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Figure 1. We propose a novel learning-based framework that automatically generates high-quality 3D plant models from single-view
images. Our method sequentially combines hierarchical structure learning with parametric modeling based on botanical priors, producing
usable, structured plant assets ready for immediate use in practical applications. Through learning the decomposition of box hierarchies
at different levels of detail (LoD), our method offers a comprehensive solution that can adapt to two prominent categories of plants: (a)
Houseplants and (b) larger trees. (c) shows a garden with several of our results directly assembled.

Abstract

Obtaining high-quality, practically usable 3D models of
biological plants remains a significant challenge in com-
puter vision and graphics. In this paper, we present a
novel method for generating realistic 3D plant models from
single-view photographs. Our approach employs a neural
decomposition technique to learn a lightweight hierarchical
box representation from the image, effectively capturing the
structures and botanical features of plants. Then, this rep-
resentation can be subsequently refined through a shape-
guided parametric modeling module to produce complete
3D plant models. By combining hierarchical learning and
parametric modeling, our method generates structured 3D
plant assets with fine geometric details. Notably, through
learning the decomposition in different levels of detail, our
method can adapt to two distinct plant categories: outdoor
trees and houseplants, each with unique appearance fea-
tures. Within the scope of plant modeling, our method is the
first comprehensive solution capable of reconstructing both
plant categories from single-view images.

1. Introduction

Vegetation is an essential part of natural scenes. Their high-
quality 3D models can greatly enhances the realism of var-
ious applications such as video games, movies, and land-
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scape design. Traditional approaches have relied on pro-
cedural modeling [12, 31, 33–35, 46] to generate random
3D plant models from scratch and demonstrated consider-
able capability, but their complexity often presents a signif-
icant barrier to non-expert users, limiting their practical util-
ity. Alternative approaches explore more direct reconstruc-
tion methods, such as reconstructing plant models from 3D
point clouds [6, 18, 44]. However, they are hindered by the
expensive and time-consuming nature of data acquisition.
Thus, this limitation has motivated the exploration of single
image-based reconstruction as a more flexible and accessi-
ble choice.

Compared to typical man-made objects, reconstruct-
ing plants solely from single images is considerably more
challenging due to their intricate branching structures and
significant self-occlusion. In recent years, a number of
methods in generative AI have been proposed for single-
view 3D reconstruction, including Wonder3D [26] and
several concurrent works [15–17]. Although working
well on smooth-surfaced objects, these
pure AI-driven methods still face a criti-
cal limitation in plant modeling: i.e., the
inability to capture fine details and high-
resolution features. Thus, when applied
to 3D plants that have intricate structures,
they often produce problematic, noisy re-
sults. The wrapped figure on the left shows
an example result of Wonder3D [26]. Ap-
parently, generating high-quality, usable
3D plants models with intricate branch and leaf details ex-
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ceeds their capabilities.
To truly obtain production-ready 3D plant assets from

single images, recent efforts have attempted to integrate
graphics techniques with AI workflows. These special-
ized algorithms [11, 22] primarily focus on reconstructing
outdoor leafy trees and typically employ a two-stage pro-
cess: neural network-based inference of intermediate 3D
envelopes, followed by procedural rule-based geometry de-
tail propagation [31]. However, these methods often lack
either full automation or sufficient flexibility to capture di-
verse tree shapes. Moreover, they fail to address the distinct
requirements of houseplants, which demand more precise
modeling of individual leaves and twigs.

In this paper, we present a novel generic framework for
reconstructing high-quality 3D models for both houseplants
and trees from single-view images. The core of our ap-
proach lies at a hierarchical box representation that encodes
plant structures as a hierarchy of n-ary graphs. Each box
(i.e., graph node) functions either as a terminal compo-
nent representing individual plant parts, or as an assem-
bly node that can be recursively decomposed into more
detailed sub-structures. These boxes are implemented as
oriented bounding boxes of plant parts and are associated
with a small set of botanical parameters that capture essen-
tial structural characteristics of their enclosed plant compo-
nents. Our reconstruction pipeline processes a single plant
image through a specialized graph decoder, which recur-
sively builds the hierarchical structure from coarse to fine
details. The final stage employs parametric geometry mod-
eling to transform this abstract box hierarchy into detailed,
high-quality 3D plant models suitable for practical applica-
tions.

