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Abstract

Depth estimationin computervision androbotics
is mostcommonlydonevia stereovision (stereop-
sis), in which imagesfrom two camerasare used
to triangulateand estimatedistances. However,
thereare also numerousmonocularvisual cues—
suchastexture variationsand gradients,defocus,
color/haze,etc.—thathave heretoforebeenlittle
exploitedin suchsystems.Someof thesecuesap-
ply even in regions without texture, where stereo
would work poorly. In this paper we apply a
Markov RandomField (MRF) learningalgorithm
to capturesomeof thesemonocularcues,andin-
corporatetheminto a stereosystem.We shav that
by addingmonocularcuesto stereo(triangulation)
ones,we obtainsigni cantly more accuratedepth
estimateshanis possibleusingeithermonocularor
stereocuesalone. This holdstrue for a large vari-
ety of ervironmentsjncludingbothindoorenviron-
mentsandunstructuredutdoorernvironmentscon-
taining trees/forestsbuildings, etc. Our approach
is generalandappliesto incorporatingmonocular
cuestogethemwith ary off-the-shelfsterecsystem.

1 Intr oduction

Considerthe problemof estimatingdepthfrom two images
takenfrom a pair of stereocameragFig. 1). The mostcom-
mon approachfor doing so is stereopsigstereovision), in
whichdepthsareestimatedy triangulationusingthetwo im-
ages.Over the pastfew decadestesearcherbave developed
verygoodstereovisionsystemgsee]

] for a review). Although thesesystemswork well in
mary ervironments,stereovision is fundamentallylimited
by the baselinedistancebetweenthe two cameras.Speci -
cally, thedepthestimatedendto beinaccuratavhenthe dis-
tancesconsideredirelarge (becausevenvery smalltriangu-
lation/angleestimationerrorstranslateto very large errorsin
distances)Further stereovision alsotendsto fail for texture-
lessregionsof imageswherecorrespondencasmnnotbereli-
ably found.

Beyond stereo/triangulatiogues therearealsonumerous
monocular cues—suchas texture variationsand gradients,
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Figure1: Two imagestaken from a stereopair of cameras,
andthe depthmapcalculatedby a stereosystem. Colorsin
thedepthmapndicateestimatedlistancegrom the camera.

defocus,color/haze etc.—thatcontainusefulandimportant
depthinformation. Even thoughhumansperceve depthby

seamlesslycombiningmary of thesestereocand monocular
cues,mostwork on depthestimationhasfocusedon stereo
vision, andon otheralgorithmsthat requiremultiple images
suchasstructurefrom motion [ ] or

depthfrom defocug 1.

In this paper we look at how monocularcuesfrom a sin-
gleimagecanbeincorporatednto a sterecsystem.Estimat-
ing depthfrom a singleimageusingmonocularcuesrequires
a signi cant amountof prior knowledge, sincethereis an
intrinsic ambiguity betweenlocal imagefeaturesand depth
variations. In addition, we believe that monocularcuesand
(purely geometric)stereocuesgive largely orthogonal,and
thereforecomplementarytypesof informationaboutdepth.
Stereocuesarebasedon the differencebetweertwo images
anddo not dependon the contentof theimage. Theimages
canbe entirelyrandom,andit will generate patternof dis-
parities(e.g.,randomdot stereograms$ D).
On the otherhand, depthestimatefrom monocularcuesis
entirelybasedn prior knowledgeabouttheenvironmentand
global structureof the image. Thereare mary examplesof
beautifullyengineeredterecssystemsn theliterature,but the
goal of this work is not to directly improve on, or compare
against,thesesystemsinsteadpur goalis to investigatehow
monocularcuescanbeintegratedwith arny reasonablstereo
system to (hopefully) obtainbetterdepthestimateghanthe
sterecsystemalone.

