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Figurel: Singleimagetreemodeling.(a) Singleinputimageof atreedownloadedrom www. ickr .com. (b) Strokesdrann by theuser only
two strokesfor this example.(c) The automaticsynthesif thetreebranches(d) The completetreemodelrenderedat the sameviewpoint

astheinputimage.

Abstract

In this paperwe introducea simplesketchingmethodto generatea
realistic3D treemodelfrom asingleimage.Theuserdravs atleast
two strokesin thetreeimage:the rst crown stroke aroundthetree
crown to mark up the leaf region, the secondbranchstroke from
the tree root to mark up the main trunk, and possiblyfew other
branchstrokes for re nement. The methodautomaticallygener
atesa 3D treemodelincluding branchesandleaves. Branchesare
synthesizedby a growth enginefrom a small library of elemen-
tary subtreeghatarepre-de nedor built onthe y from therecor-
eredvisiblebranchesThevisible branchesreautomaticallytraced
from thedrawn branchstrokesaccordingto imagestatisticson the
stroles. Leavesaregeneratedrom theregion boundedoy the rst
crown stroke to completethe tree. We demonstrat®ur methodon
avariety of examples.

1 Introduction

Treesare ubiquitousandhardto modelin a realisticway because
of the large varietiesand their natural compleity in geometry
Progresshasbeenmadeover the yearsin modelingtrees. Many
methoddWeberandPennl1995;Prusinkievicz etal. 2001;Reche-
Martinez et al. 2004; Quanet al. 2006; Tan et al. 2007; Neubert
etal. 2007] canachieve highly realistictreemodels. Yet all these
methodseedsigni cant amountof efforts to producegoodresults,
eitherin thesensef tuningtreegrowing parametersr in thesense
of imageprocessingnd3D reconstruction.

To overcomethe currentdif culties, we proposea methodthat
drasticallysimpli es the modelingprocess. We usea single im-
ageto modela tree. From this singleimageand few userdravn

strokes,our systemrst generateshe whole tree branchingstruc-
ture by non-parametricynthesisthen completetree model with

leaves. Our systemis remarkablysimple and generatesisually
corvincing results. It makesthe modelingof large scalevegeta-
tion affordable.It couldbe partof a cost-efective solutionto build

realistic-lookingernvironmentsfor movie post-productionarchitec-
tural designsgamesandwebapplications.

1.1 Related work

The growth of treesadheredo strongbotanicrules and patterns.
Mary previous methodsarerule based[Prusinkiavicz etal. 1994]
introduceda seriesof methodshasedon the ideaof the generatie
L-system.[WeberandPenn1995]usedgeometriculesto produce
realistic-lookingtrees. [de Reffye et al. 1988] designedrulesac-
cordingto botanicalknowledge. Thesetechniquegyenerategood
results,but they oftenrequireexpertisefor effective use. Theidea
behindrule basedmethodss thatthe branchandleaf arrangement
follow a patternwhich canbe predictedwith a setof rulesandpa-
rametersHowever, theserulesandparameterarenontrivial to set.

In the pastseveral years,image basedmethodsbecomepopular
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-
sultscanbe producedy this method its volumetricrepresentation
maleseditingandanimationalmostimpossible.[Shlyakhteret al.
2001]reconstructeavisualhull accordingo imagesilhouetteand
t abranchstructureto 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-
ture from motionalgorithmto computea setof 3D pointsover the
tree. Then3D pointswere usedto generateriangle meshmodel
of branchesandleaves. All theseimagebasedmethodsneedmul-
tiple imagesasinput. Typically, theseimagesshouldspana large
rangeof view anglesto correctlyrecover 3D information. Further
more, the tree shouldbe rst seggmentedout from backgroundn
all images.Althoughtherearesomewell developedtools|[Li etal.
2004; Rotheret al. 2004], sucha sgmentationof multiple images
is tediousandtime consuming

Insteadof relying on rulesor imagestreemodelscanalsobegen-
eratedaccordingto 3D scannedataor 2D usersketches[Xu etal.
2007]producedvery goodtreemodelsfrom a setof 3D pointscap-



turedby scanner [Okabeet al. 2005] generatedree modelsfrom
a branchskeletonsketchedby user However, this kind of sketch-
ing methodrequiresmary userinterventionsandit is oftenhardto
sketcharealistictreefor anamateutuser

