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Abstract— Developing agricultural simulation software has
the potential to speed up the development of robotic systems,
but it presents significant challenges due to the difficulty in
simulating plants. Plants are deformable objects with complex
geometries, and existing simulation software either cannot
handle deformable structures or is inefficient and unstable to
run. In this paper, we present a system that generates diverse
plant geometries and simulates plant deformation using a
linear Finite Element Method (FEM). Our simulator efficiently
computes quasi-static plant deformation by leveraging a linear
model. Additionally, we propose a model parameter estimation
technique, which we validate through simulation data, further
enhancing the system’s applicability to agricultural robotics.
Our simulation code is available at: https://github.com/
ShaoxiongYao/visual-tactile-simulate

I. INTRODUCTION

The increasing global demand for agricultural products,
coupled with persistent labor shortages, motivates the need
for agricultural automation using robots [1]. Robotic simu-
lation software, which enables low-cost and efficient eval-
uation across various robotics applications, is promising to
accelerate the development of agricultural robots. However,
developing simulation software for agricultural environments
presents unique challenges, particularly because plants, such
as orchard trees, are deformable objects with complex ge-
ometries. Existing robotics simulation tools, such as Bul-
let [2] and DART [8], are commonly used for modeling rigid
objects but are not well-suited for simulating deformable
structures like plants. While Isaac Sim [9] provides an API
for finite element method (FEM) simulations, it gets slow
and unstable to simulate large tetrahedral meshes.

Plant simulation has been extensively studied in the com-
puter graphics domain, with a primary focus on achieving
visual realism, though these methods are typically slow to
run [13]. While real-time simulation techniques exist, they
often involve tedious setup procedures for creating plant sim-
ulation models [10]. In the context of robotics, however, we
need software that can be quickly set up and executed with
both efficiency and stability. To validate the performance of
agricultural robots, we would like to automatically generate
diverse plant simulation models. The simulator should be
accessible and lightweight, with minimal dependencies to
facilitate ease of use. To ensure that evaluation results align
closely with real-world outcomes, we also need to calibrate
the simulation model parameters using real-world data. More
recently, Gazebo-based plant simulators [3] have enabled
parameter estimation using real-world data, but they require a
tedious manual setup process. An Isaac Gym-based simulator
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Fig. 1: Examples of generated plant geometries and simulated defor-
mation under controlled points displacements. The black wireframe
is the rest undeformed shape and the gray triangle mesh shows the
deformed shape. The red arrows indicate controlled displacement.

utilizes Bayesian learning to infer model parameters; how-
ever, this approach demands the implementation of complex
learning and inference functions [7]. Yao and Hauser [12]
introduced a method for efficiently estimating the stiffness
of artificial plants in real-time, but it is limited to predicting
tactile responses. In contrast, our approach simplifies the
estimation problem by reducing it to a linear observation
with respect to FEM parameters.

In summary, we present a lightweight system to simulate
and estimate the plant simulation model. We generate diverse
plant geometries and simulate the quasi-static linear FEM
plant deformation model efficiently at 40 FPS. Our esti-
mation system accurately calibrates FEM parameters using
contact forces and vertex displacements, leading to reduced
prediction errors.

II. METHOD

Our system automatically generates finite element method
(FEM) simulation models for plants through three steps as
illustrated in Fig. 2. First, it employs a parametric procedural
plant generator to create the plant geometry as a triangle
mesh, using the open-source package tree-gen [5]. Next, a
tetrahedral meshing tool [6] is used to convert the triangle
mesh into a tetrahedral mesh, allowing for FEM-based defor-
mation simulations. Additionally, we assign material parame-
ters to each tetrahedral element, defining its elastic behavior.
Finally, the system incorporates a lightweight, pure-Python
linear FEM simulator that computes plant deformations in
response to external forces or displacements. This simulator
has minimal dependencies, requiring only PyTorch and SciPy
for basic operations.