Depthestimationfrom monocularcuesis a dif cult task,

which requiresthatwe take into accounthe global structure
of theimage.[ ] appliedsupervisedearn-



ing to the problemof estimatingdepthfrom singlemonocular
imagesof unconstrainedutdoorand indoor ervironments.
[ ] usedsupervisedearningto estimate
1-D distanceso obstaclesfor theapplicationof driving are-
mote controlled car autonomously Methodssuchas shape
from shadind ] rely on purely photometric
properties,assuminguniform color and texture; and hence
arenot applicableto the unconstrained/teéuredimagesthat
we consider|[ ] generate®-d modelsfrom
an imageof indoor scenescontainingonly walls and oor.
] also considerednonocular3-d recon-
struction,but focusedon generatingisually pleasinggraphi-
calimagesby classifyingthesceneassky, ground,or vertical
planesratherthanaccuratemetricdepthmaps.

Building on [ 1, our approactis based
on incorporatingmonocularand stereocuesfor modeling
depthsand relationshipsbetweendepthsat different points
in the imageusinga hierarchical,multi-scaleMarkov Ran-
dom Field (MRF). MRFs andtheir variantsare a workhorse
of machinelearning,and have beensuccessfullyappliedto
numerousapplicationsin which local featureswere insuf-
cientandmorecontetualinformationmustbe used* Taking
a supervisedearningapproacho the problemof depthesti-
mation,we designeda custom3-d scanneto collecttraining
datacomprisinga large set of stereopairs and their corre-
spondingground-truthdepthmaps. Using this training set,
we modelthe posteriordistribution of the depthsgiven the
monocularimagefeaturesandthe stereodisparities. Though
learningin our MRF modelis approximate MAP posterior
inferenceis tractablevia linearprogramming.

Althoughdepthmapganbeestimatedrom singlemonoc-
ularimageswe demonstratéhatby combiningbothmonocu-
lar andstereccuesin ourmodel,we obtainsigni cantly more
accuratedepthmapghanis possiblefrom eitheralone. We
demonstratehis on a large variety of ervironments,includ-
ing bothindoorenvironmentsandunstructureadutdoorervi-
ronmentscontainingtrees/forestsuildings, etc.

2 Visual Cuesfor Depth Perception

Humansusenumerousvisual cuesfor 3-d depthperception,
which canbe groupedinto two cateyories: Monocularand
Stereo]

2.1 Monocular Cues

Humanshave an amazingability to judge depthfrom a sin-
gle image. This is doneusing monocularcuessuchastex-
turevarlatlonsandgradlents,occlusmn known objectS|zes
haze, defocus, etc. [

]. Someof thesecues suchas haze(re-
sulting from atmospheridight scatteringanddefocus(blur-
ring of objectsnot in focus), are local cues;i.e., the esti-
mateof depthis dependenbnly on the local imageproper
ties. Many objects' texturesappeardifferent dependingon

!Examplesncludetext segmentatlor{ ], im-
agelabeling[ ] andsmooth-
ing disparity to computedepthmapsn stereovision [

]. BecauseMRF learningis intractablein general,
mostof thesemodelaretrainedusingpseudo-lilkelihood.

Figure 2: The Iters usedfor computingtexture variations
andgradients.The rst 9 areLaws' masksandthelast6 are
orientededge lters.

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

Someof thesemonocularcuesare basedon prior knowl-
edge. For example,humansremembetthat a structureof a
particularshapds abuilding, sky is blue,grasss greentrees
grow aborethegroundandhave leavesontop of them,andso
on. Thesecueshelpto predictdepthin ervironmentssimilar
to thosewhichthey have seerbefore.Mary of thesecuesrely
on“contextual information? in the senseahatthey areglobal
propertieof animageandcannotbeinferredfrom smallim-
agepatches. For example, occlusioncannotbe determined
if we look at just a small portion of an occludedobject. Al-
thoughlocal informationsuchasthe texture and colorsof a
patchcangive someinformationaboutits depth,thisis usu-
ally insufcient to accuratelydetermineits absolutedepth.
Therefore we needto look at the overall organizationof the
imageto estimatedepths.

2.2 StereoCues

Eacheye recevesa slightly differentview of the world and
stereovision combineghe two views to perceve 3-d depth.
An objectis projectedontodifferentlocationsonthetwo reti-
nae(camerasn the caseof a stereosystem),dependingon
thedistanceof theobject. Theretinal (stereo)disparityvaries
with objectdistanceandis inverselyproportionalto the dis-
tanceof the object. Thus,disparityis not an effective cuefor
smalldepthdifferencesat large distances.

