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Figure1: Singleimagetreemodeling.(a)Singleinput imageof a treedownloadedfrom www.�ickr .com.(b) Strokesdrawn by theuser, only
two strokesfor this example.(c) Theautomaticsynthesisof thetreebranches.(d) Thecompletetreemodelrenderedat thesameviewpoint
astheinput image.

Abstract

In thispaper, we introduceasimplesketchingmethodto generatea
realistic3D treemodelfrom asingleimage.Theuserdrawsat least
two strokesin thetreeimage:the�rst crown strokearoundthetree
crown to mark up the leaf region, the secondbranchstroke from
the tree root to mark up the main trunk, and possibly few other
branchstrokes for re�nement. The methodautomaticallygener-
atesa 3D treemodelincludingbranchesandleaves. Branchesare
synthesizedby a growth enginefrom a small library of elemen-
tarysubtreesthatarepre-de�nedor built on the�y from therecov-
eredvisiblebranches.Thevisiblebranchesareautomaticallytraced
from thedrawn branchstrokesaccordingto imagestatisticson the
strokes.Leavesaregeneratedfrom theregion boundedby the�rst
crown stroke to completethetree. We demonstrateour methodon
avarietyof examples.

1 Intr oduction
Treesareubiquitousandhardto modelin a realisticway because
of the large varietiesand their natural complexity in geometry.
Progresshasbeenmadeover the yearsin modelingtrees. Many
methods[WeberandPenn1995;Prusinkiewicz et al. 2001;Reche-
Martinezet al. 2004; Quanet al. 2006; Tan et al. 2007; Neubert
et al. 2007] canachieve highly realistictreemodels.Yet all these
methodsneedsigni�cant amountof efforts to producegoodresults,
eitherin thesenseof tuningtreegrowing parametersor in thesense
of imageprocessingand3D reconstruction.

To overcomethe current dif�culties, we proposea methodthat
drasticallysimpli�es the modelingprocess.We usea single im-
ageto modela tree. From this single imageandfew userdrawn

strokes,our system�rst generatesthe whole treebranchingstruc-
ture by non-parametricsynthesis,then completetree model with
leaves. Our systemis remarkablysimple and generatesvisually
convincing results. It makes the modelingof large scalevegeta-
tion affordable.It couldbepartof a cost-effective solutionto build
realistic-lookingenvironmentsfor movie post-production,architec-
tural designs,games,andwebapplications.

1.1 Related work

The growth of treesadheresto strongbotanicrulesandpatterns.
Many previousmethodsarerule based.[Prusinkiewicz et al. 1994]
introduceda seriesof methodsbasedon the ideaof thegenerative
L-system.[WeberandPenn1995]usedgeometricrulesto produce
realistic-lookingtrees. [de Reffye et al. 1988] designedrulesac-
cordingto botanicalknowledge. Thesetechniquesgenerategood
results,but they oftenrequireexpertisefor effective use.The idea
behindrule basedmethodsis that thebranchandleaf arrangement
follow a patternwhich canbepredictedwith a setof rulesandpa-
rameters.However, theserulesandparametersarenontrivial to set.

In the pastseveral years,imagebasedmethodsbecomepopular.
Thesemethodsuse imagesto recover 3D structureof the tree.
[Reche-Martinezet al. 2004] recoveredthe opacity and color of
eachcell of a volume containingthe tree. Although realistic re-
sultscanbeproducedby thismethod,its volumetricrepresentation
makeseditingandanimationalmostimpossible.[Shlyakhteret al.
2001]reconstructedavisualhull accordingto imagesilhouetteand
�t a branchstructureto the hull. [Neubertet al. 2007]usedparti-
cle �o w to extractbranchstructurefrom therecoveredtreevolume.
Insteadof relying on approximategeometryinformation suchas
visual hull, [Quan et al. 2006] and [Tan et al. 2007] usedstruc-
turefrom motionalgorithmto computea setof 3D pointsover the
tree. Then3D pointswereusedto generatetrianglemeshmodel
of branchesandleaves. All theseimagebasedmethodsneedmul-
tiple imagesasinput. Typically, theseimagesshouldspana large
rangeof view anglesto correctlyrecover 3D information.Further-
more, the treeshouldbe �rst segmentedout from backgroundin
all images.Althoughtherearesomewell developedtools[Li et al.
2004;Rotheret al. 2004],sucha segmentationof multiple images
is tediousandtimeconsuming.

