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Abstract 

Inspired by the concept of synthesizing texture from 
textons, we propose a fast plant modeling approach for 
synthesizing new plants based on a 3D plant sample, 
whidh is directly recovered from photographs with im-
age-based modeling technique. Our plant model is defined 
as a set of plantons and their transitions in a Markov 
model, named planton graph. A planton is represented as 
a group of similar organs while the transitions between 
plantons implicitly indicate the intrinsic growth patterns 
of a plant. We design a two-step analysis to learn plantons 
and their transitions from the sample. With learnt planton 
graph, it is easy and fast to synthesize new plants that are 
statistically similar to but visually different from each 
other. 

 
 

1. Introduction 

Although, realistic plants add significant realism to a 
computer generated scene, modeling of plants with high 
fidelity has been an interesting but hard problem in com-
puter graphics.  

Since Ulam used the cellular automata to simulate 
branching patterns in 1962, many special plant modeling 
techniques have been developed. Most of them make use 
of the biological knowledge to either build a parametric 
model with a few geometric parameters or develop a set 
of rules to generate plants procedurally or interactively. 
Reeves constructed a plant by a particle system [19] and 
Greene did it in Volex space [32]. A plant model that 
strictly adheres to botanical rules was proposed by Reffy 
et al. [20]. Weber and Penn[25] introduced a more elabo-
rated mathematic model that depicted a plant with several 
positional functions for organs’ characteristics. The 
L-system [9] [15, 16, 18] is another well-known modeling 
method for plant modeling. It adopts a set of rules and a 
rewriting mechanism to describe the structure and the 
growth of a plant. Recently, some software, which pro-

vides visual environments to lessen the efforts for design-
ing the model or rules, have been developed [10][24][38]. 
The above methods and software are capable of generat-
ing various kinds of plants. However, to simulate the real-
istic shape of a plant, these methods and software usually 
require users to learn a lot of biological knowledge or 
master proficient plant modeling skills, which limits their 
applications.  

Image-based modeling is a convenient modeling ap-
proach that recovers the 3D model from multiple photo-
graphs, a topic widely studied in computer vision [37]. 
Tatsumi [23] and Shlyakhter[21] used plant’s silhouettes 
on each image to create a volume representation. Then, by 
artificial or procedural method, 3D model of plant are 
reconstructed from volume data. Liu[39] and Yan[40] 
introduced algorithms to recover branches from 
multi-views. Nevertheless, those solutions are suitable for 
generating a existent plant not for synthesizing novel 
plants. 

To provide a user with a convenient and fast method 
capable of synthesizing various and realistic plants, we 
propose a 3D-sample-based plant synthesis approach. Our 
approach is inspired by the concept of synthesizing tex-
tures from textons. 

Texture synthesis is an active research topic in recent 
year. Texton, as a macro structure in image, is used to 
synthesize textures[1][8]. The process of texture synthesis 
is enabled by first defining a set of textons, building a 
distribution graph of the textons from the sample, and 
finally planning an appropriate path in the distribution 
graph. The concept of texton initially was focused on 2D 
image texture, and later extended to arbitrary surface tex-
ture[22][12], video texture [31] and motion texture[26]. 

Our 3D-sample-based plant synthesis can be consid-
ered as an analogous process to texture synthesis. Texture 
image commonly is regarded as a stochastic composition. 
Similarly, the architecture of a plant can also be repre-
sented by a statistical model[33][34]. We use a Markov 
model, which is named planton graph in this paper. Each 
state in the Markov Model is called a planton, and the 
transitions among plantons are represented by a transition 
matrix. A planton consists of organs with similar shapes. 
The transition matrix indicating distributions of plantons 



 

 

can be regarded as a description of the intrinsic growth 
patterns of the plant. Based on the statistical similarities of 
plant, a sound Markov Model can be constructed just from 
a part of the plant Thus, we need only provide sample of a 
part of 3D plant model. A tree-like scene graph consisting 
of organs shapes and organs relations Is then established. 