1.2 Our approach

Given a singleimageof a tree, we draw strokes on the imageto
createa treemodel. We startto drav a crown stroke to mark up
the leaf region in theimage. Thena branchstroke is dravn from
thetreerootto markthe maintrunk. Branchesisible in theimage
areautomaticallytracedout arounddravn branchstrokesto mini-
mize the userinterventionandachie/e the highestrealism. A few
otherbranchstrokes could be addedto completevisible branches
whennecessary The branchstructurepatternsencodedn visible
branchesare usedto build up a small library of elementarysub-
treesto grow the entiretree. If too few visible branchesxist in
theimage,the tree could alsogrow accordingto someprede ned
subtreepatterns.Brancheswvork asa hiddendeterminanstructure
of thetree. Oncebranchesreready leavescanbe generatecas-
ily accordingto the branchstructureandimageinformation. One
examplecanbeseenin Figurel. Theinputsingleimageis shavn
in (a), with two strokesdrawn by the useras(b). Our method rst
grows a branchstructureillustratedin (c) then completethe tree
with leavesasin (d).

Our methodcan be regardedas a mixture of rule basedmethod,
image basedmethodand sketch basedmethod. Ratherthan ap-
plying parametricrules for branchgeneration,we use the local
branchshapeso synthesizenew branchesThisis essentiallyanon-
parametrictree growing system. Differentfrom previous image-
basedmethodswe designour systemto work with a singleinput
image.We do notintendto recover 3D structuredirectly from im-
age. In contrast,we usethe imageasa guide for non-parametric
treegrowing, i.e. thegrowth shouldleadto aresultcloseto theim-
age. Differentfrom a puresketching[Okabeet al. 2005], we only
drawv afew strokes. Theimagestatisticsunderlinedby the strokes
allows usto recorer moretreestructures.

2 Image Plane Sketching

Previous image-basednethods[Tan et al. 2007; Reche-Martinez
etal. 2004; Neubertet al. 2007] needa tree sggmentatiorto make
useof imageinformationfor modeling.However, a goodtreesey-
mentationis usually very dif cult. Our methoddoesnot depend
on high quality sggmentation.In our systemthe userdraws a few
strokesto mark out foliage andvisible branchesy taking adwan-
tageof thetreeprior to facilitatesggmentation.

User interface  Theuserdraw strokesontheimageby moving the
mousecursorandholdinga button. (Left buttonfor the crown and
right buttonfor branches.Bimilar Ul is designedn [Li etal. 2004]
for imagesegmentation.For simplicity, we alwaysuseonestroke
to mark the crown. The foliage region is automaticallyextracted
by the methoddescribedn the following paragraphaccordingto
this stroke. The userthendraw strokesto mark out branches Af-
ter eachbranchstroke, a tracingalgorithmis triggedto follow the
visible branchegloseto thestroke. Thetracedvisible branchesire
displayedover theimage. If not satis ed with this result,the user
hasthe optionof addingor deletingstrokesfor correction.Unlike a
puresketchingsysteniOkabeetal. 2005],we have theimageinfor-
mationunderlyingthe drawn strokesthatallows extremelysimple
sketching.

Figurel shavs anexamplein which we needonly two strokes: the
rst crown stroke in redandthe secondoranchstroke in blue.

Figure 2: The extractedfoliage region via minimizing the Gibbs
enegy. Thesearetheresultsfor thecherrytreein Figurel andthe
oaktreein Figure7. Notethatour modelingneedsonly a coarse
segmentation.

Foliage extraction  Foliageis extractedirom theclosedregion by
the rst crown stroke, which roughly follows the crown boundary
"GrabCut' [Rother et al. 2004] extracts objectinside a bounding
rectangleby analyzingthe differentappearancenside andoutside
of therectangle The GrabCut'is lesseffective hereasbothinside
andoutsideof thecrown stroke could containsigni cant amountof

leaf colors. For extraction,we simply computea Gaussiammixture
model (GMM) for the pixel RGB valuesin the region closedby
the crown stroke. We emplgy a mixture of 10 Gaussiangor large
variationof colorsdueto the background.Thenwe take the four
mostgreenor red Gaussiarcomponentssleaf clusters. And the
remainingsix componentsre consideredas backgrouncclusters.
With theseappearancenodelsG(l«; F);G(l«; ) for thefore-
groundandbackgroundwe computea graph-cutbasedextraction
to detectleaf pixels. Here,G( ; ) is the pdf functionof GMM dis-
tribution, | indicatesthe RGB valuesatpixel x, 7 ; ® areGMM

parameters.

