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Figure 1: Image-based modeling of a tree. From left to righsource image (out of 18 images), reconstructed brancbtateirendered at
the same viewpoint, tree model rendered at the same vietypwid tree model rendered at a different viewpoint.

Abstract cloud of the tree. Rather than applying specific rules fonbna

In this paper, we propose an approach for generating 3D rsodel generation, we use the local shapes of branches that arevetise
of natural-looking trees from images that has the additibeaefit to interpolate those of obscured branches. Finally, theeleare

of requiring little user intervention. While our approasharimar- generated by segmenting the source images and computiing the
ily image-based, we do not model each leaf directly from iesag ~ depths using the pre-computed 3D points or the recoverenthes.

due to the large leaf count, small image footprint, and widesad One such result can be seen in Figure 1.

occlusions. Instead, we populate the tree with leaf replfcam Note that in this paper, we differentiate between bushes and
segmented source images to reconstruct the overall tree sha trees—we consider “bushes” as terrestrial flora with large d

addition, we use the shape patterns of visible branchesettigtr ~ cernible leaves (relative to the bush size), and “treesdi@elterres-

those of obscured branches. We demonstrate our approach on 4rial flora with small leaves (relative to the tree size). Bpectrum
variety of trees. of bushes and trees with varying leaf sizes is shown in Figure

1 Introduction

Trees are hard to model in a realistic way because of thearinh
ent geometric complexity. While progress has been madetbeer
years in modeling trees, ease of model generation, modeibdi
ity, and realism are difficult to achieve simultaneously.oaltwith
all these features could easily be part of a cost-effectiation to

- L. . A R . Bushes with large discernible leaves Trees with small undiscernible leaves
building realistic-looking environments for movie posbgduction, [Quan et al. 06] Our techni
. . . . . —_—> ur q
architectural designs, games, and web applications. i ) )
3 . ncreasingly more Increasingly less
Our system uses images to model the tree. We chose an image:  manual intensive similar to inputs

based approach because we believe such an approach hastthe be
potential for producing a realistic tree model. The cappnaess
is simple, as it involves only a hand-held camera. We useiatsire
from motion technique to recover the camera motion and 3Btpoi

Figure 2: Spectrum of bushes and trees based on relativeifeaf
On the left end of the spectrum, the size of the leaves relébithe
bush is large. This is ideal for using the modeling systemudiggt

al. [2006]. Our system, on the other hand, targets trees witll sma
relative leaf sizes (compared to the entire tree).

2 Related work

The techniques for modeling bushes and trees can be roulgisly ¢
sified as being rule-based or image-based. Rule-basedideeln
make use of a small set of generative rules or grammar toecreat
branches and leaves. Prusinkiewicz et al. [1994], for eXanue-
veloped a series of approaches based on the idea of the tyemera
L-system, while Weber and Penn [1995] used a series of gemmmet
rules to produce realistic-looking trees. De Reffye etE988] also
used a collection of rules of plant growth. Such techniquesige
some realism and editability, but they require expertigeeftec-

tive use. They work on the (usually) reasonable assumphatthe

*Gang Zeng is currently at ETH Zurich.
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Figure 3: Overview of our tree modeling system.

branch shape and leaf arrangement follow a predictablempatdn
the other hand, they require considerable effort to refgicenex-
pected local structural modifications such as stunted drowe to
disease or responses to external agents.

Image-based approaches use images of a tree for modelirg. Th
range from the use of a single image and (limited) shapegjiitan
and Zhu 2003] to multiple images [Sakaguchi 1998; Shlyakhte
et al. 2001; Reche-Martinez et al. 2004; Quan et al. 2006]. A
popular approach is to use the visual hull to aid the modegitng
cess [Sakaguchi 1998; Shlyakhter et al. 2001; Reche-Marghal.
2004]. While Shlyakhter et al. [2001] refines the medial aftithe
volume to a simple L-system fit for branch generation, Sakhgu
et al. [1998] use simple branching rules in voxel space feistime
purpose. However, the models generated by these approamhes
only approximate and have limited realism. Reche-Martinez
al. [2004], on the other hand, compute a volumetric reprtasiem
with variable opacity. While realism is achieved, their ratsdcan-
not be edited or animated easily.