 To synthesize “realistic” plant, it is important to ob-
tain an accurate samples from real world. Thereby, we 
take a semi-automatic image-based modeling approach to 
acquire the sample. Some elaborate interactive tools are 
designed to make such acquisition both simple and con-
venient. Once a planton graph is derived from the sample, 
it can be used for synthesizing new plants, which are sta-
tistically similar to, yet visually different from each other. 

2. Algorithm overview 

Our approach takes three steps: (1) Recovering 3D 
plant sample from photographs; (2) Analyzing the sample; 
(3) Synthesizing new plant. The algorithm diagram is il-
lustrated in Figure 1. 

 1) Recovering - preparing the 3D sample of a plant 
(section 3). We design a set of interactive image-based 
modeling tools to recover 3D shapes of organs from mul-
tiple photographs, and employ an automatic procedure to 
reconstruct the sample.  

 2) Analyzing - learning a planton graph from the 
sample (section 4). The procedure Planton Analyzer ex-
tracts plantons from the samples by clustering the organs 
of similar shapes. Then the procedure Transition Ana-
lyzer computes the transition matrix by analyzing the rela-
tions between plantons. 

 3) Synthesizing - creating new 3D plants based on the 
planton graph(section 5). 

3. Plant model 

From the biological point of view, we assume the plant 
architecture satisfies a first-order Markov model, named 
planton graph(figure 2(c)), which is represented by a state 
space and state transitions [35] [36]. In our approach, each 
state is defined by a planton and state transitions are de-
scribed as a transition matrix. Both of them are analyzed 
from the plant sample (Figure 2 (b)). 

3.1. Planton 

 We define the sample as a part of 3D plant model, 
which is a tree-like scene graph consisting of organs and 
their relations(Figure 2(b)). Each node in the graph repre-
sents the shape of an organ, and the linkages between 
nodes represent their growth relations. We define four 
different organ types, root, stem, flower and leaf. In [25], 
Weber and Penn provided a parametric tree model, how-
ever it is too complicated to design a plant efficiently. 
Based on their work, we use fewer parameters, called 
feature parameters, to represent the features of each organ. 
which are illustrated in . For example, the feature pa-
rameters of a stem are lengths {l1, l2, …, ln}, angles {α1,  

 

Figure 1. Data flow diagram of the algorithm 
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(a)a plant in real world (b) a part of a plant and its tree-like scene graph (sample) (c) a learnt planton graph 
(b) shows a sample, which is reconstructed from (a). xi denotes different organs in a plant. The organs in the same color are 

regarded in same shapes and reperented by one planton X. The planton graph shown in (c) is learnt from the sample shown in (b). 
Figure 2. Plant, Sample and Planton graph 



 

 

α2, …, αn} and diameters{d1, d2, .., dn}. For convenience of 
analysis, we assume each stem has the same number of 
segments, and pre-define it before our recovering process. 

 A planton X in planton graph is represented by a triple 
{Uk, Sk Bk}.  

Uk = {xl| l = i1…in } where xl represents an organ and 
i1…in indicate indices of these organs in sample. All or-
gans in Uk are of the k-th organ type and with similar 
shape. Corresponding to 4 organ types, plantons are also 
classified into 4 types, ROOT, STEM, FLOWER and 
LEAF. In our model, there is only one ROOT planton, but 
are many STEM, FLOWER and LEAF plantons. 

Sk = {φl(Uk) | l = 1…Mk }, where φl(Uk ) is a probability 
distribution of the l-th feature parameter. It is estimated 
from all organs in Uk.  Mk is the number of feature pa-
rameters of the k-th organ type.  Such distributions de-
scribe the variations of organ shapes in planton X. 

Bk = {bl| l = 1…L}. bl is a branching pattern, which is 
defined by a pair(num, pos) as follows, 
num:  the number of organs to branch off along the stem. 
pos:   the positions of branches along the stems 
In ROOT and STEM, the number of branches is positive 
and in FLOWER and LEAF is zero. 

In Figure 2, organs belongs to one planton is in the 
same color. For example, X2 is a planton, consisting of 
four organs x2, x3, x6 and x7. The organ type of them is the 
same and they are in the similar shape. 