At eachpixel x, wecomputeaO 1 label x viagraphcut,where

x = O representdeaf pixelsand x = 1 representbackground
pixels. A Gibbsenegy of the following form is de ned over the
enclosedegjon of crown stroke X

Ea( x; 7; B)+ Es( x; y);

X (xy)2N
whereN is thesetof all 4-neighborpixel pairs,

Ea( x; "; BYy= «logG(lx; B) (@  )logG(x; 7)
is thedataterm,and
Loy 0 x =y
Es( X y)— :jlx |yJ X 6 y

is the smoothterm. Graph-cutalgorithm [Kolmogores and Zabih
2002]is appliedto minimizethis Gibbsenegy by assigninga 0 or
1foreach . Theconstant indicatingthestrengthof smoothness
is setto 60in ourimplementationBeforetheextraction,we usually
expandthe enclosedegion by morphologyexpansionl10 timesto
allow morefreedomfor the users sketching.

Figure 2 shaws the resultof the foliage extractionfrom the input
imageandthe stroke in Figure 1. It is shouldbe noticedthatwe
do notrequirea very accurateseggmentationwhich is animportant
adwantageof our method.

Visib le branch tracing To minimize the userintervention, the
systemautomaticallytracesalong branchstrolesto detectnearby
visible branchesn the image. This tracingis trigged after each
branchstrole is dravn. We apply a methodinspiredby the "Lazy
Snapping'[Li etal. 2004]. Pixelson the branchstroke areusedas
sampleso computean appearancenodelfor the branch. All the
other pixels are samplesto computethe non-branchappearance.
Again,a GMM modelis usedfor the appearancenodel. Sincethe
branchstroke could cover leaf pixels (e.g. in the rst examplein
Figure7), we discardthe Gaussiartomponentn thebranchGMM
if it is too closeto somecomponenin thefoliageGMM G(Ix; F).
The branchappearancenodelis denotedasG(lx; '). Theap-
pearancenodelfor non-branctpixelsis G(1x; V). Typically, 5
Gaussiaristributionsareusedfor 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 recoreredby connecting
all circle centergduringtracing. (c) Theinitial branchis simpli ed
to discardredundanjoints.

With thesetwo appearancenodels,we move a circle along the
branchstroke from bottomto top. At eachposition, pixels on the
circle areclassi ed asbranchpixel or non-branctpixel by a maxi-
mumlikelihoodestimationWeuseaO 1 variable to facilitate
this classi cation, where0 meansbranchpixel and 1 for others.
For eachpixel x onthecircle, we compute yx by maximizingthe
following likelihood

L )G(x; ")+ xG(lx; V)
Typically, multiple branchpixelswill bedetectednthecircle. And
thesepixels form clusters. We discarda clusterif thereare non-
branchpixels alongthe line sggmentconnectinghe clustercenter
and circle center(via the maximumlikelihood estimation). The
circle centerwill move to the remainingclustercenterto continue
tracing. In the caseof multiple clustersleft on the circle, they are
processeih abreadthrst manner Thebranchskeletonis detected
by connectingall thesecircle centeraduringtracing. This skeleton
is overlayedin theimage.If theuseris notsatis edwith thisresult,
hecanaddmorestrokesto correctit or deletewrongbranchesThis
skeletonis thensimpli ed by discardingredundantoints, which
is not a fork andthe branchdirection doesnot changedrastically
(< 30°) atthatjoint. In our implementationthe circle radiusis
x edas50 pixelsfor all examples(imageresolutionat about1500
pixels).

At thetreeroot, the branchthicknesss alsocomputedby varying
thecircle radiusto nd alargestcircle whosepixelsareall branch
pixels. This thicknesscomputatioris unreliableat smalltwigs. We
simply setbranchradiusto 75%of its parentalthoughbetterbotan-
ical rulescanbeusedaccordingto [WeberandPennl1995].