3 Features

3.1 Monocular Features

In our approachwe divide the imageinto small rectangu-
lar patchesandestimatea singledepthvaluefor eachpatch.
Similar to [ ], we usetwo typesof fea-
tures:absolutefeatures—usetb estimatethe absolutedepth
at a particular patch—andrelative features,which we use
to estimaterelative depths(magnitudeof the differencein
depthbetweentwo patchesy. We chosefeaturesthat cap-
turethreetypesof local cues:texture variations texture gra-
dients, and color, by corvolving the image with 17 Iters
9 Lawsi' masks,6 orientededge lIters, and?2 color lters,
Fig. 2).

We generatdhe absolutefeaturesby computingthe sum-
squaredenegy of eachof thesel7 Iter outputsover each

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

3 . . . -

If two neighborpatchesof animagedisplay similar features,

humanswould often perceve themto be partsof the sameobject,
andto have similar depthvalues.
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Figure3: The absolutedepthfeaturevectorfor a patch,which includestheimmediateneighborsandthe distantneighborsn
largerscales Therelative depthfeaturedor eachpatchcomputehistogramsf the Iter outputs.

patch.Sincelocalimagefeaturecenterednthepatcharein-
sufcient, we attemptto capturemoreglobalinformationby
usingimagefeaturesextractedat multiple spatialscale$ for
thatpatchaswell asthe 4 neighboringpatches(Fig. 3) This
resultsin aabsolutefeaturevectorof (1 + 4) 3 17= 255
dimensions For relativefeatureswe usea 10-binhistogram
for each Iter outputfor the pixels in the patch, giving us
10 17 = 170valuesy; for eachpatchi. Therefore,our
featuredor theedgebetweerpatchi andj arethedifference

Yi =Y Vil

3.2 Disparity from stereocorrespondence

Depthestimationusingstereovision from two images(taken
from two cameraseparatedby a baselinedistance)nvolves
threesteps:First, establishcorrespondencdsetweerthe two
images. Then, calculatethe relative displacementgcalled
“disparity”) betweerthefeaturesn eachimage. Finally, de-
terminethe 3-d depthof the featurerelative to the cameras,
usingknowledgeof the camerageometry

Stereocorrespondencegive reliable estimatesof dispar
ity, exceptwhenlarge portionsof the imageare featureless
(i.e., correspondencesannotbe found). Further the accu-
ragy dependson the baselinedistancebetweenthe cameras.
In generalfor agivenbaselinalistancebetweercamerasthe
accurayg decreaseasthe depthvaluesincrease.This is be-
causesmallerrorsin disparitythentranslateinto hugeerrors
in depthestimatesin thelimit of very distantobjectsthereis
no obsenabledisparity anddepthestimationgenerallyfails.
Empirically, depthestimatesrom stereotendto becomeun-
reliablewhenthe depthexceedsa certaindistance.

Our stereosystem nds goodfeaturecorrespondencese-
tweenthe two imagesby rejectingpixels with little texture,
or wherethe correspondencis otherwiseambiguous. We

“The patchesat each spatial scale are arrangedin a grid of
equally sizednon-overlappingregionsthat cover the entireimage.
We use3 scaledn our experiments.

SMoreformally, we rejectary featurewherethebestmatchis not
signi cantly betterthanall othermatchewithin the searchwindow.
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Figure4: The multi-scaleMRF modelfor modelingrelation
betweerfeaturesanddepthsrelationbetweerdepthsatsame
scale,andrelationbetweendepthsat differentscales.(Only

2 outof 3 scalesanda subsebf theedgesareshovn.)

usethe sum-of-absolute-diérence<orrelationasthe metric
scoreto nd correspondencek: ] Our
cameragandalgorithm)allow sub-pixel interpolationaccu-
ragy of 0:2 pixels of disparity Eventhoughwe usea fairly
basicimplementatiorof stereopsisheideasin this papercan
just asreadily be appliedtogethemwith other perhapsdetter
stereosystems.