3.2. Transition matrix 

Regarded as the distribution between any pairs of 
plantons, the state transitions indicate the intrinsic archi-
tectural patterns of the plant. As we assume they follow 
the first-order Markov model, transitions can be repre-
sented by a transition matrix A. Each element aij in A is 
the probability of growth from organs in the planton Xi to 
organs in Xj, and is defined by 

aij = P(Xn=Xj|Xn-1=Xi)  

 If aij is positive, the transition between planton Xi and 
Xj is described as a directed path in the planton graph. The 
directed path indicates the existence of at least a growth 
relation between organ in Xi and its child organ in Xj. For 
instance, there is a directed path in Figure 2c from X3 to 
X4 because u8 in X3 is the parent of u9 in X4 in Figure 2b. 

 The planton of ROOT type is regarded as the initial 
state in our planton graph and there are no path incident to. 
Plantons of the LEAF type and the FLOWER type are 
terminal states, which have no path incident from only 
incident to. On the other side, the plantons of STEM are 
non-terminal states, who has paths both incident to and 
from. 

4. Recovering: preparing the sample 

We use two steps to recover the sample from photo-
graphs. First, an image-based technique is used to recover 
shapes of organs, and then an automatic algorithm is ap-
plied to construct the tree-structure. 

4.1. Recovering shapes of organs 

Our image-based modeling approach is 
semi-automatic. 

 A series of interactive tools, RootTool, StemTool, 
LeafTool and FlowerTool, are designed to guide user to 
identify organs’ features, such as its locations, growth 
directions and contours. Some semi-automatic techniques 
are provided to trace bound-
ary[5] and extract the skele-
tons[3]. Special mechanics 
are used to reduce user in-
teractions, such as locating 
leaves and flowers just by 
respectively drawing points 
on stem skeleton in one im-
age, inputting a stem 
branching pattern by locating 
branching positional points 
along the stem, etc.  

In camera calibration, in-
trinsic and external parameters are calculated conse-
quently. Firstly, a calibration object, a plane with rectan-
gular patterns, is used to recover the intrinsic perspective 
parameters[3]. Then, a parameter robust estimation pre-
sented in[27] is pre-taken to obtain qualified pairs of cor-
responding features. The external parameters of camera, 
orientation and translation, are computed iteratively by 
applying the epipolar geometry between these corre-
sponding features. 

After the camera calibration, the 3D data of each organ 
can be computed. 
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Figure 3. Shape parameters of the Root, Stem, 
Leaf and Flower 

 
Figure 4. Boundary 
and skeleton are cal-
culated by StemTool 



 

 

4.2 Recovering the relations between the organs 

This process is to link the organs that have growth re-
lations in the partial recovered plant to build a tree-like 
scene graph.  

We first identify the root from the recovered shapes, 
and use it as the active organ. Then a greedy algorithm is 
used to search the organs that are close to the active organ. 
If one distance is less than a threshold, we think there is a 
growth relation between them. So we make all close or-
gans be the children of the active one. This process can be 
performed recursively by make each child be the active 
organ until all organs are linked together. Afterwards, we 
calculate the translation, orientation, and branching pat-
tern by traversing such structure to form a tree-like scene 
graph. 

5. Analysis: building planton graph 

When the sample is available, we will build the planton 
graph from it. 

5.1 Planton analyzer 

The shape analyzer is a classifier to cluster organs in 
the sample into a few plantons according to their shape 
similarities. The feature parameters related to each organ 
type form a parameter space. Actually, there is one and 
only one root organ in the sample, so we have three pa-
rameter spaces, V1, V2 and V3, in stead of four ones. We 
define a distant metric in parameter space Vk, k=1,2,3. 
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where p and q are two organs of the k-th organ type and 
si(p), si(q) are the i-th feature parameter of each organs 
respectively. ωi is a weight to normalize the distance. 

We first classify all organs into four sets by their organ 
types. Next, in each set, a numerical classifier is employed 
to classify the organs that are close in parameter space 
into a few clusters by the distance metric. Each cluster can 
be regarded as a planton. The organs in the i-th cluster 
constitute Ui

k
 in planton Xi.  

