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Abstract— A multi-modal dataset was constructed in a real
orchard environment under leaf-off conditions using an RGB-D
camera and LiDAR, enabling clear observation of branch and
trunk structures. The complementary geometric information
from both sensors allows for more precise 3D structural
reconstruction. Dense point clouds obtained from the RGB-D
camera are fused with LiDAR point clouds via ICP registration,
followed by ground removal and DBSCAN clustering to seg-
ment individual trees. AdTree is then applied to each segmented
tree to extract the 3D skeletal structure and generate Ground
Truth. The constructed GT explicitly represents the hierarchical
branch structure of each tree, and additional data collection
under leaf-on conditions is planned to enable quantitative
evaluation of skeleton extraction performance across varying
foliage conditions. Furthermore, the constructed dataset will
be utilized for training and evaluation of a Flow Matching-
based generative model for tree skeletonization. Flow Matching
enables stable skeleton reconstruction even from noisy and
heavily occluded point clouds in real orchard environments,
and the dataset is expected to facilitate quantitative analysis of
performance differences between leaf-off and leaf-on conditions.

I. INTRODUCTION

Real-world orchard environments present complex struc-
tures where recovering branch topology from sensor data
is challenging due to dense foliage and severe self-
occlusion [1]. Tree topology, describing the connectivity of
trunks and branches, is essential for agricultural robotics
tasks such as pruning, growth monitoring, and harvesting [2].

These challenges are further amplified by species-
dependent differences in tree architecture. Pear trees, which
are the focus of this work, exhibit more complex branching
patterns and denser canopies than apple trees [3], resulting in
more severe self-occlusion in point clouds. Conventional ge-
ometric or regression-based skeletonization methods struggle
under such sparse and partial observations [4], [5], limiting
reliable reconstruction of branch connectivity.

To address this, we construct a multi-modal dataset in a
real pear orchard using RGB-D cameras and LiDAR under
leaf-off conditions. Ground truth skeletons are generated via
ICP-based fusion, DBSCAN clustering, and ADTree-based
extraction [7], enabling evaluation under varying occlusion
levels.
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Recent work has explored generative models such as
diffusion for tree skeletonization [6]. Motivated by this,
we adopt a Flow Matching-based generative framework to
enable robust reconstruction from heavily occluded point
clouds.

II. METHOD
A. Skeleton Extraction

We propose a generative framework for extracting tree
skeleton structures from 3D point clouds using Conditional
Flow Matching [8]. Given an input point cloud, the model
learns a continuous transformation that maps randomly ini-
tialized nodes to target skeleton positions via a learned
velocity field. During inference, the nodes are progressively
updated through an ODE solver, and a Minimum Spanning
Tree (MST) is constructed to enforce a valid and connected
tree topology.

To define a continuous transformation between the initial
node distribution and the target skeleton nodes, we adopt a
linear interpolation path:

xt = (1− t)x0 + tx1 (1)

where x0 ∼ p0(x) denotes a randomly sampled initial node,
x1 ∼ q(x) is a target skeleton node, and t ∈ [0, 1] is the
interpolation time step.

The model is trained using Conditional Flow Matching
(CFM), which aligns the predicted velocity field with a target
vector field along the interpolation path:

LCFM (θ) = Et,x0,x1

[
∥vθ(xt, t)− ut(xt | x1)∥2

]
(2)

where vθ(xt, t) is the velocity field predicted by the network,
and ut(xt | x1) represents the target flow directing samples
toward the skeleton nodes.

At inference time, skeleton nodes are generated by solving
the following ordinary differential equation:

dx

dt
= vθ(x, t) (3)

which iteratively updates node positions from x0 toward the
final skeleton configuration.

To construct the final skeleton graph from the predicted
nodes, we apply a Minimum Spanning Tree (MST) algo-
rithm:

T ∗ = argmin
T

∑
(i,j)∈T

d(pi, pj) (4)

where d(pi, pj) denotes the Euclidean distance between
nodes pi and pj . This step enforces a connected and cycle-
free structure, ensuring that the resulting graph represents a
valid tree topology.
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Fig. 1. Overview of the diffusion-based tree skeletonization pipeline. Given an input 3D point cloud scan of a tree, the diffusion process generates
skeleton node candidates under noise perturbations. A minimum spanning tree (MST) is then constructed to enforce a valid tree topology, producing the
final skeleton prediction.

Fig. 2. A real tree point cloud captured in an orchard environment together
with its corresponding ground truth skeleton generated using the ADTree
model, illustrating the structural representation used for training.

B. Real Tree Data and Ground Truth

We construct a dataset consisting of real tree point clouds
captured in orchard environments using LiDAR sensors.
The acquired point clouds exhibit realistic challenges such
as noise, sparsity, and severe occlusions caused by dense
foliage, as shown in Fig. 2.

To obtain ground truth skeleton structures, we utilize
ADTree-based modeling, which generates structured repre-
sentations of tree topology. Each real tree point cloud is
paired with its corresponding skeleton generated from the
ADTree framework, providing supervision for training and
evaluation.

This dataset enables the model to learn robust skeleton
extraction under real-world conditions while preserving the
underlying topological structure of trees.

III. CONCLUSION

This paper presented a generative framework for tree
skeleton extraction from 3D point clouds using Conditional
Flow Matching. The proposed method learns a continuous
transformation that robustly maps noisy and incomplete point
clouds to structured skeleton representations. By integrating
flow-based node evolution with MST-based topology con-
struction, the approach ensures geometric accuracy and valid
tree structure.

Experimental results on real orchard data demonstrate
that the proposed method effectively handles noise, sparsity,
and occlusions, enabling reliable skeleton reconstruction
under challenging conditions. The resulting skeletons provide

meaningful structural information that can support various
agricultural robotics applications, including pruning, growth
analysis, and yield estimation.
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