Insteadof relying on rulesor images,treemodelscanalsobegen-
eratedaccordingto 3D scannerdataor 2D usersketches.[Xu etal.
2007]producedverygoodtreemodelsfrom asetof 3D pointscap-



turedby scanner. [Okabeet al. 2005]generatedtreemodelsfrom
a branchskeletonsketchedby user. However, this kind of sketch-
ing methodrequiresmany userinterventionsandit is oftenhardto
sketcha realistictreefor anamateuruser.

1.2 Our appr oach

Given a single imageof a tree,we draw strokeson the imageto
createa treemodel. We start to draw a crown stroke to mark up
the leaf region in the image. Thena branchstroke is drawn from
thetreeroot to markthemaintrunk. Branchesvisible in theimage
areautomaticallytracedout arounddrawn branchstrokesto mini-
mize theuserinterventionandachieve thehighestrealism. A few
otherbranchstrokescould be addedto completevisible branches
whennecessary. The branchstructurepatternsencodedin visible
branchesare usedto build up a small library of elementarysub-
treesto grow the entire tree. If too few visible branchesexist in
the image,the treecould alsogrow accordingto someprede�ned
subtreepatterns.Brancheswork asa hiddendeterminantstructure
of the tree. Oncebranchesareready, leavescanbegeneratedeas-
ily accordingto the branchstructureandimageinformation. One
examplecanbeseenin Figure1. Theinput singleimageis shown
in (a), with two strokesdrawn by theuseras(b). Our method�rst
grows a branchstructureillustratedin (c) then completethe tree
with leavesasin (d).

Our methodcan be regardedas a mixture of rule basedmethod,
imagebasedmethodand sketch basedmethod. Ratherthan ap-
plying parametricrules for branchgeneration,we use the local
branchshapestosynthesizenew branches.Thisis essentiallyanon-
parametrictree growing system. Different from previous image-
basedmethods,we designour systemto work with a singleinput
image.We do not intendto recover 3D structuredirectly from im-
age. In contrast,we usethe imageasa guidefor non-parametric
treegrowing, i.e. thegrowth shouldleadto a resultcloseto theim-
age.Differentfrom a puresketching[Okabeet al. 2005],we only
draw a few strokes. The imagestatisticsunderlinedby thestrokes
allowsusto recovermoretreestructures.

2 Image Plane Sketc hing

Previous image-basedmethods[Tan et al. 2007; Reche-Martinez
et al. 2004;Neubertet al. 2007]needa treesegmentationto make
useof imageinformationfor modeling.However, a goodtreeseg-
mentationis usuallyvery dif�cult. Our methoddoesnot depend
on high quality segmentation.In our system,theuserdraws a few
strokesto mark out foliage andvisible branchesby taking advan-
tageof thetreeprior to facilitatesegmentation.

User interface Theuserdraw strokesontheimagebymoving the
mousecursorandholdinga button. (Left buttonfor thecrown and
right buttonfor branches.)SimilarUI is designedin [Li etal. 2004]
for imagesegmentation.For simplicity, we alwaysuseonestroke
to mark the crown. The foliage region is automaticallyextracted
by the methoddescribedin the following paragraphaccordingto
this stroke. Theuserthendraw strokesto markout branches.Af-
ter eachbranchstroke, a tracingalgorithmis triggedto follow the
visiblebranchescloseto thestroke. Thetracedvisiblebranchesare
displayedover the image. If not satis�ed with this result,theuser
hastheoptionof addingor deletingstrokesfor correction.Unlikea
puresketchingsystem[Okabeetal.2005],wehavetheimageinfor-
mationunderlyingthedrawn strokesthatallows extremelysimple
sketching.