The distribution Si
k in Xi is estimated by these organs’ 

parameters. Feature parameters are scales, and we assume 
them satisfy a Gaussian distribution. Thus, the mean and 
the deviation of each φl in Sk can be estimated from the 
values of the l-th feature parameter of the organs in Uk.  

By exploiting the self-similarity of plant, we assume all 
organs in the same planton share the same branching pat-
terns. So we analyze all organs in a planton and colligate 
all branching number and corresponding branching posi-
tions in this planton to b1,,b2…,bL, which are regarded as 
the branching patterns of the planton.  

Consequently, all Xi = {Ui
k, Si

k, Bi
k} in this sample are 

calculated by planton analyzer. 

5.2 Transitions analyzer 

By analyzing these growth relations between organs, 
the plantons transitions can be obtained. In our approach, 
the transition between two plantons is evaluated by 
counting the growths relations from organs in one planton 
to its child organs in the other planton. 

If there is an organ x in Xi and an organ y in Xj satisfy-
ing that x is the parent node of y in the sample, the transi-
tion probability aij = P(Xn=Xj|Xn-1=Xi) is positive Other-
wise, it is zero. Moreover, aij is calculated by the ratio of 
two counts,  

( ( , ))
( ( , ))

i j
ij

i

counts pair X X
a

counts pair X
=

⋅
, 

where pair(Xi, Xj), denotes all growth relations from or-
gans in Xi to organs in Xj, pair(Xi, ), denotes all growth 
relations from the organs in Xi. In , the number of such 
relations from organs in X1 to organs in X2 (in blue color) 
is 2 and the total number of relations from X1 is 5 (in blue 
and red color). Thus the probability is 2/5 = 0.4. 

 So the transition matrix can be computed by travers-
ing the organs in all plantons and evaluating the ratio of 
each transition. 

From the biological point of view, such transition ma-
trix A statistically indicates the topological connections 
among organs in a plant. The higher value of aij means the 
higher occurrence of the pattern that Xj grows from Xi. In 
other words, the higher aij is, the more branches compris-
ing the organs in Xj grow from Xi. 

6. Synthesis: generation of new plants 

Once planton graph is available, new plants can be 
synthesized. In our scenario, a new plant is represented by 
a tree-like scene graph that consists of organs and their 
growth relations. The growth relations of a new plant can 
be constructed from a synthesized path of the planton 
graph. We name such path “spanning planton path” like 
texton path in Motion texture [26] and Video loop in 
Video texture[31]. However, our spanning planton path is 
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Figure 5. The probability from Xi to Xj , 



 

 

a tree-like structure with branches rather than 
one-dimensional structure. After the spanning planton 
path is generated, organs can be synthesized from each 
planton along the spanning planton path. Thus, we use a 
two-step synthesis algorithm. The first step is to generate 
a spanning planton path from planton graph. The second 
step is to create organs and eventually synthesize a new 
plant. 

6.1 Generating spanning planton path 

A spanning planton path is a tree generated from the 
planton graph. The first task in generation is to give a 
maximum depth of the spanning planton path and set the 
ROOT as the root of the spanning tree. We set the root as 
the active planton. Then, the algorithm determines how 
many plantons should be chosen as the children of this 
active planton. The children number is specified by the 
branches patterns of it. Afterward, according to the transi-
tion matrix, which planton to be chosen as the children is 
stochastically decided by all transition probabilities away 
from the active planton. Then our algorithm makes each 
child as the active planton and performs above procedure 
recursively until the depth of such spanning tree reaches 
the maximum or all newly added children are terminal 
plantons. An illustration is shown in . 

6.2 Generating organs 

Given the spanning planton path, organs are created 
during a traverse of it. For each planton X along the span-
ning planton path, an organ is generated. Its feature pa-
rameters are randomly determined according to the evalu-
ated distribution φ in X. The shape of such organ is syn-
thesized by these evaluated feature parameters, and its 

position is calculated by the pos in the branching pattern 
of the X’s parent planton. 

7. Experimental results 

7.1 Acquisition results 

We use two photographs to recover plant sample in all 
experiments. From practice, two stereo photographs are 
enough to reconstruct a good 3D plant sample.  

