therearesmall discontinuitiegsuchasa window on the

wall of a building). However, whenviewed at the smallestscale,someadjacentpatches
aredif cult to recognizeaspartsof the sameobject. Thus,we will alsomodelinteractions
betweerdepthsat multiple spatialscales.

Our rst modelwill beajointly GaussiarMRF. To capturethe multiscaledepthrelations,
let usge ne d;(s) asfollows. For eachof threescaless = 1;2;3, dene di(s+ 1) =

(1=5) [ 2NS (D[ igdj (s). Here,Ng(i) arethe 4 neighborsof patchi atscales. I.e., the
depthat a higherscaleis constrainedo be the averageof the depthsat lower scales.Our
modelover depthss asfollows:

0 1
X (g T 2 XM X _ Y
P(diX; ; )= Ziexp@ (d'(l)z—lef) MA
i=1 ir s=1 i=1 j2N(i) 2rs
(1)

Here,M is thetotalnumberof patchesn theimage(atthelowestscale);x; is theabsolute
depthfeaturevectorfor patchi; and and areparameter®f the model. In detail, we
usedifferentparameterg¢ ,, 1, »r) for eachrow in theimage,becausahe imageswe
considerare taken from a horizontally mountedcamera,and thus differentrows of the
imagehave differentstatisticalproperties’ Z is the normalizationconstanfor the model.

“For example,giventwo adjacenipatchesf a distinctive, unique,color andtexture, we may be
ableto safelyconcludethatthey arepartof the sameobject,andthusthattheir depthsareclose,even
without moreglobalfeatures.

SFor example,a blue patchmight represensky if it is in upperpartof image,andmightbe more
likely to bewaterif in thelower partof theimage.



We estimatethe parameters ; in Eg. 1 by maximizing the conditional likelihood
p(djX; ;) of thetrainingdata. Sincethe modelis a multivariateGaussianthe maximum
likelihoodestimateof parameters; is obtainedby solvinga linearleastsquaregproblem.

The rst termin the exponentabove modelsdepthasa functionof multiscalefeaturesof a
singlepatchi. Thesecondermin the exponentplacesa soft “constraint”on the depthsto
besmooth.If thevarianceterm 2, . isa x edconstanttheeffectof thistermis thatit tends
to smoothdepthestimatesacrossnearbypatches.However, in practicethe dependencies
betweerpatchesarenot the sameeverywhere andour expectedvaluefor (d;  d; )2 may
dependnthefeaturesof thelocal patches.

Therefore to improve accurag we extendthe modelto capturethe “variance’term 3,
in thedenominatoof the secondermasalinearfunctionof the patched andj 's relative
depthfeaturesy; s (discussedn Section3.2). Weuse %.¢ = ulgjyj sj. This helpsdeter
mine which neighboringpatchesarelikely to have similar depths.E.g., the “smoothing”
effectis muchstrongerif neighboringpatchesaresimilar. Thisideais appliedat multiple
scalessothatwe learndifferent 3, for thedifferentscaless (androwsr of theimage).
Theparametersi, s arechoserto t %, to theexpectedvalueof (di(s)  d;(s))?, with a
constrainthatu,s O (to keeptheestimated 3, ; non-n@ative).

Similar to our discussioron 3, , we alsolearnthe varianceparameter 2, = v x; asa
linearfunctionof thefeatures Theparameters, arechoserto t 2, totheexpectedvalue
of (di(r)  [Txi)? subjecttov, 0.° This 2 termgivesa measuref the uncertainty
in the rst term,anddepend®on the features.This is motivatedby the obsenationthatin

somecasesdepthcannotbe reliably estimatedrom the local features.In this case,one
hasto rely moreon neighboringpatchesdepthgo infer apatchs depth(asmodeledby the
secondermin theexponent).

After learningthe parameterggivenanew test-seimagewe can nd the MAP estimateof
the depthsby maximizingEq. 1 in termsof d. SinceEq.1 is GaussianlogP (djX; ; )
is quadratidn d, andthusits maximumis easilyfoundin closedform (takingat most2-3
secondgperimage,includingfeaturecomputatiortime).

4.1 Laplacian model

We now presenta secondmodelthat usesLaplaciansinsteadof Gaussiango modelthe
posteriordistribution of the depths. Our motivation for doing so is three-fold. First, a
histogramof the relative depths(d;  d;) empirically appeard.aplacian,which strongly
suggestghatit is bettermodeledasone. Secondthe Laplaciandistribution hasheavier
tails, andis thereforemorerobustto outliersin theimagefeaturesanderrorin thetraining-
setdepthmapgcollectedwith alaserscannerseeSection5.1). Third, the Gaussianmodel
wasgenerallyunableto give depthmapsvith sharpedges;in contrastLaplaciangendto
modeIsharptransitions/(())utliersbetter Our modelis asfollows: 1

Mg T i XM X g ()i
P(diX; ; )= %exp@ 6 X o () _46Na ()
i=1 Ir s=1 i=1 2N (i) ars

Here,the parameterarethe sameasEq. 1, exceptfor the varianceterms. Here, ;, and
ors arethe Laplacianspread parametersMaximum-likelihoodparameteestimationfor
the Laplacianmodelis not tractable(sincethe partition functiondependson ). But by
analogyto the Gaussiartase we approximatehis by solvingalinear systemof equations
X: ¢ dr tominimizel; (insteadof L) error HereX, is the matrix of absolute-depth
features. Following the Gaussiarmodel, we alsolearnthe Laplacianspreadparameters
in the denominatorin the sameway, exceptthat the insteadof estimatingthe expected
valueof (d;  dj)?, we estimatethe expectedvalueof jd;  d;j. Eventhoughmaximum

5Theabsolutedepthfeaturesc; arenon-ngative; thus,theestimated 2 is alsonon-nejative.



likelihoodparameteestimationfor  is intractablein the Laplacianmodel,givena new
test-setmage,MAP inferencefor the depthsd is tractable. Speci cally, P(djX; ; ) is
easilymaximizedin termsof d usinglinear programming.