Figure1 showsanexamplein whichweneedonly two strokes:the
�rst crown stroke in redandthesecondbranchstroke in blue.

Figure2: The extractedfoliage region via minimizing the Gibbs
energy. Thesearetheresultsfor thecherrytreein Figure1 andthe
oak treein Figure7. Note that our modelingneedsonly a coarse
segmentation.

Folia ge extraction Foliageis extractedfrom theclosedregionby
the �rst crown stroke, which roughly follows thecrown boundary.
`GrabCut' [Rother et al. 2004] extractsobject inside a bounding
rectangleby analyzingthedifferentappearanceinsideandoutside
of therectangle.The`GrabCut'is lesseffectivehereasbothinside
andoutsideof thecrown strokecouldcontainsigni�cant amountof
leaf colors.For extraction,we simply computea Gaussianmixture
model (GMM) for the pixel RGB valuesin the region closedby
thecrown stroke. We employ a mixtureof 10 Gaussiansfor large
variationof colorsdueto the background.Thenwe take the four
mostgreenor red Gaussiancomponentsasleaf clusters.And the
remainingsix componentsareconsideredasbackgroundclusters.
With theseappearancemodelsG(I x ; � F ); G(I x ; � B ) for the fore-
groundandbackground,we computea graph-cutbasedextraction
to detectleafpixels.Here,G(�; � ) is thepdf functionof GMM dis-
tribution, I x indicatestheRGBvaluesatpixel x, � F ; � B areGMM
parameters.

At eachpixel x, we computea 0 � 1 label� x via graphcut,where
� x = 0 representsleaf pixels and� x = 1 representsbackground
pixels. A Gibbsenergy of the following form is de�ned over the
enclosedregionof crown strokeX

x

Ed (� x ; � F ; � B ) +
X

( x;y ) 2 N

Es (� x ; � y );

whereN is thesetof all 4-neighborpixel pairs,
Ed (� x ; � F ; � B ) = � � x logG(I x ; � B ) � (1 � � x )logG(I x ; � F )

is thedataterm,and

Es (� x ; � y ) =

�
0 � x = � y

�= jI x � I y j � x 6= � y

is the smoothterm. Graph-cutalgorithm[Kolmogorov andZabih
2002]is appliedto minimizethis Gibbsenergy by assigninga 0 or
1 for each� x . Theconstant� indicatingthestrengthof smoothness
is setto 60in ourimplementation.Beforetheextraction,weusually
expandtheenclosedregion by morphologyexpansion10 timesto
allow morefreedomfor theuser's sketching.

Figure2 shows the resultof the foliage extractionfrom the input
imageandthe stroke in Figure1. It is shouldbe noticedthat we
do not requirea very accuratesegmentation,which is animportant
advantageof ourmethod.

Visib le branc h tracing To minimize the userintervention, the
systemautomaticallytracesalongbranchstrokesto detectnearby
visible branchesin the image. This tracing is trigged after each
branchstroke is drawn. We applya methodinspiredby the `Lazy
Snapping'[Li et al. 2004]. Pixelson thebranchstroke areusedas
samplesto computean appearancemodel for the branch. All the
other pixels are samplesto computethe non-branchappearance.
Again,a GMM modelis usedfor theappearancemodel.Sincethe
branchstroke could cover leaf pixels (e.g. in the �rst examplein
Figure7), wediscardtheGaussiancomponentin thebranchGMM
if it is toocloseto somecomponentin thefoliageGMM G(I x ; � F ).
The branchappearancemodel is denotedasG(I x ; � T ). The ap-
pearancemodel for non-branchpixels is G(I x ; � N ). Typically, 5
Gaussiandistributionsareusedfor eachmodel.
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Figure 3: (a) We move a circle along the branchstroke to trace
visible branches.The fork is detectedanda new greenbranchis
createdautomatically. (b) The branchis recoveredby connecting
all circle centersduringtracing.(c) Theinitial branchis simpli�ed
to discardredundantjoints.