The approaches closest to ours are those of @uah. [2006]
and Xuet al.[2005]. Quaret al.[2006] showed that it is possible to
model bushes well by explicitly modeling leaves from imaged
providing a simple user interface to generate branches. eMeny
generating a tree with a large number of small overlappiagde
would be impractical. In our approach, the branches arergeet
automatically from the images, with pattern-based intitpan in
occluded areas. This substantially reduces the amount ntiaha
input required. In addition, Quaet al. usually require 860°
capture, which may not always be possible for outdoor tréés.
require only a partial coverage of the tree and a small nurober
overlapping images (10-20 images for most examples in Hpger).
Figure 2 illustrates the types of bushes and trees that greaipate
for Quanet al.'s [2006] technique and ours. Both these techniques
are complementary.

As was done by researchers in the past, we capitalize on the
structural regularity of trees, more specifically the saffilarity
of structural patterns of branches and arrangement of $edi@w-
ever, rather than extracting rule parameters (which is dédficult
to do in general), we use the extracted local arrangemerisitile
branches as building blocks to generate the occluded onks T
is done using the recovered 3D points as hard constraintshaend
matte silhouettes of trees in the source images as softragtst

To populate the tree with leaves, the user first provides xhe e
pected average image footprint of leaves. The system tlygnesgs
each source image based on color. The 3D position of each leaf
segment is determined either by its closest 3D point or hyldsest
branch segment. The orientation of each leaf is approxiinfaten
the shape of the region relative to the leaf model or the figstane
of leaf points in its vicinity.

4 Image capture and 3D point recovery

We use a hand-held camera to capture the appearance of ¢he tre
of interest from a number of different overlapping views. dih

but one of our experiments, only 10 to 20 images were taken for
each tree, with coverage betwe&20° and 200° around the tree.
The exception is the potted flower tree shown in Figure 7, e/B&r
images covering60° were taken.

Prior to any user-assisted geometry reconstruction, weaext
point correspondences and ran structure from motion on tieem
recover camera parameters and a 3D point cloud. We also assum
the matte for the tree has been extracted in each image, seveha
know the extracted 3D point cloud is that of the tree and net th
background. In our implementation, matting is achieved\aitto-
matic color-based segmentation and some user guidance.

Standard computer vision techniques have been developsd to
timate the point correspondences across the images andrtera

Xu et al.[2005] used a laser scanner to acquire the range data for Parameters. We used the approach described in [Lhuilligaran

modeling trees. Part of our work—the generation of initiaille
branches—is inspired by their work. The major differencéhit
they use a 3D point cloud for modeling; no registered sounzges
are used. It is not easy to generate complete tree modelsjdisim
3D points because of the difficulties in determining what issimg
and in filling the missing information. Our experience hasus to
believe that adapting models to images is a more intuitivemaéor
realistic modeling. The image-based approach is also mexible
for modeling a wide variety of trees at different scales.

3 Overview of the system

Our tree modeling system consists of three main parts: image
ture and 3D point recovery, branch recovery, and leaf pojoula
illustrated in Figure 3. It is designed to reduce the amotiniser
interaction required by using as much data from images aslpes
The recovery of the visible branches is mostly automatith wie
user given the option of refining their shapes. The subseéqeen
covery of the occluded branches and leaves is automaticomith
a few parameters to be set by the user.

2005] to compute the camera poses and a semi-dense cloud of re
liable 3D points in space. Depending on the spatial distidbuof

the camera and the geometric complexity of the tree, thesebma
significant areas that are missing or sparse due to occluSioe
example of structure from motion is shown in Figure 3.

5 Branch recovery

Once the camera poses and 3D point cloud have been extragted,
next reconstruct the tree branches, starting with the leisibes.
The local structures of the visible branches are subselguesed

to reconstruct those that are occluded in a manner similaote
parametric texture synthesis in 2D [Efros and Leung 1998 (a
later 3D [Breckon and Fisher 2005]), using the 3D points as co
straints.

