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Abstract— Robotic branch pruning, a rapidly growing field
addressing labor shortages in agriculture, requires detailed
perception of branch geometry and topology. However, point
clouds obtained in agricultural settings often lack completeness,
limiting pruning accuracy. This work addressed point cloud
quality via a closed-loop approach, (Real2Sim)~'. Leveraging
a Real-to-Simulation (Real2Sim) data generation pipeline, we
generated simulated 3D apple trees based on realistically
characterized apple tree information without manual parame-
terization. These 3D trees were used to train a simulation-based
deep model that jointly performs point cloud completion and
skeletonization on real-world partial branches, without extra
real-world training. The Sim2Real qualitative results showed
the model’s remarkable capability for geometry reconstruc-
tion and topology prediction. Additionally, we quantitatively
evaluated the Sim2Real performance by comparing branch-
level trait characterization errors using raw incomplete data
and the best complete data. The Mean Absolute Error (MAE)
reduced by 75% and 8% for branch diameter and branch
angle estimation, respectively, which indicates the effectiveness
of the Real2Sim data in a zero-shot generalization setting. The
characterization improvements contributed to the precision and
efficacy of robotic branch pruning.

[. INTRODUCTION

Precision crop load management is crucial to the apple
industry which holds significant economic importance in the
United States and accounts for a farm value of 3.2 billion
dollars in 2022 [1]. Pruning is the key to setting an optimal
crop load potential for apple trees and directly influences
fruit quality, tree vitality, and overall yield. Tree crop pruning
is currently done by laborious manual operations, whereas
the labor shortage, especially skilled workforce, not only
increases the pruning cost but also reduces the pruning
performance (e.g., consistency and precision) dramatically. In
contrast, robotic pruning offers a solution to these challenges
by leveraging computer vision and control technologies, pro-
viding consistent, efficient, and precise pruning that enhances
overall orchard productivity and sustainability.

A few studies have investigated pruning robots for woody
perennial crops such as apple [2], [3], cherry [4], and grape
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Fig. 1. The proposed (Real2Sim)~?! (i.e., Real2Sim and Sim2Real) loop
for deep learning models in the context of agriculture where large-scale
datasets are usually unavailable and need enormous effort for development.

[5]. These robots were designed to use RGB-D cameras for
obtaining local branch information, and subsequently prune
branches or vines in a scan-and-cut manner [6]. For instance,
a pruning robot can navigate to predefined waypoints and
cut a branch once a target branch is identified. While this
local pruning approach has demonstrated effectiveness given
simple pruning rules (e.g., removal of side branches), apple
trees require a global pruning strategy to reach optimal crop
load potential [2]. This global pruning strategy considers
both branch length and diameter for pruning. The length-
based rule shortens branches that are longer than 40-45
cm to prevent the intervention to neighboring trees. The
diameter-based rule uses both branch diameter and position
(i.e., the height of a branch) to identify and remove the aged
branches. Specifically, branches with a diameter exceeding
2 cm are selected as target branches. Subsequently, the
largest target branch is pruned, followed by the highest one.
Therefore, a global robotic pruning approach considering
tree-wise branch distribution is urgently needed for apple
crop load management.

A common method for the derivation of the global branch
distribution is through tree quantitative structural modeling,
which aims to reconstruct a quantitative structure model
(QSM) of trees by capturing essential topology, geometry,
and volume properties. The properties include the quantity,
length, volume, angle, and size distribution of the branch.
While QSM methods have shown effectiveness in various
forest applications [7], [8], their application to apple tree



analysis faces significant challenges. The most prominent one
is the inconsistency in QSM results arising from data quality
issues [9]. Point clouds of apple trees acquired under field
conditions suffer from incompleteness and discontinuity be-
cause of two primary factors: 1) modern orchards have high
tree density that leads to high occlusion and low visibility to
sensors and 2) adverse weather conditions such as variable
sunlight and strong winds introduce noise and ghost points
that further exacerbate data quality issues. Overcoming these
challenges requires accurately reconstructing complete point
clouds from incomplete raw data, so that branch information
of individual trees can be used for global robotic pruning
strategy.

In this study, we introduced the (RealZSim)*1 framework,
a closed-loop methodology that centers around the Real2Sim
data generation and Sim2Real application, aiming at provid-
ing a transformative solution for domains facing the data
scarcity challenge to unlock the potential of learning-based
approaches (Figure 1). To demonstrate the effectiveness
of this loop, we applied it to address the prevalent data
quality issues encountered in robotic pruning. Particularly,
we utilized the Real2Sim data generation pipeline to produce
simulated 3D apple tree models. These models were crafted
from realistic apple tree geometric and topological data
extracted by an apple tree characterization pipeline (referred
to as AppleQSM) [9]. The simulated data was then used to
train a joint completion and skeletonization model, achieving
satisfactory completion results on real-world data in a zero-
shot generalization setting. The Sim2Real capabilities show-
cased by the trained model underscored the efficacy of the
closed-loop approach, both qualitatively and quantitatively,
in addressing challenges in robotic pruning. Additionally,
this framework opens opportunities for Digital Twins and
Extended Reality by enabling real-time updates with high-
fidelity simulated data, enhancing the accuracy and realism
of virtual environments for and real-time control.