With thesetwo appearancemodels,we move a circle along the
branchstroke from bottomto top. At eachposition,pixels on the
circle areclassi�edasbranchpixel or non-branchpixel by a maxi-
mumlikelihoodestimation.We usea 0 � 1 variable� to facilitate
this classi�cation, where0 meansbranchpixel and 1 for others.
For eachpixel x on thecircle, we compute� x by maximizingthe
following likelihood

(1 � � x )G(I x ; � T ) + � x G(I x ; � N ):
Typically, multiplebranchpixelswill bedetectedonthecircle. And
thesepixels form clusters. We discarda clusterif therearenon-
branchpixelsalongthe line segmentconnectingtheclustercenter
and circle center(via the maximumlikelihood estimation). The
circle centerwill move to the remainingclustercenterto continue
tracing. In thecaseof multiple clustersleft on thecircle, they are
processedin abreadth�rst manner. Thebranchskeletonis detected
by connectingall thesecircle centersduringtracing.This skeleton
is overlayedin theimage.If theuseris notsatis�edwith this result,
hecanaddmorestrokesto correctit or deletewrongbranches.This
skeletonis then simpli�ed by discardingredundantjoints, which
is not a fork andthe branchdirectiondoesnot changedrastically
(< 30o) at that joint. In our implementation,the circle radiusis
�x edas50 pixelsfor all examples(imageresolutionat about1500
pixels).

At the treeroot, thebranchthicknessis alsocomputedby varying
thecircle radiusto �nd a largestcircle whosepixelsareall branch
pixels.This thicknesscomputationis unreliableat smalltwigs. We
simplysetbranchradiusto 75%of its parent,althoughbetterbotan-
ical rulescanbeusedaccordingto [WeberandPenn1995].

As shown in Figure3 (a),thebranchsegmentindicatedby thegreen
line is correctlydetected,althoughthedrawn stroke doesnot pass
throughit. A branchsystemis retrievedbyconnectingcirclecenters
in sequenceasshown in (b). This initial resultcontainsmany frag-
ment line segments,which is undesirablefor the non-parametric
synthesisin Section3.1. The �nal branchafter discardingsome
redundantjoints is shown in (c).

3 Tree Growing
Branchingstructureis the determinanthiddenstructureof trees.
Once branchesare recovered, leaves can be generatedalong
branchesto completethetree.Many previoustreemodelingmeth-
ods [Xu et al. 2007; Tan et al. 2007; Neubertet al. 2007] model
treesthiswayby focusingon themodelingof branchsystem.

Oncevisiblebranchesandfoliageregionareextractedfrom theim-
age,we develop a treegrow engineto automaticallygeneratethe
whole treebranchin 3D spaceby following the given image. We
only seeka plausiblesolutionthat is possiblewith the treepriors
andtheinherentself-similarstructuralpatternsof thetree.Similar

(a)TypeI branchreplacement

(b) TypeII branchreplacement

Figure4: A branchis replacedby a library subtree.We call thered
branchin thesubtreeas`supportingbranch'for easyreference.

engineis usedin [Xu etal. 2007;Tanetal. 2007],where3D points
areusedto guidethegrowth.

3.1 Growth engine

Theenginestartswith thecreationof a library of elementarysub-
treesfrom the visible branches.Thena non-parametricsynthesis
approachis usedto systematicallygenerateinvisible branchesto
completethebranchingstructure.

Initialization

� Conversionof 2D branchesinto 3D: Visiblebranchesinter-
actively tracedin Section2 arede�ned in theimageplane.We
�rst convert thesebranchesfrom 2D to 3D beforegrowing.
Froma singleimage,thereis no enoughinformationto accu-
rately reconstructthebranchpositionin 3D space.Here,we
employ theapproachproposedin [Okabeetal.2005]togener-
atea3D branchstructurefrom theextractedvisiblebranches.
The basicidea is to greedilyadjustbranches'orientationso
thatdistanceamongthemareaslargeaspossible.Weassume
an orthographiccameramodel to relate3D branchposition
andimagecoordinate.