To enable the branch recovery stage to be robust, we male thre
assumptions. First, we assume that the cloud of 3D pointbéais
partitioned into points belonging to the branches and leéusing
color and position). Second, the tree trunk and its branahess-
sumed to be unoccluded. Finally, we expect the structurébeof



visible branches to be highly representative of those thatoa- branch clusters by clicking on one skeleton node of one efwastd
cluded (modulo some scaled rigid transform). a root point of another cluster. The connection is used tdegthie
creation of occluded branches that link these two clustas Sec-

5.1 Reconstruction of visible branches tion 5.2). Another feature of our system is that all theserafpens

The cloud of 3D points associated with the branches is usgaite can be specified at a view corresponding to any one of the sourc
the reconstruction of visible branches. Note that these GiDtp images; this allows user interaction to occur with the appiete
can be in the form of multiple point clusters due to occlusidn ~ Source image superimposed for reference.

branches. We call each clustdonch clustereach branch cluster A result of branch structure recovery is shown for the bage tr
has a primary branch with the rest being secondary branches. example in Figure 4. This tree was captured with 19 imagesreov

The visible branches are reconstructed using a data-griven ing about120°. The model was automatically generated from only
bottom-up approach with a reasonable amount of user interac ~ one branch cluster.
The reconstruction starts with graph construction, witbhesub-
graph representing a branch cluster. The user clicks on aogi p
of the primary branch to initiate the process. Once the rettoc-
tion is done, the user iteratively selects another branohtet to
be reconstructed in very much the same way, until all thebl@si
branches are accounted for. The very first branch clustedi&an
consists of the tree trunk (primary branch) and its bran¢kes-
ondary branches).

There are two parts to the process of reconstructing visible
branches: graph construction to find the branch clusteliswied
by sub-graph refinement to extract structure from each brelus-
ter.

Graph construction. Given the 3D points and 3D-2D projection  Figure 4: Bare tree example. From left to right: one of therseu
information, we build a graph G by taking each 3D point as @&nod images, superimposed branch-only tree model, and bramgh-o
and connecting to its neighboring points with edges. Thegmei tree model rendered at a different viewpoint.

boring points are all those points whose distance to a giént p
is smaller than a threshold set by the user. The weight asoci .
with each edge between a pair of points is a combined distance®-2 Reconstruction of occluded branches

d(p,q) = (1 — a)dsp + adzp With o = 0.5 by default. The 3D The recovery of visible branches serves two purposes: qarif
distancedsp is the 3D Euclidean distance betwgeandg normal- the tree model is reconstructed, ati@ reconstructed parts are
ized by its variance. For each imaggthatp andg project to, let used to replicate the occluded brancheésle make the important
l; be the resulting line segment in the image joining theirgee]  assumption that the tree branch structure is locally seifiar. In

tions P;(p) andPi(q). Also, letn; be the number of pixels ify our current implementation, any subset, i.e., a subtre¢hefe-
and{z;;[j = 1,..,n:} be the setlof 2D points ify. We define covered visible branches is a candidate replication bldktkis is
a 2D distance functiodzp = >, - > |VIi(zi;)|, normalized illustrated in Figure 5 for the final branch results shownigufe 1

by its variance, withVI(x) being the gradient in imagé at 2D and 7.
locationz. The 2D distance function accounts for the normalized
intensity variation along the projected line segments @leob-

served views. If the branch in the source images has beetifiddn
and pre-segmented (e.g., using some semi-automatic segfioan W/ Y
technique), this function is set to infinity if any line segmés pro-

(b)

jected outside the branch area. Each connected compomneuth-0

graph, is considered as a branch cluster. We now describeachv @) b
branch cluster is processed to produce geometry, whichisterus

the skeleton and its thickness distribution.

Conversion of sub-graph into branchesWe start with the branch

cluster that contains the lowest 3D point (the “root” pginthich

we assume to be part of the primary branch. (For the firstetust ©) (d)

the primary branch is the tree trunk.) The shortest paths fiee

root point to all other points are computed by a standardteSbr  Figyre 5: Branch reconstruction for two different trees.eTaft
path algorithm. The edges of the sub-graph are kept if theyart column shows the skeletons associated with visible branalhéle

of the shortest paths and discarded otherwise. the right are representative replication blocks. (a,b)farehe fig
This step results in 3D points linked along the surface of tree in Figure 1, and (c,d) are for the potted flower tree in Fig

branches. Next, to extract the skeleton, the lengths ofleets  yre 7. (Only the main branch of the flower tree is clearly \isib

est paths are divided into segments of a pre-specified lerigta Three replication blocks were chosen from another tree aed u

centroid of the points in each segment is computed and isreefe  for pranch reconstruction.)
to as a skeleton node. The radius of this node (or the raditiseof

corresponding branch) is the standard deviation of thetpairthe The next step is to recover the occluded branches given the vi
same bin. This procedure is similar to those described ingtXal. ible branches and the library of replication blocks. We tttbés
2005] and [Brostow et al. 2004]. problem as texture synthesis, with the visible branchesigiryg