4 Probabilistic Model

Our learningalgorithmis basedon a Markov RandomField
(MRF) model that incorporatesmonocularand stereofea-
tures, and modelsdepthat multiple spatial scales(Fig. 4).
The MRF modelis discriminative, i.e., it modelsthedepthsd
asafunctionof theimagefeaturesx : P(djX ). Thedepthof
a particularpatchdependsn the monocularfeaturesof the
patch,onthestereadisparity andis alsorelatedto the depths
of otherpartsof theimage. For example,the depthsof two
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adjacenpatchesdying in thesamebuilding will behighly cor
related. Therefore we modelthe relationbetweerthe depth
of apatchandits neighborsat multiple spatialscales.

4.1 GaussianModel

We rst proposea jointly GaussianMRF (Eq. 1), parame-
terizedby and . We de ne d;(s) to be the depthof a
patchpatscales 2 f 1, 2; 3g, with the constraintd; (s + 1) =
(15)  j2rin o(i)g 9 (). l.e., thedepthat a higherscaleis
constrainedo be the averageof the depthsat lower scales.
Here,N¢(i) arethe 5 neighborg(including itself) of patchi
atscales. M is thetotal numberof patchesn theimage(at
thelowestscale)x; is theabsolutdeaturevectorfor patchi;
dister eo iSthedepthestimateobtainedrom disparity?® Zg is
the normalizationconstant.

The rst termin the exponentin Eq. 1 modelsthe rela-
tion betweerthe depthandthe estimatdrom stereadisparity
The secondterm modelsthe relationbetweenthe depthand
the multi-scalefeaturesof a single patchi. The third term
placesasoft“constraint”’onthedepthgo besmooth.We rst
estimatethe , parametersn Eq. 1 by maximizingthe con-
ditional likelihood p(djX ; ) of the training data; keeping

constant] ] We thenachieve selectve
smoothingby modelingthe “variance”term 3, in the de-
nominatorof thethird termasalinearfunctionof the patches
i andj's relative depthfeaturesy; s. The 2 termgivesa
measuref uncertaintyin the seconderm,whichwelearnas
alinearfunction of thefeaturesx;. Thisis motivatedby the
obsenation thatin somecasesgdepthcannotbe reliably es-
timatedfrom the local monocularfeatures.In this case,one
hasto rely moreon neighboringpatches'depthsor on stereo
cuesto infer a patchs depth.

Modeling Uncertainty in Stereo

The errorsin disparity are modeledas either Gaussiar]

] or via someother heavier-tailed distribu-
tion(e.g.,[ 1). Speci cally, theerrorsin dispar
ity have two maincauses(a) Assumingunique/perfectorre-
spondencehedisparityhasa smallerrordueto imagenoise
(including aliasing/pixlization), which is well modeledby
a Gaussian.(b) Occasionakrrorsin correspondenceauses
larger errors,which resultsin a heary-tailed distribution for
disparity [ |

We estimatedepthson a log scaleasd = log(C=g) from
disparity g, with cameraparametergleterminingC. If the
standarddeviationis ¢ in computingdisparity from stereo
imageqbecaus®f imagenoise etc.),thenthestandardievi-

8In this work, we directly use disier o as the stereocue.
In [ 1, we usea library of featurescreatedfrom
stereadepthsasthe cuesfor identifying a grasppoint on objects.

s=1 j2Ns(i)

ationof thedepths will be g:stereo ¢=0. For our stereo
systemwe havethat 4 is about0.2pixels? thisis thenused
to estimate g.stereo. NOtethereforethat g.siereo IS @func-
tion of the estimateddepth,and speci cally, it captureshe
factthat variancein depthestimatesds largerfor distantob-
jectsthanfor closerones.

Whengivenanew testimage,MAP inferencefor depthd
canbederivedin closedform.

4.2 Laplacian Model

In our secondmodel (Eq. 2), we replacethe L, termswith
L, terms. This resultsin a model parameterizedby and
by , theLaplacianspread parametersinsteadof Gaussian
varianceparameters.SinceML parameteestimationin the
Laplacianmodel is intractable,we learn theseparameters
following an analogyto the Gaussiancase.|

] Ourmotivationfor usingL ; termsis three-fold.First,
thehistogramof relative depthg(d;  d;) is closeto aLapla-
cian distribution empirically, which suggestghatit is better
modeledasone. Secondthe Laplaciandistribution hashear-
ier tails, andis thereforemorerobustto outliersin theimage
featuresand errorsin the training-setdepthmapgcollected
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 easilysolvedusinglinearprogrammingLP).