� Creationof the library: Wethenbuilt alibraryof elementary
subtrees.Theselibrary subtreesarebuilt from the recovered
visible branchesby takingall its subtrees.If thereis too few
subtrees(asthe�rst examplein Figure7), we addprede�ned
subtreesin thelibrary. Figure4 showstheprede�nedsubtrees
in ourimplementedsystem.Obviously, thisprede�nedlibrary
canbe further enrichedto handlelarger varietiesof trees. It
is remarkablethatwe producedall of our resultswith only at
most8 subtreesin thecurrentimplementation.

Non-parametric synthesis Startingfrom the3D visible branch
anda library, we take a non-parametricapproachto grow tree.The
synthesisprocesssimplyiteratively replacesanexistingbranchby a
library subtree.Figure4 shows a singlestepof thenon-parametric
branchgrowth. Therearetwo typesof branchreplacementin our
system.In typeI replacement,new branchesgrow at theendof its
`supportingbranch'(i.e. shown astheredsegmentin asubtree).In
typeII replacement,new branchescangrow alongthe`supporting
branch'.

The selectionof the branchto be replacedandthe library subtree
is driven by minimizing the cost function de�ned in Section3.2.
Eachtime,theresultingsynthesisis prunedby theextractedfoliage
silhouette.We empiricallyrun thefollowing threestepsiteratively
about100timesfor eachtree.

� Selectionof a branch to bereplaced:Wegothroughasmall
setof existing branchesandtake theonewhosereplacement
givesthelowestcostfunctionde�ned in Section3.2.



To createthis setof existing branches,we choosebranches
with larger radiusandolder generation.We sort all existing
branchesaccordingto theirradius.Thenbranchesareselected
sequentiallyfrom the sortedarray. Eachbranchis selected
with a probability, which is inverselyproportionalto its gen-
eration.

� Selectionof a replacing library subtree: For the selected
branchto bereplaced,we searchall theavailablelibrary sub-
trees(at most8) to �nd thatonegiving thelowestcostof the
functionde�ned in Section3.2.

Exceptfor the subtreesgeneratedfrom visible branches,the
usercanaddprede�nedsubtrees:type I, type II or both. A
subtreeis rotatedaroundits `supportingbranch' andscaled
beforeit is usedto replacesomeexisting branch. Thereare
two parametersto bedeterminedin thisoperation.

– The rotation angleof thesubtreearoundits `support-
ing branch' is searchedamong12 quantizedlevels of
360degreesthatgivesthelowestcost.

– The scaling factor of the subtreeis determinedsuch
that its `supportingbranch'is of thesamelengthasthe
replacedbranch.

� Branch pruning: After replacement,the resultingbranches
areprunedbasedon thedetectedfoliageregionandtheexist-
ing branches.Any branchgoingbeyondthefoliageregion is
removed,soarethenew branchesif they aretoocloseto some
existingbranches.

3.2 Data-driven attractor s

Thegrowth engineis drivenby thedatato producerealisticresult.
The input imageinformation is 2D andonly weakly controlsthe
growth in thedesiredtreevolume. Hence,we introducesome3D
pointsbasedonheuristicsto controlthegrowth better.