User interface for branch refinement. Our system allows the user  the texture sample and boundary conditions. There is a rd#jor
to refine the branches through simple operations that iechading ference with conventional texture synthesis: the scaling @pli-
or removing skeleton nodes, inserting a node between tvaxanf cation block is spatially dependent. This is necessary sarenthat
nodes, and adjusting the radius of a node (which controléotted the generated branches are geometrically plausible wéthitible
branch thickness). In addition, the user can also connéfereint branches.



In a typical tree with dense foliage, most of branches in tre u
per crown are occluded. To create plausible branches iraths,
the system starts from the existing branches and “growsttoy
part of the upper crown using our synthesis approach. The cut
off boundaries are specified by the tree silhouettes fronsolece

the look of the real tree we wish to model. Instead, we chose to
analyze the source images by segmenting and clustering snd u
the results of the analysis to guide the leaf populationgssc

6.1 Image segmentation and clustering

images. The growth of the new branches can also be influencedSince the leaves appear relatively repetitive, one coutdeivably

by the reconstructed 3D points on the tree surface as bramth e
points. Depending on the availability of reconstructed 3iints,
the “growth” of occluded branches can be unconstrained or co
strained.

Unconstrained growth. In areas where 3D points are unavail-
able, the system randomly picks an endpoint or a node of a&bran
structure and attaches the endpoint or node to a randoncaéph
block. Although the branch selection is mostly random, nifyio
is given to thicker branches or those closer to the tree trunk
growing the branches, two parameters associated with flieae
tion block are computed on the fly: a random rotation and aescal
The replication block is first rotated about its primary hafaby the
chosen random angle. Then, it is globally scaled right leefois
attached to the tree such that the length of its scaled pyibranch
matches that of the end branch being replaced. Once sdadggkit
mary branch of the replication block replaces the end-traibis
growth is capped by the silhouettes of the source imagessiaren
that the reconstructed overall shape is as close as possihlat of
the real tree.

Constrained growth. The reconstructed 3D points, by virtue of be-
ing visible, are considered to be very close to the brancpantks.
By branch endpoints, we mean the exposed endpoints of the las
generation of the branches. These points are thus used dtr@ion
the extents of the branch structure. By comparison, in thewb
[Quan et al. 2006], the 3D points are primarily used to exttae
shapes of leaves.

This constrained growth of branches (resulting Tiree) is
computed by minimizing -, D(p:, Tree) over all the 3D points
{pili = 1,...,nsp}, with ngp being the number of 3D points.
D(p,Tree) is the smallest distance between a given ppiratnd
the branch endpoints dfree. Unfortunately, the space of all pos-
sible subtrees with a fixed number of generations to be adued t
given tree is exponential. Instead, we solve this optindrain a
greedy manner. For each node of the current tree, we defiime an
fluence conawith its axis along the current branch and an angular
extent 0fd0° side to side. For that node, only the 3D points that fall
within its influence cone are considered. This restrictsntin@ber
of points and set of subtrees considered in the optimization

Our problem reduces to minimizinEpiecone D(ps, Subtree)

for each subtree, with'one being the set of points within the influ-
ence cone associated withubtree. If Cone is empty, the branches
for this node are created using the unconstrained growttepioe
described earlier. The order in which subtrees are compstid
the same order of the size 6fone, and is done generation by gen-
eration. The number of generations of branches to be addad at
time can be controlled. In our implementation, for speedsi®r-

use texture analysis for image segmentation. Unfortupatbe
spatially-varying amounts of foreshortening and mutualusion
of leaves significantly complicate the use of texture anslysow-
ever, we do not require very accurate leaf-by-leaf segntientéo
produce models of realistic-looking trees.