5 Experiments

5.1 Laser Scanner

We designech 3-d scannetto collect sterecimagepairsand
their correspondinglepthmapgFig. 6). Thescanneuseshe
SICK laserdevice which gives depthreadingsin a vertical
column,with a1:0 resolution.To collectreadingsalongthe
other axis (left to right), we mountedthe SICK laseron a
panningmotor. The motor rotatesafter eachvertical scan
to collectlaserreadingsfor anothervertical column,with a
0:5 horizontalangularresolution. The depthmags laterre-
constructedisingtheverticallaserscansthe motorreadings

"Using the delta rule from statistics: Var(f (x))
(f %(x))%Var(x), derived from a secondbrderTaylor seriesapprox-
imationof f (x).

80ne can also ervisage obtaining a better estimateof
as a function of a match metric used during stereo correspon-
dence|[ ] suchasnormalizedsum of
squaredlifferencesprlearning 4 asafunctionof disparity/teture
basedeatures.



Figure5: Resultsfor a variedsetof ervironments shaving oneimageof the stereopairs(column1), groundtruth depthmap
collectedfrom 3-d laserscannefcolumn2), depthscalculatedby stereo(column3), depthspredictedby usingmonocularcues
only (column4), depthspredictedby usingboth monocularandstereocues(column5). The bottomrow shaws the color scale
for representationf depths.Closestpointsare1.2m, andfarthestare81m. (Bestviewedin color)



Figure 6: The custom3-d scannerto collect stereoimage
pairsandthe correspondinglepthmaps.

andknown positionandposeof thelaserdevice andthe cam-
eras. The laserrange nding equipmentwas mountedon a
LAGR (LearningApplied to Ground Robotics)robot. The
LAGR vehicle is equippedwith sensorsan onboardcom-
puter and Point Grey ResearciBumblebeestereocameras,
mountedwith abaselinadistanceof 11:7cm.

We collecteda total of 257 stereopairs+depthmapsayith
an image resolutionof 1024x768and a depthmapresolu-
tion of 67x54. In the experimentalresultsreportedhere,
75% of the images/depthmapaere usedfor training, and
the remaining25% for hold-outtesting. The imagescon-
sist of a wide variety of scenesncluding natural erviron-
ments(forests,trees,bushes.etc.), man-madesnvironments
(buildings, roads, trees, grass,etc.), and purely indoor en-
vironments(corridors,etc.). Dueto limitations of the laser
the depthmap$ada maximumrangeof 81m (the maximum
rangeof the laserscanner)and had minor additionalerrors
dueto re ections and missinglaserscans. Prior to running
our learningalgorithms,we transformedall the depthsto a
log scaleso asto emphasizenultiplicative ratherthanaddi-
tive errorsin training.

5.2 Resultsand Discussion

We evaluatethe performanceof the model on our test-set
comprisinga wide variety of real-world images. To quan-
titatively compareeffects of variouscues,we reportresults
from the following classeof algorithmsthatusemonocular
andstereccuesin differentways:

(i) Baseline The model, trainedwithout ary features pre-

dictsthe meanvalueof depthin thetrainingdepthmaps.

(i) Sterea Raw stereadepthestimateswith the missingval-

uessetto the meanvalueof depthin thetrainingdepthmaps.
(iif) Stereo (smooth) This methodperformsinterpolation
andregion lling; usingtheLaplacianmodelwithoutthesec-
ond term (which modelsdepthsas a function of monocular

Tablel: Theaverageerrors(RMS errorsgave similarresults)
for variouscuesandmodels,on alog scale(basel0).

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 , asafunctionof theimage.

(iv) Mono (Gaussian) Depthestimatesisingonly monocu-
lar cueswithoutthe rst termin theexponentof theGaussian
model.

(v) Mono (Lap): Depth estimatesusing only monocular
cues,without the rst termin the exponentof the Laplacian
model.