Asshavnin Figure3 (a), thebranchsggmentindicatedby thegreen
line is correctlydetectedalthoughthe dravn stroke doesnot pass
throughit. A branchsystemisretrievedby connectingirclecenters
in sequencasshovn in (b). Thisinitial resultcontainsmary frag-

mentline segments,which is undesirablefor the non-parametric
synthesisn Section3.1. The nal branchafter discardingsome
redundanjointsis shavn in (c).

3 Tree Growing

Branchingstructureis the determinanthidden structureof trees.
Once branchesare recovered, leaves can be generatedalong
branchedo completethetree. Many previoustreemodelingmeth-
ods[Xu et al. 2007; Tan et al. 2007; Neubertet al. 2007] model
treesthis way by focusingon the modelingof branchsystem.

Oncevisible branchesndfoliageregion areextractedfrom theim-
age,we develop a treegrow engineto automaticallygeneratehe
whole treebranchin 3D spaceby following the givenimage. We
only seeka plausiblesolutionthatis possiblewith the tree priors
andthe inherentself-similarstructuralpatternsof thetree. Similar
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Figure4: A branchis replaceddy alibrary subtree We call thered
branchin the subtreeas supportingoranch'for easyreference.

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

3.1 Growth engine

The enginestartswith the creationof a library of elementarysub-
treesfrom the visible branches.Thena non-parametricsynthesis
approachis usedto systematicallygeneratenvisible branchego

completethe branchingstructure.

Initialization

Conversion of 2D branchesinto 3D: Visible branchesnter-
actively tracedin Section2 arede nedin theimageplane.We
rst corvert thesebranchesrom 2D to 3D beforegrowing.
Fromasingleimage thereis no enoughinformationto accu-
rately reconstructhe branchpositionin 3D space.Here,we
employ theapproactproposedn [Okabeetal. 2005]to gener
atea 3D branchstructurefrom the extractedvisible branches.
The basicideais to greedily adjustbranches'orientationso
thatdistanceamongthemareaslarge aspossible We assume
an orthographiccameramodelto relate 3D branchposition
andimagecoordinate.

Creationofthelibrary: Wethenbuilt alibrary of elementary
subtrees.Theselibrary subtreesarebuilt from the recorered
visible branchedy takingall its subtreeslf thereis too few
subtreegasthe rst examplein Figure7), we addprede ned
subtreesn thelibrary. Figure4 shavstheprede nedsubtrees
in ourimplementedystem Obviously, thisprede nedlibrary
canbe further enrichedto handlelarger varietiesof trees. It
is remarkablghatwe producedall of our resultswith only at
most8 subtreesn the currentimplementation.

Non-parametric synthesis  Startingfrom the 3D visible branch
andallibrary, we take a non-parametri@pproacho grow tree. The
synthesiprocessimplyiteratively replacegnexisting branchby a
library subtree Figure4 shaws a singlestepof the non-parametric
branchgrowth. Therearetwo typesof branchreplacemenin our
system.In typel replacementnen branchegrow atthe endof its
“supportingoranch'(i.e. shavn astheredsegmentin asubtree)ln
typell replacementnen branchesangrow alongthe “supporting
branch'.

The selectionof the branchto be replacedandthe library subtree
is driven by minimizing the costfunction de ned in Section3.2.

Eachtime, theresultingsynthesigs prunedby the extractedfoliage

silhouette.We empirically run the following threestepsiteratively

about100timesfor eachtree.

Selectionof a branch to bereplaced: We gothroughasmall
setof existing branchesaindtake the onewhosereplacement
givesthelowestcostfunctionde nedin Section3.2.



To createthis setof existing brancheswe choosebranches
with larger radiusandolder generation.We sortall existing
branchesiccordingo theirradius. Thenbranchesreselected
sequentiallyfrom the sortedarray Eachbranchis selected
with a probability which is inverselyproportionalto its gen-
eration.

Selectionof a replacing library subtree: For the selected
branchto bereplacedwe searctall the availablelibrary sub-
trees(atmost8) to nd thatonegiving the lowestcostof the
functionde nedin Section3.2.

Exceptfor the subtreeggeneratedrom visible branchesthe
usercanadd prede nedsubtreesitypel, typell or both. A

subtreeis rotatedaroundits “supportingbranch’ and scaled
beforeit is usedto replacesomeexisting branch. Thereare
two parameter$o bedeterminedn this operation.

— The rotation angle of the subtreearoundits “support-
ing branch'is searchecamong12 quantizedlevels of
360degreeghatgivesthelowestcost.