To handle both houseplants and outdoor trees, we im-
plement different levels of detail (LOD) in our hierarchi-
cal decomposition. For houseplant reconstruction, terminal
nodes directly represent individual elements such as leaves,
flowers, or short branch stems (see Fig. 1 (a)). However,
for outdoor trees, where complete reconstruction of dense
foliage would be computationally intractable, we terminate
the decomposition of hierarchical box structures early at a
reasonably larger scale. As shown in Fig. 1 (b), each ter-
minal box for the foliage region (in green) corresponds to
a sub-tree component, and thus the entire tree structure is
represented as a small number of bounding boxes in an ab-
stract manner. The final complete 3D tree geometry can be
constructed by procedurally growing branches and leaves
within each sub-tree box.

In summary, our main contributions include:
• A novel neural decomposition framework that learns

compact, hierarchical box representations of plants from
single-view images, effectively capturing their structural,
morphological, and botanical parameters.

• The first comprehensive solution for high-quality 3D re-

construction of both houseplants and outdoor trees from
single photographs, addressing the distinct morphological
requirements of each category through an adaptive, hier-
archical modeling approach.

2. Related Work
Realistic Plant Reconstruction. Early approaches to ob-
tain geometric plant models primarily focus on proce-
dural generation, where the plant growth is manipulated
by structural rules (e.g., L-systems [34, 35] and self-
organization [31, 37]), or by user interactions [20, 23, 49].
As sensing devices continue to advance, reconstructing 3D
plants from real-world data modalities has become a main-
stream of research. Existing works mainly use LiDAR or
multi-view images to get dense 3D point clouds, which are
then converted into plant models through skeleton connec-
tion [6, 24, 39, 44], lobe extraction [25], and deep learn-
ing [18]. The most related to our work is singe-image tree
reconstruction [11, 14, 22, 40]. In contrast to 3D point
scans, single-view images are much easier to acquire. How-
ever, these methods present several limitations: First, a
common issue is that all these methods are only designed
for outdoor trees and cannot adapt to houseplants. Second,
these methods either require extra user interactions (e.g.,
drawing) [22, 40], or lack flexibility to handle complex tree
shapes [11, 14]. To the best of our knowledge, none of the
existing single-view-based approaches can offer a generic
framework that can adapt to both outdoor trees and smaller
houseplants simultaneously.
Single-Image 3D Reconstruction. With the advancements
in deep learning, single-view shape reconstruction has seen
rapid growth in recent years. Early approaches mainly focus
on low-precision representations like 3D voxels [43, 45].
More recently, with the support of diffusion models, a new
wave of techniques has demonstrated the potential of using
novel view synthesis to reconstruct 3D mesh models from
single images, involving Wonder3D [26] and other concur-
rent works [15–17, 19]. However, these methods typically
rely on optimizing a NeRF representation [28], and thus the
resulting geometries are often a watertight surface with in-
separable structures. While they perform well on objects
with smooth surfaces, they struggle to produce high-quality,
usable 3D plant models, particularly for trees which feature
extremely complex branching structures and foliage details
(Please see Fig. 9).
Deep Learning for Part Assembly. Many objects in the
real world can be naturally decomposed into a set of smaller
sub-parts. A series of studies tried to leverage the concept of
part assembly to decompose the 3D shapes in the form of se-
quential/hierarchical parts [13, 32, 42, 47, 50] through deep
neural networks. Subsequent works further explored their
applications in tackling various 3D tasks, such as shape gen-
eration [5, 29, 30, 48], shape segmentation [9, 41], and ob-
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Figure 2. Overview of our framework. (a) Starting from the input photograph, we first use a segmentation module to obtain a mask image.
(b) Then, after stacking the photograph and its mask channel-wise, we employ a structure inference module to progressively yield a (c)
hierarchical box decomposition from coarse to fine. Finally, the detailed 3D plant model is synthesized automatically based on the last box
decomposition by using a parametric modeling method. Our hierarchy inference network consists of two separately trained modules: an
image feature network IFN to map the image to a latent feature vector z, while a hierarchical graph decoder Dec tries to decode the box
hierarchies from this feature vector. (d) We also use a mirrored graph decoder Enc to achieve the VAE-style training for the Dec, in which
the Enc and Dec learn a reversible mapping between the plant hierarchies and the latent feature space.

ject detection [1]. However, existing works mainly target
man-made objects with simple structures (e.g., tables and
chairs). In this paper, we argue that plants can be abstracted
into a certain form of part assembly as well, which can serve
as an effective medium to guide the reconstruction process
for botanical plants.