Remark. We canalsoextendthesemodelsto combineGaussiarand Laplaciantermsin
the exponent,for exampleby usinga L, norm term for absolutedepth,anda L; norm
termfor theinteractionterms.MAP inferenceremainstractablein this setting,andcanbe
solvedusingcorvex optimizationasa QP (quadratigprogram).

5 Experiments
5.1 Datacollection

We useda 3-D laserscannetto collectimagesandtheir correspondinglepthmaps.The
scannewnsesa SICK 1-D laserrange nder mountedon a motorto get2D scans.We col-

lectedatotal of 425image+depthmapairs,with animageresolutionof 1704x2272anda
depthmapresolutionof 86x107.In the experimentakresultsreportedhere,75% of theim-

ages/depthmapsere usedfor training, andthe remaining25% for hold-outtesting. Due
to noisein the motor system the depthmapsvere not perfectlyalignedwith the images,
andhadanalignmenterrorof about2 depthpatchesAlso, the depthmapfiada maximum
rangeof 81m (the maximumrangeof the laserscanner)andhadminor additionalerrors
dueto re ections and missinglaserscans. Prior to running our learningalgorithms,we

transformedall thedepthgto alog scalesoasto emphasizenultiplicative ratherthanaddi-
tive errorsin training. In our earlierexperimentgnot reportedhere),learningusinglinear
depthvaluesdirectly gave poorresults.

5.2 Results

Wetestedour modelonreal-world test-setmagesof forests(containingtrees bushesetc.),
campusareas(buildings, people,andtrees),and indoor places(suchas corridors). The
algorithmwastrainedon a training setcomprisingimagesfrom all of theseervironments.
Table 1 shaws the test-setresultswhenusingdifferentfeaturecombinations.We seethat
usingmultiscaleandcolumnfeaturessigni cantly improvesthealgorithm's performance.

Includingtheinteractiontermsfurtherimprovedits performanceandthe Laplacianmodel
performsbetterthanthe Gaussiarone. Empirically, we alsoobsened thatthe Laplacian
modeldoesindeedgive depthmapsvith signi cantly sharpeiboundariegasin our discus-
sionin Section4.1; alsoseeFig. 3). Table1 shaws the errorsobtainedby our algorithm
onavariety of forest,campusandindoorimages.Theresultson thetestsetshow thatthe
algorithmestimateghe depthmapswvith a averageerror of 0:132 ordersof magnitude. It

workswell evenin thevariedsetof ervironmentsasshowvn in Fig. 3 (lastcolumn). It also
appeargo bevery robusttowardsvariationscausedy shadevs.

Informally, our algorithmappearso predictthe relative depthsof objectsquite well (i.e.,
their relative distancego the camera) put seemgo make moreerrorsin absolutedepths.
Someof theerrorscanbeattributedto errorsor limitationsof thetrainingset. For example,
the training setimagesanddepthmapsre slightly misaligned,andthereforethe edgesin
thelearneddepthmagarenot very sharp.Further the maximumvalueof the depthsin the
training setis 81m;therefore faraway objectsareall mappedo the onedistanceof 81m.

Our algorithmappeargo incur the largesterrorson imageswhich containvery irregular
trees,in which mostof the 3-D structurein the imageis dominatedby the shapesf the
leavesandbranchesHowever, arguablyeven human-leel performancevould be pooron
theseimages.

6 Conclusions

We have presented discriminatizely trainedMRF modelfor depthestimationfrom single
monocularimages. Our model usesmonocularcuesat multiple spatialscales,and also



Figure 3: Resultsfor a varied setof environments,shaving original image (column 1),
groundtruth depthmap(column 2), predicteddepthmapby Gaussiamrmodel (column 3),
predicteddepthmapby Laplacianmodel(column4). (Bestviewedin color)



Tablel: Effectof multiscaleandcolumnfeaturesonaccurag. Theaverageabsoluteerrors
(RMS errorsgave similar results)areon alog scale(basel0). H, andH , represensum-
marystatisticsfor k = 1;2. S;, S, andSz representhe 3 scalesC representshecolumn
featuresBaselings trainedwith only thebiasterm(no features).

FEATURE ALL FoORrResT CAMPUS [INDOOR
BASELINE .295 .283 .343 .228
GAUSSIAN (S1,S2,S3, H1,H2,n0 neighbors)  .162 .159 .166 .165
GAUSSIAN (S1,H1,H2) A71 .164 .189 173
GAUSSIAN (S1,S2,H1,H>?) .155 151 .164 157
GAUSSIAN (S1, S2,S3, Hi1,H?2) 144 144 .143 .144
GAUSSIAN (S1,S2,S3,C, H1) .139 .140 141 122
GAUSSIAN (S1,S2,S3,C, H1,H2) 133 135 132 124
LAPLACIAN 132 .133 .142 .084

incorporatesnteractiontermsthat modelrelative depths,again at differentscales.In ad-
dition to a GaussianMRF model, we also presentech LaplacianMRF modelin which
MAP inferencecanbe doneef ciently usinglinear programming.We demonstratedhat
our algorithmgivesgood3-D depthestimationperformancen a variety of images.
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