— The scaling factor of the subtreeis determinedsuch
thatits “supportingoranch'is of the samelengthasthe
replacedbranch.

Branch pruning: After replacementthe resultingbranches
areprunedbasedn the detectedoliage region andthe exist-
ing branches Any branchgoing beyondthefoliageregionis
removed,soarethenew branchedf they aretoo closeto some
existing branches.

3.2 Data-driven attractor s

Thegrowth engineis driven by the datato producerealisticresult.
The input imageinformationis 2D and only weakly controlsthe
growth in the desiredtree volume. Hence,we introducesome3D
pointsbasedn heuristicsto controlthe growth better

Image attractor s  To make theresultaftergrowing similarto im-
age,We de ne a setof imageattractorss;;i = f1;2; Ngthat
aresampledevenly in thefoliage region with a x edintenal asil-

lustratedby theyellow pointsin Figure5 (a). Theseattractorscon-
trol thetreegrowth by requiringthateachattractorshouldbe close
to the resultingtree T. The gnowth is thendriven by minimizing
acostde nedasE?® (T) = dist(si;T); wheredist(si;T)

is the distanceof an attractors; to the projectionof tree T onto
theimage. To computedist (s;i; T), we alsosamplea setof points
pi;i = f1;2; M g alongtheimageprojectionof thetreeT, as
thebluepointsin Figure5 (a). Thedistancdunctionis thende ned
asdist(si; T) = min; (dist(si; p;)):

Extrapolated 3D attractor s Theimagedrivengrowth couldlead

to an unbalancedree, where only front branchesare generated.

This is becausesuch an unbalancedree can minimize the cost
E 2P (T) well without ary backbranches.Similar problemexists
in previous sketchingsystemdike [Okabeet al. 2005]. To alle-
viate this problemthe treeis rotated90 degreesaroundits main
trunkandmeigedwith theoriginal onein [Okabeetal. 2005]. This
methodsolvesthe problemat the costof creatinginconsistenvisi-
ble branchesvith theimage.

We introduce some extrapolated3D points to balancethe tree
growth. These3D points are generatedy two steps. First, take
the setof branchjoints of the currenttree. Then,rotatethesejoints
90 degreearoundthe maintrunk. Herethe distancebetweerthese
3D pointsandghe treeis to be minimized andthe costis de ned
ase3P(T) = ; dist(di; T): dist(di; T) is thedistancebetween
the 3D pointd; andthetreeT. AgainthetreeT is sampledasa
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Figure5: Yellow pointsin thefoliage region aretheimageattrac-
tors. (a) Blue pointsaresampledover the treeto computethe dis-
tancebetweenan attractorandthe tree. (b) After branchreplace-
ment, the distancebetweenattractorsand the treeis updatedac-
cordingto newly createcbranches.
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Figure 6: (a) and (b) are the branchgeneratecby image driven

growth viewedfrom thefront andside. Althoughtheimagedriven

growth canguarante¢heresultsimilarto theimagein front, there-

sultlooksunnaturafrom theside. (c) and(d) areresultscomputed
by alternatingimage driven gronth and 3D point driven growth.

Both front andsideresultslook good.

setof pointsti;i = f1;2; ;Lgin 3D spacealongthe branch
skeletonto computethedist (di; T) = min; (dist(di; t;)):

In our currentimplementationthe growth is driven by alternating
theimageattractorsandthe 3D point attractors Figure6 illustrates
theeffectivenesof this alternatingstrateyy. Thepureimagedriven
growth yieldsgoodresultswhenviewedfrom the samedirectionas
theinputimageasin (a), while unnaturalresults(b) viewed from

an orthogonalviewpoint. By alternatingthe imagedriven growth

and 3D point driven growth, a betterresultcanbe obtainedin (c)

and(d).

Speedup Thegrowth engineinvolvesa large amountof compu-
tation of the distancedetweerthe attractorsandthetree. In each
replacemeniteration, we only add more branchedo the treeand
no existing branchis discarded. So the distancecomputationin
previousiterationcanbereusedor speeduppurpose.For eachat-
tractors (no matterimagepoint or 3D point), we recordits dis-
tanceto thetreeT" atthen thiterationasdy. At then + 1 th
iteration, we computethe distancebetweens and newnly created
brancheasd\s . Thedistancebetweers andT"*? is then updated

asd?** = min fdl;dsg. Thisisillustratedin Figure5 (b).