3. Overview
In this paper, we present a generic learning-based frame-
work to reconstruct both houseplants and leafy trees from
single-view images. Fig. 2 illustrates the overall pipeline
of our reconstruction algorithm by taking a houseplant (an-
thurium) as an example. We introduce hierarchical box
representations that serve as a high-level description of the
plant structures by decomposing them into a set of boxes.
We show that the hierarchical boxes are capable enough
of preserving complex structural features of various plant
species by using a variable number of boxes.

Our method consists of three steps: First, as data prepa-
ration, we employ a segmentation network to output a
mask image where each pixel is assigned a label. This mask
is also used to remove the photograph’s background. Then,
the input image and its mask are stacked channel-wise and
fed to a structure inference module to progressively pro-
duce the hierarchical box decomposition from coarse to
fine. Fig. 3 (a) also illustrates an example of the box decom-
position procedure at different stages. Finally, the detailed
3D plant geometries can be automatically synthesized from
the last level of the hierarchical boxes by applying a para-
metric modeling method based on the parameters and labels
of each terminal box.

As shown in Fig. 2(b), our structure inference module

Figure 3. (a) Hierarchical box decomposition of a plant structure
at different inference stages. (b) The VAE-style training uses mir-
rored Enc and Dec to map between plant structures and latent
feature space in opposite directions.

further consists of two successive sub-parts: (1) The first
part is an image feature network IFN that takes the pho-
tograph and its mask as input to extract a feature vector
z in latent space. (2) Then, a hierarchical graph decoder
Dec transforms this feature vector z back into hierarchical
boxes. As shown in the right part of Fig. 3 (b), the hier-
archical graph decoder Dec recursively expands a parent
feature vector back into a set of child boxes in a bottom-
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up fashion. The decomposition process starts from the root
(i.e., the z encoded by IFN ) and stops until no interme-
diate node is decomposed. In our implementation, these
two sub-modules are separately trained to obtain better in-
ference ability. As shown in Fig. 2 (d), we use another
mirrored hierarchical graph encoder Enc to help train the
decoder Dec in a variational autoencoder (VAE) manner, in
which the Enc and Dec learn a reversible mapping between
the plant hierarchies and the latent feature space (see the left
part of Fig. 3 (b)). After training the Enc and Dec, we can
subsequently train the image feature network IFN based
on the latent feature space learned by Enc.

Additionally, this hierarchical box representation is also
applicable to outdoor trees through performing decomposi-
tion in different levels of detail, in which terminal boxes are
instanced as a sub-tree instead of a single leaf (Sec. 4.3).
Please refer to our supplementary video for the animated
demonstration of the decomposition procedure and result-
ing 3D models.

4. Methodology

4.1. Definition

Hierarchical Box Representation for Plants. We intro-
duce a shape representation called Hierarchical Boxes to
describe the plant shapes in a light-weight and abstract man-
ner. As shown in Fig. 3 (a), we assume that a plant can be
decomposed into a hierarchical assembly of boxes that en-
codes both the geometry and the structure of a plant. This
box hierarchy is represented as an n-ary tree, where each
node is a single plant component or component assembly.
Starting from the largest box that corresponds to the en-
tire plant structure, this hierarchical decomposition works
recursively in a bottom-up fashion until reaching the most
fine-grained plant components at leaf nodes.

In our implementation, a box hierarchy can be writ-
ten as H := (B,E), composed of a set of boxes B :=
{B1,B2, ...} that describes the geometry of a plant part, and
a set of edges E that describes the adjacency relationships
between the plant parts. Each box Bi corresponds to a sub-
part of the plant, and can be characterized by an oriented
bounding box: Bi := (c, r, s, l, p), where c is the world
coordinate of the box center, r is the rotation of the box de-
fined as a quaternion, s is the length of the box along each
axis, l is a semantic label, and p is a vector of botanical
parameters.