We assume that the color for a leaf is homogeneous and treere ar
intensity edges between adjacent leaves. We first apply gsm
shift filter [Comaniciu and Meer 2002] to produce homogerseou
regions, with each region tagged with a mean-shift coloresth
regions undergo a split or merge operation to produce neiongg
within a prescribed range of sizes. These new regions anecthe-
tered based on the mean-shift colors. Each cluster is a sevof
regions with similar color and size that are distributedpace, as
can be seen in Figure 6(c,d). These three steps are detaltl b

(©

(d)

Figure 6: Segmentation and clustering. (a) Matted leaves fr
source image, (b) regions created after the mean shiftifife(c)
the first 30 clusters (color-coded by cluster), and (d) 17utex
clusters (textures from source images).

Mean shift filtering. The mean shift filter is performed on color
and space jointly. We map the RGB color space into LUV space,
which is more perceptually meaningful. We define our multi-
variate kernel as the product of two radially symmetric keésn

Khone(X) = 757k ( ) ki (}’;—:}2) , Wherex is the spa-

tial vector (2D coordinates), and is the color vector in LUV, and
C'is the normalization constantg (x) the profile of Epanechnikov
kernel,kg(x) =1 —zif 0 <z < 1, and0 for z > 1. The band-

Xs
hs

ations, we add one generation at a time and set a maximum mumbeyiqths parameters, andh, are interactively set by the user. In our

of 7 generations.

Once the skeleton and thickness distribution have been com-
puted, the branch structure can be converted into a 3D messh, a
shown in Figures 1, 4, and 7. The user has the option to perform
the same basic editing functions as described in Section 5.1

6 Populating the tree with leaves

The previous section described how the extracted 3D paanidcis
used to reconstruct the branches. Given the branches, oife co
always just add the leaves directly on the branches usinglsim
guidelines such as making the leaves point away from branche
While this approach would have the advantage of not requitie
use of the source images, the result may deviate significmoth

experimentsh ranged from 6 to 8 and,. from 3 to 7. The seg-
mentation results were reasonable as long as the valueswased
within the specified ranges.

Region split or merge. After applying mean-shift filtering, we
build a graph on the image grid with each pixel as a node; ealges
established between 8-neighboring nodes if their (meé#t)-shlor
difference is below a threshold (1 in our implementationjofto
the split or merge operation, the user specifies the rangalif v
leaf sizes. Connected regions that are too small are mergad w
neighboring ones until a valid size is reached. On the othadh
connected regions that are too large are split into smadliét enes.
Splitting is done by seeding and region growing; the seedsbea
either automatic by even distribution or interactively. SEhis split



or merge operation produces a set of new regions.

Color-based clustering.Each new region is considered a candidate
leaf. We useK-means clustering method to obtain about 20 to
30 clusters. We only keep about 10 clusters associated tth t
brightest colors, as they are much more likely to represesiible
leaves. Each new region in the kept clusters is fitted to apsell
through singular value decomposition (SVD).

User interaction. The user can click to add a seed for splitting
and creating a new region, or click on a specific cluster t@picc
or reject it. With the exception of the fig tree shown in Figare
the leaves were fully automatically segmented. (For thedig,tthe
user manually specified a few boundary regions and clujters.

6.2 Adding leaves to branches

There are two types of leaves that are added to the tree model:
leaves that are created from the source images using thiésrefu
segmentation and clustering (Section 6.1), and leavesthatyn-
thesized to fill in areas that either are occluded or lack Eme
from the source viewpoints.

Creating leaves from segmentationOnce we have produced the
clusters, we now proceed to compute their 3D locations. Reca
that each region in a cluster represents a leaf. We also hasera
specified generic leaf model for each tree example (usuallgla
lipse, but a more complicated model is possible). For eagiome

in each source image, we first find the closest pre-computed 3D

point (Section 4) or branch (Section 5) along the line of sigh Figure 7: Potted flower tree example. (a) One of the sourcgesia
the region’s centroid. The 3D location of the leaf is thenppeal (b) reconstructed branches, (c) complete tree model, gndddel
to the closest pre-computed 3D point or nearest 3D positiothe seen from a different viewpoint.

branch. Using branches to create leaves is necessary to upake

for the possible lack of pre-computed 3D points (say, duestogu

a small number of source images). The final stage of leaf population took 3-5 minutes.
The orientation of the generic leaf model is initially setkie

parallel to the source image plane. In the case where more tha

three pre-computed 3D points project onto a region, SVD jidiegh

to all these points to compute the leaf’s orientation. Otlee, its

orientation is such that its projection is closest to théaeghape.
This approach of leaf generation is simple and fast, and-is ap

plied to each of source images. However, since we do not com-

pute the explicit correspondences of regions in differéetvs, it

The fig tree shown in Figure 1 was captured using 18 images
covering aboutl80°. It is a typical but challenging example as
there are substantial missing points in the crown. Nevirtiseits
shape has been recovered reasonably well, with a plausititérg
branch structure. The process was automatic, with the &rcespf
manual addition of a branch and a few adjustments to thenbik
of branches.