Image attractor s To make theresultaftergrowing similar to im-
age,We de�ne a setof imageattractorssi ; i = f 1; 2; � � � N g that
aresampledevenly in thefoliageregion with a �x edinterval asil-
lustratedby theyellow pointsin Figure5 (a). Theseattractorscon-
trol thetreegrowth by requiringthateachattractorshouldbeclose
to the resultingtreeT . The growth is thendriven by minimizing
a costde�ned asE 2D (T ) =

P
i dist (si ; T ); wheredist (si ; T )

is the distanceof an attractorsi to the projectionof tree T onto
theimage.To computedist (si ; T ), we alsosamplea setof points
pi ; i = f 1; 2; � � � M g alongthe imageprojectionof the treeT , as
thebluepointsin Figure5 (a). Thedistancefunctionis thende�ned
asdist (si ; T ) = min j (dist (si ; pj )) :

Extrapolated 3D attractor s Theimagedrivengrowth couldlead
to an unbalancedtree, whereonly front branchesare generated.
This is becausesuch an unbalancedtree can minimize the cost
E 2D (T ) well without any backbranches.Similar problemexists
in previous sketchingsystemslike [Okabeet al. 2005]. To alle-
viate this problemthe tree is rotated90 degreesaroundits main
trunkandmergedwith theoriginalonein [Okabeetal. 2005].This
methodsolvestheproblemat thecostof creatinginconsistentvisi-
blebrancheswith theimage.

We introduce some extrapolated3D points to balancethe tree
growth. These3D pointsaregeneratedby two steps. First, take
thesetof branchjoints of thecurrenttree.Then,rotatethesejoints
90 degreearoundthemaintrunk. Herethedistancebetweenthese
3D pointsandthe tree is to be minimizedandthe cost is de�ned
asE 3D (T ) =

P
i dist (di ; T ): dist (di ; T ) is thedistancebetween

the 3D point di andthe treeT . Again the treeT is sampledasa

(a) (b)

Figure5: Yellow pointsin the foliageregion arethe imageattrac-
tors. (a) Blue pointsaresampledover the treeto computethedis-
tancebetweenan attractorandthe tree. (b) After branchreplace-
ment, the distancebetweenattractorsand the tree is updatedac-
cordingto newly createdbranches.

(a) (b)

(c) (d)

Figure 6: (a) and (b) are the branchgeneratedby imagedriven
growth viewedfrom thefront andside.Althoughtheimagedriven
growth canguaranteetheresultsimilar to theimagein front, there-
sult looksunnaturalfrom theside.(c) and(d) areresultscomputed
by alternatingimagedriven growth and 3D point driven growth.
Both front andsideresultslook good.

setof points t i ; i = f 1; 2; � � � ; L g in 3D spacealong the branch
skeletonto computethedist (di ; T ) = min j (dist (di ; t j )) :

In our currentimplementation,thegrowth is drivenby alternating
theimageattractorsandthe3D pointattractors.Figure6 illustrates
theeffectivenessof thisalternatingstrategy. Thepureimagedriven
growth yieldsgoodresultswhenviewedfrom thesamedirectionas
the input imageasin (a), while unnaturalresults(b) viewed from
an orthogonalviewpoint. By alternatingthe imagedriven growth
and3D point driven growth, a betterresultcanbe obtainedin (c)
and(d).

Speedup Thegrowth engineinvolvesa largeamountof compu-
tationof thedistancesbetweentheattractorsandthe tree. In each
replacementiteration,we only addmorebranchesto the treeand
no existing branchis discarded. So the distancecomputationin
previous iterationcanbereusedfor speeduppurpose.For eachat-
tractor s (no matterimagepoint or 3D point), we recordits dis-
tanceto the treeT n at then� th iterationasdn

s . At then + 1� th
iteration, we computethe distancebetweens and newly created
branchesasd̂s . Thedistancebetweens andT n +1 is thenupdated
asdn +1

s = min f dn
s ; d̂sg. This is illustratedin Figure5 (b).



Figure9: Modeling woodswith multiple trees. On the top is the
input image.Therenderingof therecoveredmodelis at thebottom.