Specifically, label l indicates the semantics of the box,
which can be either an intermediate node (i.e., an expand-
able node that can be further expanded into a graph at the
next lower level), or other terminal node types (for house-
plants, a terminal node can be a branch, leaf or flower;
while for outdoor trees, it can be a sub-tree part or a main
trunk branch). In addition, we also use a vector p to store

the botanical parameters for the box, which describes the
appearance characteristics of the corresponding plant parts
(such as the bending angles of leaf surfaces), and can be
used to construct the detailed 3D geometries by using our
3D modeling algorithm. Note that p is only meaningful
when the box is a terminal node, otherwise, it is set to all
zeros. We set |p| = 12 which means each box can store
up to 12-dimensional additional parameters. Please refer to
supplementary material for a detailed list of the botanical
parameters p.

4.2. Neural Decomposition of Plant Parts
In the following, we will introduce the details of network
architectures and training setups.

4.2.1. Segmentation
The first step is to generate segmentation masks from real-
world plant photographs. Considering the different char-
acteristics of houseplants and outdoor trees, we apply in-
stance segmentation and semantic segmentation for them,
respectively. In our workflow, we employ UPerNet with
Swin-Transformer [21] to produce the mask images, which
capably serves as a general-purpose backbone for both in-
stance and semantic segmentation. The advantage of using
segmentation masks is to reduce the domain gap between
real-world photographs and our synthetic ones by directly
providing semantic information of plant structures, and also
serve as a binary mask to remove the background of the
input photographs before stepping into the next inference
stage.

4.2.2. Image Feature Network
After segmentation, we then stack the input RGB photo-
graph (with the background removed) and its segmentation
mask in a channel-wise manner, and employ an image fea-
ture network IFN to map it to a latent feature vector z.
The image encoder is based on a ResNet-50 architecture
[7], which has been demonstrated as an effective module to
extract features from 2D images.

4.2.3. Hierarchical Graph Decoder
The core component to achieve neural box decomposition
is a hierarchical graph decoder Dec which recursively ex-
pands nodes from the root until the full plant structure is
reconstructed. It consists of two independent sub-decoders:
Decg and Decbox.

(1) The first sub-decoder Decg adopts a common graph
generative model (MolGAN [2]) as the network backbone,
which is able to ingest a latent vector and output a graph
structure. As shown in Fig. 4(a), our decoder Decg decodes
the feature vector zi of a parent box Bi into a set of child
boxes {Bk}:

Decg(zi) = {(zk, lk, ek)|Bk ∈ Ci} , (1)
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Figure 4. The hierarchical graph decoder Dec contains two sub-
decoders: (a) Decg is to expand the feature vector of a node into
a sub-graph, where each graph node also corresponds to a new
feature vector zk. (b) Decbox is to translate the implicit feature
vector of a node into its actual spatial box shape.

where Ci are the child parts. Each child box Bk ∈ Ci is
represented by a feature vector zk, semantic label lk and
existence probability ek. Moreover, the Decg also predicts
the edge’s existence probability e(k,j) between every two
child boxs Bk,Bj ∈ Ci.

In our implementation, the Decg always decodes a fixed
maximum number of n = 12 child boxes and n2 edges.
Boxes and edges with their existence probability ek < 0.5
or e(k,j) < 0.5 are discarded. The dimensionality of any
feature vector zi is set to 256. The decomposition process
starts from the root node whose feature vector is denoted as
z0, and continues until there are no remaining intermediate
boxes.

(2) Additionally, to transform the implicit feature vec-
tor of the node into the explicit description of target box
shape, we use a second sub-decoder Decbox which is a
multiple-layer perceptron (MLP). As shown in Fig. 4(b),
Decbox takes as input a feature vector zi and its label li
to recover the spatial box shape Bi = (c, r, s) as well as the
botanical parameters p of the corresponding plant part. This
Decbox module can be used to reconstruct the box shape
for both intermediate nodes and terminal nodes during the
inference process. However, the predicted botanical param-
eters p have specific meanings only for terminal nodes.

4.2.4. Training
We train the two sub-modules of the structure inference
module (i.e., the IFN and Dec) in a separate manner.
Training of Image Feature Network. The first module
IFN tries to map a photograph I to a ground-truth feature
vector z, thus it can directly be trained via the following
loss:

LImg(I) = ∥z − IFN(I)∥2 . (2)

Note that the IFN should be trained after the hierarchical
graph decoder and encoder (Dec and Enc) since its training
relies on the latent feature space produced by the Enc.
VAE-style training for hierarchical graph decoder. The