(vi) Stereo+Mona Depthestimatesisingthefull model.
Tablel shavs thatthe performancas signi cantly improved
when we combineboth mono and stereocues. The algo-
rithmis ableto estimatedepthswith anerrorof :074ordersof
magnitude’, which representa signi cant improvementover
sterea(smooth)performancef :088

Fig. 5 shavs that the modelis ableto predictdepthmaps
(columnb) in avariety of environments It alsodemonstrates
how the model takes the best estimatesfrom both stereo
and monocularcuesto estimatemore accuratedepthmaps.
For example,in row 6 (Fig. 5), the depthmapgeneratedy
stereq(column3) is veryinaccuratehowever, themonoculaf
only modelpredictdepthsfairly accurately(column4). The
combinedmodel usesboth setsof cuesto producea better
depthmap(column5). In row 3, stereocuesgive a better
estimatethan monocularones,and again we seethat using
our combinedMRF model,which usesboth monocularand
stereocues resultsin anaccuratedepthmapgcolumn5), cor
recting somemistales of stereo,suchas somefaraway re-
gionswhich steregpredictedasclose.

We note that monocularcuesrely on prior knowledge
learnedfrom the training set aboutthe ernvironment. This
is becausenonocular3-d reconstructions aninherentlyam-
biguousproblem.Thus,themonocularcuesmaynotgeneral-
ize well to imagesvery differentfrom onesin thetrainingset,
suchasundervaterimagesor aerialphotos. In contrastthe
stereopsitueswe usedarearepurely geometricandthere-
fore shouldwork well evenonimagegakenfrom very differ-
entervironments.To testthe generalizatiorcapabilityof the
algorithm,we alsotestedthe algorithmon images(e.g.con-
tainingtrees buildings,roads.etc.) downloadedfrom the In-
ternet(imagesfor which cameraparametersrenot known).
The model(usingmonocularcuesonly) wasableto produce
reasonablelepthmap®n mostof theimages.(However, not
having ground-truthdepthmapsndstereamagesor images
downloadedfrom the Internet,we areunableto give quanti-

9Errorsareon a !,0910 scale.Thus,anerrorof " meansa multi-
plicative errorof 10" in actualdepth. E.g.,16° = 1:186, which
thusrepresentsn 18.6%multiplicative error.
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Figure 7: The averageerrors(on a log scale,basel0) asa
functionof thedistancerom thecamera.

tative comparisonsor theseimages:®)

In Fig. 7, we studythe behaior of thealgorithmasa func-
tion of the 3-d distancefrom the camera At smalldistances,
the algorithmreliesmoreon stereocues,which aremoreac-
curatethanthe monocularcuesin this regime. However, at
larger distancesthe performanceof stereodegradesandthe
algorithmrelies more on monocularcues. Since,our algo-
rithm modelsuncertaintiesn bothsterecandmonocularcues,
it is ableto combinesterecandmonocularcueseffectively.

We alsocarriedout anerroranalysisto identify the cases
whenthe algorithm malkes mistales. Someof its errorscan
be attributedto limitations of the training set. For example,
the maximumvalue of the depthsin the training andtestset
is 81m;therefore faraway objectsareall mappedo theone
distanceof 81m. The monocularalgorithmfails sometimes
to predictcorrectdepthsfor objectswhich areonly partially
visiblein theimage(e.qg.,Fig. 5, row 2: treeontheleft). For
depthat sucha point, most of its neighborslie outsidethe
imagearea,hencethe relationsbetweemeighboringdepths
arenot effective. However, in thosecasesstereocuesoften
helpproducethe correctdepthmagrow 2, column5).

6 Conclusions

We have presented hierarchical multi-scaleMRF learning
modelfor capturingmonocularcuesandincorporatingthem
into a stereosystemso asto obtain signi cantly improved
depthestimates. The monocularcuesand (purely geomet-
ric) stereocuesgive largely orthogonal,andthereforecom-
plementarytypesof informationaboutdepth. We shav that
by using both monocularand stereocues,we obtain signif-

icantly moreaccuratedepthestimateghanis possibleusing
either monocularor stereocuesalone. This holds true for

a large variety of ervironments,including both indoor ervi-

ronmentsand unstructurecdutdoorervironmentscontaining
trees/forestdyuildings, etc. Our approachis generalandap-

Results on internet
http://ai.stanford.edu/

images are available at:
asaxena/learningdepth

pliesto incorporatingmonocularcuestogethemwith ary off-
the-shelfstereasystem.
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