4 Completing the Tree
The leavesof the treeareautomaticallysynthesizedfrom the re-
coveredbranchstructureandtexturedwith the input image. Each
leaf is representedby a �at rectanglewith the sizeof 1/10 of the
main trunk radius. Eachbranchgeneratesfrom a rangeof 50 to
200leavesproportionalto it length.Thearrangementof theleaves
aroundthe branchis randomized.We keeponly thoseleavesthat
areprojectedinsidethe foliage region in the input image. Leaves
aretexturedaccordingto their projectedpositionon the input im-
age.Thegenericleaf shape,leaf size,densityandarrangementof
leavesalonga branchareall parameterizedin our currentimple-
mentation.But thedefault valuesareusedthroughoutall examples
of thispaper.

5 Results
We test our algorithmwith several differentexamplesto demon-
strateits effectiveness.A typical examplefor a cherrytreedown-
loadedfrom www.�ickr .comis shown in Figure1. Its foliageregion
is shown in Figure2 andits branchtracingprocedureis illustrated
in Figure3. Thecompletebranchingstructuregeneratedby growth
engineis shown in Figure1 (c). The completecherrytreemodel
is then renderedas in Figure 1 (d). For this example,we draw
two strokes, and usedboth subtreesof visible branchesand pre-
de�ned subtreesof type I. The branchtracing is realtime,which
provides rapid feedbackto the userto decidewhetheradditional
branchstrokesareneeded.However, thebranchgrowing typically
takesabout20 minuteson a PCwith 2.4GCPU.Thepopulationof
thetreewith leavestakesanother10minutes.

More examplesareshown in Figure7. For the sycamoretree in
the �rst row, it takesonly two strokes. The tracingdoesnot add
any morebranches.Its branchingstructureis entirelysynthesized
from the library of prede�nedsubtreesof type II. For theoak tree
in thesecondrow, it takesthreestrokes.Partof its visiblebranches
are tracedautomatically, but one is missingdue to the densefo-
liageandis addedby asecondbranchstroke. For thesecondcherry
tree,it takes3 strokesfor thebranchesasthetracingis morechal-
lenging. The oak treeandcherry treeareboth downloadedfrom
www.�ickr .com.

The simplicity of our methodmakes the modelingaffordablefor
woodsaswell. By casuallycapturingtheimageshown in Figure9,

weareableto getall four treesmodelsfrom a totalof 16strokesin
the input image.Therelative positionsof treesin 3D is setmanu-
ally. A moresystematicusageof themethodin urbanenvironment
is shown in Figure 8. Treesalong a streetcan only be captured
from closeviewpointsdueto spaceconstraint,which makesprevi-
ousimage-basedtreemodelingmethodslessapplicable.Here,we
modeleachtreefrom a singleimagethenalign all treesmanually
in 3D space.In Figure8, the treesaremodeledwith 2, 2, 5, 3, 3,
2, 2 strokesfrom left to right. All treesaregrown with prede�ned
subtreesof typeI.

6 Conc lusion & Future Work
We have describeda simpleandeffective systemfor constructing
realistictreemodelsfrom asingleimage.Oursystemwasdesigned
to minimize userinteraction. The resultingsystemis simpleand
practicalin thatanamateuruseronly needsto sketcha few strokes
in thesingleinput image.

Therearesomedirectionsfor futureworks.For example,wecould
�ll the gap betweenthis singleimagebasedmethodandprevious
multi-views methodsto improve the 3D shapewhile keepingthe
modelingsimplicity. We could also improve the systemin run-
time ef�ciency to realtime.Anotherinterestingdirectionfor future
researchis to make the modelingprocedurefully automatic.The
describedsystemcouldbeupgradedto full-automaticif automatic
treedetectionandvisiblebranchtracingalgorithmareavailable.
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Figure7: Examplesaresortedin theincreasingnumberof strokes:(a)Thesingleinput image.(b) Thesynthesizedbranchstructure.Subtrees
areshown at thecorner. (c) Completetreemodelwith leavesrenderedat thesameviewpoint astheinput image.(d) Renderedfrom a novel
view point.

Figure8: Street-sidetreemodeling: several input imagescapturedalonga streetin the top row, andthe treemodelsrenderedat the same
viewpointon thebottomrow.