 The acquisition process is progressive. At the begin-
ning, the root is identified. Then, main stems are recon-
structed and other minor organs such as small stems, 
leaves and flowers are recovered in succession. (Figure 
7.b).  

7.2 Synthesis results 

Several different synthesized plants demonstrate plant 
synthesis with plantons by the methods described so far. 
All experiments are performed on a PC with 1.8GHz Cel-
eron 4 CPU, 512M Ram. 

Yulan. The recovered sample consists of more than 35 
organs, including one root, 23 stems and 15 flowers. The 
number of stem segment is pre-defined as 3. After analy-
sis, 11 plantons are learnt to construct the planton graph. 
It takes less than an hour to recover the sample, 3 seconds 
to build the planton graph and 0.5 seconds to synthesize a 
new Yulan. (Shown in Figure 8) 

Peach. The recovered sample consists of more than 40 
organs, including one root, 21 stems and 22 leaves. The 
number of stem segment is pre-defined as 4. After analy-
sis, 10 plantons are learnt to construct the planton graph. 
It takes less than an hour to recover the sample, 4 seconds 
to build the planton graph and 0.6 seconds to synthesize a 
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In (a), a small planton graph is illustrated. Only num of branching pattern in B is shown here. Moreover, transitions probabili-

ties are also given nearby arrows. From (a), X1 is set as the active planton of the spanning planton path, which is shown in (b). 
According to X1’s branching pattern, 4 children should be created. Each child is stochastically chosen by the transition probabili-
ties between X1 and its children X2 and X3. This procedure is performed recursively.  The spanning planton path is shown in (b). 

(a) Planton graph (b)  Spanning planton path 
Figure 6. Planton graph and Spanning planton path 



 

 

new Peach. (Shown in Figure 9) 
Camphor tree. The recovered sample consists of more 

than 50 organs, including one root, 28 stems and 35 flow-
ers. The number of stem segment is pre-defined as 4. Af-
ter analysis, 15 plantons are learnt to construct the planton 
graph. It takes less than an hour to recover the sample, 6 
seconds to build the planton graph and 2 seconds to syn-
thesize a new Yulan. (Shown in Figure 10) 

8. Conclusion and discussion 

In this paper, we propose a 3D-sample-based synthesis 
approach for fast plant modeling. We use the image-based 
modeling technique to recover the sample of plant from 
photographs. Then, we build a planton graph by analyzing 
the sample. Eventually, we synthesize new plants based 
on the planton graph. Our method does not only recover 
the 3D shapes of plant, but also learn the Markov model, a 
plant architecture description, which describe the growth 
of plant organs. The Markov model can be used to syn-
thesize many new plants that are statistically similar but 
visually different. 

There are several problems remained in the current im-
plementation and they will be solved in the future.  

Because the the construction of planton graph relies on 
the acquired sample, the quality of synthesized results is 
sensitive to that of the sample. However, it is hard to give 
a quantitative metric for the quality of the sample. In our 
practice, we just recover the most evident and repetitive 
structure of plant from photographs. 

We currently use an interactive image-based modeling 
technique to recover the sample. However, not all plants 
can be reconstructed by such technique, for instance an 
exuberant tree that is hard to distinguish stems in photos. 
If user wants to recover more and finer details of the sam-
ple, more interactions will be involved. This stimulates us 
to explore an automatic method to recover the sample in 
the future. 

Because environment factors are hard to be distin-

guished from noises in the sample, we assume the planton 
graph follows the Markov model. In [34], the Bayesian 
Information Criterion (BIC) is recommended to specify 
the order of Markov model. Due to the same reason to 
adopt Markov model, the limitation of the sample makes 
us assume that the branching of plant satisfies the 
first-order. Nevertheless, the first-order Markov model is 
good enough to synthesize realistic plants in our experi-
ments. In the future, when finer samples are available, we 
will take a more elaborate model, such as the higher order 
hidden Markov model[34] or hidden Markov Trees[33], to 
evaluate the environmental factors to plants, such as the 
sunshine, the influences between organs and so on. 
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Figure 9. Peach 
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Figure 10  Camphor tree 