a) Linear FEM simulation: We represent the tetrahe-
dral mesh of the plant as M, consisting of NV vertices and
M tetrahedrons. Each vertex p! has a displacement given
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Fig. 2: Overview of the plant simulation system. The initial triangle
mesh plant geometry is shown in blue and tetrahedral mesh with
color shows different material parameters at different elements. The
right figure shows the deformed tree shape in gray triangle mesh
under the red arrow push displacement and the initial rest shape in
the black wireframe.

by ut = pt — p?, where p? denotes the vertex’s initial
position. We concatenate the displacements of all vertices
as u' = [u},...,uly] € R3". In a linear FEM model, each
vertex experiences internal elastic forces f{im and external
contact forces f’ext. The internal elastic forces are related to
the vertex displacements by the linear equation ff = Ku’,
where K is the stiffness matrix. The stiffness matrix is pre-
computed using material parameters (e.g. Lamé parameters
(5, A;)) of each tetrahedron following [11].

The plant contains a set of fixed base vertices, denoted by
B C1,..., N, and controlled vertices, such as those grasped
by a robot gripper, which are represented by C* C 1,..., N.
The controlled vertices have known displacements ufc We
assume that the remaining vertices are free to move without
constraints. To compute the equilibrium deformation u’, we
first apply the known displacements to the vertices in the
fixed base set B and to the controlled vertices in C*. Then,
for the freely moving vertices, we solve for zero external
forces. This approach allows the quasi-static deformation to
be computed by solving a linear system of equations.

b) Material parameters estimation: Our material pa-
rameter estimation assumes known contact forces at the
controlled points C* and plant deformations u’ from visual
observations. The key insight is that, in a linear FEM model,
the internal elastic forces are proportional to the Lamé
parameters [11]. From force equilibrium, the contact forces
at each point are linearly related to the Lamé parameters,
ie., fleqw = Wi(u')d, where W; is derived from the ma-
terial model, and 6 = [u1, A1, .., uar, Aps] represents the
concatenated Lamé parameters for each tetrahedral element.
Therefore, we can use a linear estimation problem, minimiz-
ing expected force
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Given this quadratic programming problem, we used

CVXPY [4] to find the estimated 6.
III. EXPERIMENTAL RESULTS

Qualitative results We visualize several examples of
generated plant deformations in Fig. 3. The procedural

Fig. 3: Plants deformation simulation examples with different tree
geometries. The color codes are the same as Fig. 1.

generator effectively produces diverse plant geometries, and
our method accurately simulates their deformations under
various external contacts.

Quantitative results We also quantitatively evaluate our
material estimation formulation on prediction accuracy in
Tab. I. First, we sample several training sequences from a
test plant and apply the estimation algorithm to determine
the material parameters. As the number of touch sequences
increases, both the visual and tactile prediction errors de-
crease, indicating improved accuracy of the estimated mate-
rial parameters.

Run-time discussion Generating the triangle mesh only
takes 0.007s on average using the Blender plugin. Tetrahedral
meshing takes 52.5s on average. Computing the stiffness
matrix takes ~10s and simulation each frame takes ~0.025s.

TABLE I: Visual and tactile prediction error over a query set on a
test tree FEM model. Here visual prediction error is the average of
the deformation prediction error over all vertices in (cm) and tactile
error sums the force prediction error over all contact vertices in (N).

Visual prediction Tactile prediction

error (cm) error (N)
0-shot 1.61 13.411
1-shot 1.60 13.394
5-shot 1.08 9.330
10-shot 1.07 6.733

IV. CONCLUSION AND FUTURE WORK

In this work, we present a novel lightweight system
for generating and estimating plant simulation models. We
demonstrate diverse plant simulation results and validate the
effectiveness of our material parameter estimation algorithm.
In the future, we aim to integrate robot models and collision
checking into the simulation, as well as use real-world data
to create digital twins of actual plants.
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