Dec is trained in a complicated way. Briefly, we followed a
variational autoencoder (VAE) fashion introduced by Struc-
tureNet [29] to train this network. As shown in the left part
of Fig 3(b), we additionally used a hierarchical graph en-
coder Enc to map a plant structure S to a latent feature vec-
tor z. This graph encoder is simply implemented as a mir-
rored architecture of our hierarchical graph decoder Dec.
Therefore, we aim to train the encoder and decoder to per-
form a reversible mapping between a plant structure S and
a feature vector z. To train this graph VAE, the loss can be
written as follows:

Lfinal = αLvae(S)+βLrecon(S)+γLsem(S)+λLexist(S), (3)

where Lvae is the conventional variational regularization
loss based on KL divergence, which encourages the struc-
ture to be embedded in a smooth latent space. This loss term
has been explained by [10] at great length. Lrecon, Lsem and
Lexist denote the reconstruction loss, semantic loss, and ex-
istence loss, respectively. We then define the last three loss
terms in detail.

(1) Reconstruction Loss. The Lrecon measures the geo-
metric similarity between the hierarchical bounding boxes
of the ground-truth plant structure S and the reconstructed
plant S′ = Dec(Enc(S)):

Lrecon(S) =
∑

(Bi,B
′
i)∈(S,S′)

chf(τ(Bi), τ(B
′
i)), (4)

where chf(·, ·) denotes the Chamfer distance [3] that can
effectively evaluate the geometric distance between two
shapes. Bi and B′

i are the boxes in plant structures S and
S′, respectively. τ(Bi) = T (Bi)N , where N is a fixed pre-
sampled set of points on a unit box’s surface, and T (Bi) is
the transformation matrix that transforms a unit box to the
bounding box Bi of a plant part.

(2) Semantic Loss. The Lsem evaluates the consistency
of both semantic labels l and shape parameters p between
the ground truths and reconstructions:

Lsem(S) =
∑

(Bi,B
′
i)∈(S,S′)

[
σ(li, l

′
i) +

∥∥pi − p′i
∥∥2

]
, (5)

where σ(·, ·) is the cross entropy loss function. li and l′i
are the ground truth and reconstructed semantic labels of
the matched boxes Bi and B′

i, while pi and p′i are the shape
parameters describing our generative geometric meshes.

(3) Existence loss. Lexist consists of two terms, and uses
a cross-entropy to ensure the existence of all the boxes and
edges is accurately reconstructed. It specifically encourages
each box B′

j or each edge E′
(j,k) in the reconstructed plant

structure S′ can find a match in the ground truth plant S:

Lexist =
∑

B′
j∈S′

σ(e′j , I(B
′
j , S))+

∑
E′

(j,k)
∈S′

σ(e′(j,k), I(E
′
(j,k), S))

(6)
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where e′j and e′(j,k) are the predicted existence probabilities
of a box B′

j and an edge E′
(j,k), respectively, which are de-

scribed in Chap. 4.2.3. I(·, ·) is an indicator function that
returns if a reconstructed box or an edge can find a match in
the ground truth plant S.

4.3. Plant Geometry Construction
Once decomposition is completed, our final stage is to con-
struct the complete 3D plant models. Conditioned on the
hierarchical boxes inferred by AI modules, we leverage two
parametric modeling strategies to synthesize geometric de-
tails for each plant category at different levels of detail
(LoD).
Outdoor Trees. Trees often feature heavy foliage, making
it unfeasible to conduct leaf-level recognition for a distant
single image [11]. Thus, as shown in Fig. 5(a), the decom-
position of hierarchical boxes terminates early at a larger
size to capture the key structural features, resulting in sev-
eral sub-tree boxes for foliage (in green), and a few trunk
branches (in purple).

Fig. 5 also illustrates the steps for the progressive gener-
ation of tree geometries from hierarchical boxes. Our ap-
proach is inspired by a point cloud-based reconstruction
method [25]. Starting from the lowest position, we first
traverse all purple branch boxes using the minimal span-
ning tree (MST) algorithm, forming the trunk skeleton in a
bottom-up manner (Fig. 5 (b)). Then, based on the trunks,
we further propagate foliage details (i.e., twigs and leaves)
strictly within the green boxes by applying a parametric L-
system module [27, 38] (Fig. 5 (c)). The L-system used here
is a popular method that can effectively simulate the devel-
opmental growth of branches for various tree species based
on predefined botanical rules. During growth, the branches
reaching outside the boxes are directly discarded, ensuring
the tree shapes align well with the input volumes. In addi-
tion to limiting the growth space, each box is also associated
with several botanical parameters p predicted by Decbox,
which depict various growth features of this area (e.g., twig
density, branch angles, leaf size) and will be used by L-
system to produce corresponding sub-trees. Please refer to
supplementary materials for the full list of botanical pa-
rameters used.
Houseplants. The proposed hierarchical boxes can also
adapt to depicting houseplants. As shown in Fig. 6 (a), we
construct their models at a finer-grained component level.