typically results in multiple leaves for a given correspioigleaf The potted flower tree shown in Figure 7 is an interesting exam
region. (Correspondence is not computed because our atitoma ple: the leaf size relative to the entire tree is moderateragmall
segmentation technique does not guarantee consistenéstagion as in the other examples. Here, 32 source images were takeg al
across the source images.) We just use a distance threbhatfithe a complete360° path around the tree. Its leaves were discernable
width of a leaf) to remove redundant leaves. enough that our automatic leaf generation technique pemtioaly

Synthesizing missing leavesBecause of lack of coverage by the moderately realistic leaves, since larger leaves requieeraccu-
source images and occlusion, the tree model that has been-rec rate segmentation. The other challenge is the very denisgéel-

structed thus far may be missing a significant number of keale dense to the extent that only the trunk is clearly visiblethia case,
overcome this limitation, we synthesize leaves on the Wratic- the user supplied only three simple replication blocks shiowFig-
ture to produce a more evenly distributed leaf density. ure 5(d); our system then automatically produced a verysjtider

The leaf density on a branch is computed as the ratio of the num looking model. About 60% of the reconstructed leaves retied
ber of leaves on the branch to the length of the branch. We syn- the recovered branches for placement. Based on leaf/#zeeatio,
thesize leaves on branches with the lowest leaf densitigtsoth this example falls in the middle of the bush/tree spectruawshin
third) using the branches with the highest leaf densitieg (hird) Figure 2.

as exemplars. . . . . .
P Figure 8 shows a medium-sized tree, which was captured with

7 Results 16 images covering abouB5°. The branches took 10 minutes to
. . . . modify, and the leaf segmentation was fully automatic. Tightr
In this section, we show reconstruction results for a vaiétrees. most image in Figure 8 shows a view not covered by the source

The recovered models have leaves numbering from about 30000 images; here, synthesized leaves are shown as well.
140,000. We used Maya! for rendering; note that we did not ' '

model complex phenomena such as inter-reflection and sabsur The tree in Figure 9 is large with relatively tiny leaves. kav
scattering of leaves. In our experiments, image acquisii®ing an captured with 16 images covering abd20°. We spent five min-
off-the-shelf digital camera took about 10 minutes. The pota- utes editing the branches after automatic reconstruatictetan up
tion time depends on the complexity of the tree. Automatsible the appearance of the tree. Since the branches are extbyoted-
branch reconstruction took 1-3 minutes while manual eglitook necting nearby points, branches that are close to eachmotebe
about 5 minutes. Invisible branches were reconstructethdniteb merged. The rightmost visible branch in Figure 9 is an examofl

minutes while leaf segmentation took about 1 minute per enag a merged branch.



Figure 8: Medium-sized tree example. From left to right: @ie
the source images, reconstructed tree model, and modednezhelt
a different viewpoint.

Figure 9: Large tree example. Two of the source images orethe |
column. Reconstructed model rendered at the same viewpnoint
the right column.

8 Concluding remarks

We have described a system for constructing realisticitmplree

models from images. Our system was designed with the goal of

minimizing user interaction in mind. To this end, we devised
automatic techniques for recovering visible branchesegging
plausible-looking branches that have been originally wdetl, and
populating the tree with leaves.

There are certainly ways for improving our system. For one, t
replication block needs not necessarily be restricted togopart
of the visible branches in the same tree. It is possible t@gaa
a much larger and tree-specific database of replicatiorkblothe
observed set of replication blocks can be used to fetch theoap
priate database for branch generation, thus providingeriset of
branch shapes.

Our system currently requires that the images be pre-segohen
into tree branches, tree leaves, and background. Althdwagke tare
many automatic techniques for segmentation, the degragaia-
tion for reliable segmentation is highly dependent on the complex-
ity of the tree and background. We currently do not see anwadeq
solution to this issue.

OKABE, M., OWADA, S., AND IGARASHI, T. 2005.
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