Figure9: Modeling woodswith multiple trees. On thetop is the
inputimage.Therenderingof therecoreredmodelis atthebottom.

4 Completing the Tree

The leaves of the tree are automaticallysynthesizedrom the re-

coveredbranchstructureandtexturedwith the inputimage. Each
leaf is representedby a at rectanglewith the size of 1/10 of the
main trunk radius. Eachbranchgenerategrom a rangeof 50 to

200leavesproportionalto it length. Thearrangemenof theleaves
aroundthe branchis randomized.We keeponly thoseleavesthat
areprojectedinsidethe foliage region in the inputimage. Leaves
aretexturedaccordingto their projectedpositionon the inputim-

age. Thegenericleaf shape)eaf size,densityandarrangemenof

leavesalonga branchareall parameterizedh our currentimple-

mentation.But the default valuesareusedthroughoutall examples
of this paper

5 Results

We testour algorithmwith several differentexamplesto demon-
strateits effectiveness.A typical examplefor a cherrytreedown-
loadedirom www. ickr .comis shavnin Figurel. Its foliageregion
is shavn in Figure2 andits branchtracingproceduras illustrated
in Figure3. Thecompletebranchingstructuregeneratedby growth
engineis shavn in Figurel (c). The completecherrytree model
is thenrenderedasin Figure 1 (d). For this example, we drav
two strokes, and usedboth subtreesof visible branchesand pre-
de ned subtreesof type I. The branchtracingis realtime, which
provides rapid feedbackto the userto decidewhetheradditional
branchstrokesareneeded However, the branchgrowing typically
takesabout20 minuteson a PCwith 2.4G CPU. The populationof
thetreewith leavestakesanotherl0 minutes.

More examplesare shawvn in Figure 7. For the sycamoretreein
the rst row, it takesonly two strokes. The tracing doesnot add
ary morebranches Its branchingstructureis entirely synthesized
from thelibrary of prede nedsubtree®f typell. For the oaktree
in thesecondow, it takesthreestrokes. Part of its visible branches
are tracedautomatically but oneis missingdueto the densefo-
liageandis addecby aseconcbranchstroke. For theseconc:herry
tree,it takes 3 strokesfor the branchessthetracingis morechal-
lenging. The oak tree and cherrytree are both downloadedfrom
www. ickr .com.

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

we areableto getall four treesmodelsfrom atotal of 16 strokesin

theinputimage. Therelative positionsof treesin 3D is setmanu-
ally. A moresystematiaisageof the methodin urbanenvironment
is showvn in Figure8. Treesalonga streetcanonly be captured
from closeviewpointsdueto spaceconstraintwhich makesprevi-

ousimage-basetreemodelingmethoddessapplicable.Here,we

modeleachtreefrom a singleimagethenalign all treesmanually
in 3D space.In Figure8, thetreesaremodeledwith 2, 2, 5, 3, 3,

2, 2 strokesfrom left to right. All treesaregrown with prede ned
subtree®f typel.

6 Conclusion & Future Work

We have describeda simple and effective systemfor constructing
realistictreemodelsfrom a singleimage.Our systemwasdesigned
to minimize userinteraction. The resultingsystemis simpleand
practicalin thatanamateumuseronly needgo sketchafew strokes
in thesingleinputimage.

Therearesomedirectionsfor futureworks. For example,we could
Il the gap betweerthis singleimagebasedmethodand previous
multi-views methodsto improve the 3D shapewhile keepingthe
modeling simplicity. We could also improve the systemin run-
time ef ciency to realtime.Anotherinterestingdirectionfor future
researchs to make the modelingprocedurefully automatic. The
describedsystemcould be upgradedo full-automaticif automatic

treedetectionandvisible branchtracingalgorithmareavailable.
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Figure7: Examplesaresortedin theincreasinghumberof strokes: (a) Thesingleinputimage.(b) Thesynthesizedbranchstructure Subtrees
areshown atthe corner (c) Completetreemodelwith leavesrenderedht the sameviewpoint astheinputimage. (d) Renderedrom a novel
view point.

Figure8: Street-siddree modeling: several inputimagescapturedalonga streetin the top row, andthe tree modelsrenderedat the same
viewpoint on thebottomrow.