Specifically, we represent individual leaves or petals
based on parametric deformable surfaces [36], which lever-
age extensive botanical priors to biologically define tem-
plated leaf shapes for various species. The leaf shapes can
be flexibly morphed based on the predicted botanical pa-
rameters p of each box, enabling us to create leaf surfaces
close to the input images. Fig. 6 (b) shows two examples of
morphing a simple leaf by changing their radial/tangential

Figure 5. Tree geometry generation. (a) Box structure of a tree.
(b) Extracted main trunk. (c) The final 3D tree model with new
branches propagating within the box space.

Figure 6. Houseplant geometry generation. (a) We construct
the houseplant model at a finer-grained component level. (b) The
leaves are implemented as parametric deformable surfaces that
can be controlled by the botanical parameters predicted by sub-
decoder Decbox.

bending angles. Additionally, the size, orientation, and po-
sition of each plant component are directly inherited from
the corresponding box geometry. The entire plant geometry
is also progressively constructed starting from the root using
MST, ensuring the neighboring components are accurately
connected and preventing the formation of cycles.

5. Experimental Evaluation
We conducted all experiments on a computer equipped with
an Intel Core i9-12900H processor with 3.2GHz, 16GB
RAM. The network was trained offline on an NVIDIA RTX
3080Ti GPU with 12GB memory. We implemented our
hierarchical graph network in PyTorch, and developed the
parametric modeling algorithms for 3D plants in Unity.

5.1. Results
Dataset. Due to the difficulty of collecting real-world
3D plants, generating synthetic plant dataset is widely
adopted in many relevant tasks, such as point cloud re-
construction [18] and foliage detection [4]. Based on
this idea, we implemented two powerful algorithms (self-
organization [31] and L-system [38]) for automatically syn-
thesizing diverse 3D plant models of different species.

The final dataset contains 12 tree species (e.g., Maple,
Oak, Pine), and 9 common houseplant species (e.g., An-
thurium, Monstera Deliciosa), respectively. We trained each
species separately. There are 2k unique plants per species
in the training dataset, and 1k for testing. Please refer to the
supplementary material for more details on the dataset.
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Table 1. Quantitative evaluation of network performance using
two metrics: Chamfer distance [3] and Hausdorff distance[8]. We
use them to measure the similarities of the box structures between
the ground-truths and our reconstructions. We computed the root
mean square deviation (RMSE) and the standard deviation (SD) of
both metrics on the test set. For convenience, the heights of all the
plants are normalized to 1.0.

Target Chamfer Dist ↓ Hausdorff Dist ↓

Houseplant 0.065 (±0.013) 0.092 (±0.034)
Outdoor Trees 0.082 (±0.025) 0.136 (±0.069)

Average 0.073 (±0.019) 0.113 (±0.051)

Network performance. We first evaluate the reconstruc-
tion performance of our proposed network on the test set.
In Table. 1, we quantitatively evaluate the reconstruction
quality of box structures using two metrics: Hausdorff dis-
tance [8] and Chamfer distance [3]. The two distances are
computed by treating the vertices of box structures as a
sparse 3D point cloud. The results demonstrate that our net-
work can effectively decode the proper box structures from
the latent space.
Reconstruction results of real plants. To observe the abil-
ity of our method to generate 3D plants from real-world
photographs, Fig. 7 and Fig. 8 present some results for trees
and houseplants, respectively. The input images are either
collected from public resources or captured by a smart-
phone camera. The results demonstrate the effectiveness
of our method in decomposing the underlying hierarchy for
different plant species, and its robust ability to yield realis-
tic 3D plant models with high geometry details. Additional
results can be found in the supplementary material.

5.2. Comparison
In this section, we focus on qualitative comparisons with
two types of recent methods. For quantitative comparisons
and more detailed analysis, please also refer to the supple-
mentary material.
(1) Diffusion-based single image to 3D. With advances in
diffusion models, many approaches were proposed in the
CV community for reconstructing 3D models from single
images, especially in the past two years [15, 16, 19, 26].
Existing works typically use diffusion models to generate
novel views from single images, and then optimize them
into NeRF-like 3D geometries.

Fig. 9 visually compares our method with two recent rep-
resentative works [16, 26]. These methods produced prob-
lematic results when applied to 3D plants. In particular,
for outdoor trees which typically have complex branching
structures and internal occlusions, their results are often
noisy volumes lacking fine details (see Fig. 9 (c-d)). More-
over, the outputs of these methods are structurally insep-

Figure 7. Generating outdoor trees from real photographs.
From left to right: input image, segmentation, hierarchical box
decomposition, and final 3D reconstruction under front and side
views.

Figure 8. Generating houseplants from real photographs. From
left to right: input image, segmentation, hierarchical boxes at dif-
ferent decomposition levels, and our reconstructed plant models
observed from different views.

arable, which further limits their practical use or further
editing. In contrast, our approach overcomes these chal-
lenges by sequentially combining the hierarchical learning
and parametric modeling to produce high-quality 3D plant
assets from coarse to fine. The fine details of our results also
allow them to be immediately applicable in 3D applications,
such as games.
(2) Plant reconstruction methods. Reconstructing plants
from single images is ill-posed due to their high structural
complexity. Thus, early approaches [22, 40] are often semi-
automatic, requiring users to perform extra user interaction
(e.g., drawing annotations) to guide 3D inference. More re-
cently, Li et al. [11], through learning an intermediate repre-
sentation called Radial Bounding Volume (RBV), presents
a fully automatic approach for single image plant recon-
struction.
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Figure 9. Comparison with recent single-view 3D reconstruc-
tion methods: One-2-3-45 [16] and Wonder3D [26]. These meth-
ods work well for smooth-surfaced objects, but when applied to
3D plants that have intricate structures, they often fail to produce
usable 3D models. Especially for trees (c-d), these methods tend
to generate problematic meshes that lack structural details. In con-
trast, our approach is able to produce high-quality 3D plant assets
that are ready for instant use in practical applications.

Fig. 10 compares this RBV-based method [11] with our
approach. Their method extracts the RBV from input image
by MLPs, and then uses it to guide the tree growth. Note
that since the method [11] is not open-sourced, we adopted
their RBV structure and trained on a more advanced ResNet
network than the one used in their original paper. However,
as shown in Fig. 10(a), this RBV representation lacks suf-
ficient flexibility to describe challenging tree shapes (such
as the holes and long branches within the red box). Addi-
tionally, existing methods are only designed for trees, thus
unable to adapt to other plant categories - houseplants (see
Fig. 10(b)). In contrast, our approach offers higher expres-
siveness in depicting tree structures, and provides a versatile
solution to handle both trees and houseplants.

6. Conclusion

In this paper, we introduced a novel method for generat-
ing high-quality 3D plant assets from single-view images.
We leverage a hierarchical box representation to effectively
capture the 3D structures of plants and serve as a light-

Figure 10. Comparison with a recent specialized work on 3D
tree reconstruction [11]), which infers a Radial Bounding Vol-
ume (RBV) from a single image to guide the tree growth. How-
ever, the RBV representation lacks sufficient flexibility to describe
diverse tree shapes, such as (a) trees with holes and long branches.
In addition, their approach cannot adapt to (b) houseplants. For a
rough comparison, we still use this method to generate a result for
this houseplant. Our method presents a more expressive hierarchi-
cal box representation and can handle both plant categories.

weight medium to guide the subsequent geometry synthe-
sis. By integrating hierarchical structure learning with para-
metric modeling algorithms, our method is able to generat-
ing realistic 3D plant models with fine geometric details,
enabling direct use or easy editing in external 3D applica-
tions. In addition, compared with existing specialized plant
modeling methods (e.g., [11]), our method provides the first
generic solution for reconstructing two primary plant cat-
egories (trees and houseplants) from a single-view image
by learning their decomposition at different levels of detail.
Experimental results demonstrated the effectiveness of the
proposed method in image-driven plant modeling.

In the future, we plan to learn richer botanical informa-
tion from the input images, and expand the training dataset
to encompass more species. Moreover, we believe that this
AI-CG srynery workflow has the potential for generating
practically usable, structured 3D models with fine details
for many other object categories, such as buildings.
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