In summary, the major contribution of this study can be
summarized in the following key points: 1) Unlike prior
work that solely focused on Sim2Real, this is, to our best
knowledge, the first study to propose a closed-loop ap-
proach in agriculture. This innovative method facilitates the
adaptability and performance of learning-based approaches
in domain areas, 2) the development of a joint transformer-
based model coupled with the integration of a variance loss
function, aimed at improving precision in predictions, and
3) the validation of the joint model’s Sim2Real capabilities,
particularly in the context of robotic branch pruning, show-
casing its efficacy in real-world applications.

II. RELATED WORK
A. 3D Tree Analysis

Analyzing trees using 3D computer vision techniques
has been a long-lasting research area for forestry with a
focus on tree inventory and biomass estimation [7], [8].
In agriculture, tree analysis provides critical information
essential to making pruning decisions [10], [11]. Current
pipelines for 3D tree analysis are broadly categorized into
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geometry-based and learning-based approaches. A prominent
tree modeling method within the geometry-based paradigm
is QSM methods [12], [13]. Learning-based tree analysis
approaches involve deep learning models to capture complex
patterns and relationships in tree structures, providing more
accurate and efficient analysis [14], [15]. These methods
usually use deep neural models for the segmentation of raw
point cloud data and process each segmented component
separately to derive traits of interest.

B. 3D Point Cloud Completion in Agriculture

Previous studies on point cloud completion for agricul-
tural applications could be categorized into template-based
and learning-based approaches. Template-based methods use
fitting algorithms and determine the fitting template by the
prior geometric properties of objects for the prediction of
missing point clouds [16], [17]. However, template-based
approaches heavily rely on the object geometry, and their
optimal performance depends on extensive parameter tuning.
In contrast, learning-based approaches leverage the strong
expressiveness of deep neural networks to learn the geo-
metric and topological features from incomplete objects and
to complete missing parts. [18] proposed a deep learning-
based pipeline for completing point clouds of plant leaves
to estimate leaf area. [19] developed a deep neural network
for tree completion to support robotic operations. Another
line of work uses deep neural networks to learn the signed
distance fields (SDF) for the completion of fruits [20], [21].

C. Sim2Real Learning-based Models for Trees

Existing tree modeling studies fall into two categories:
procedural and inverse procedural modeling. Procedural
methods, like L-systems [23], [24], are powerful for simulat-
ing tree geometries but require manual parameter adjustment
and domain expertise, leading to time-consuming and in-
tricate processes. Conversely, inverse procedural techniques
leverage experimental data (e.g., images and range scans), to
automatically estimate parameters, offering a more accessible
solution that allows a broader range of users to participate
without requiring intricate procedural knowledge [25], [26].

The progress in tree modeling techniques has opened doors
for domains with limited large-scale real-world tree data to
utilize learning-based methods [27], [28], [29]. Nonetheless,
a significant hurdle with simulation-based approaches lies in
the disparity between simulated and real-world data, posing
challenges for Sim2Real knowledge transfer. To address this
gap, recent advances in domain adaptation techniques, as
demonstrated by [30], aimed to enhance the Sim2Real perfor-
mance of simulation-based models by leveraging knowledge
learned from closely related simulation source domains. Ad-
ditionally, domain randomization techniques have emerged
as a popular approach to mitigate the domain gap by forcing
networks to learn semantically relevant features that are
invariant to superficial properties [31]. This is achieved
through the introduction of variations in parameters, textures,
and lighting conditions within the simulation environment. In
agriculture, [27] pioneered the first attempt to fully train a



simulation-based deep model using domain randomization
techniques. While their work showed promising Sim2Real
branch segmentation performance across varying environ-
ments, a notable performance gap remained due to data
distribution dissimilarity. Additionally, aligning semantically
relevant features through domain randomization may not
fully capture geometric and topological aspects.

III. METHODOLOGY
A. Real2Sim Data Generation Pipeline

Current Sim2Real studies in agriculture, while effective,
often rely on manually created simulation scenes, leading to
unrealistic simulations [27], [28]. This is due to the complex-
ity of tree growth processes influenced by internal signaling
and external environmental and management factors such
as the use of trellising training systems. The discrepancy
between simulated and real-world data limits Sim2Real per-
formance, particularly in zero-shot generalization scenarios.
To address this, we introduced a Real2Sim data generator to
produce accurate 3D apple tree models.

Since tree branches can be modeled as cylinders, our
process began with the structural modeling of real-world
tree point clouds using AppleQSM. AppleQSM extracted
skeleton points and their associated radii, forming skeletal
spheres which were used as input for the data generator. We
developed a program using the Fusion 360 API (Autodesk,
version 2.0.17453) that generated 3D tree models hierarchi-
cally, starting with the trunk and then growing branches. The
process involved creating a 2D spline using the coordinates
of the skeletal spheres, and then performing a sweep opera-
tion to construct a 3D cylindrical body. The sweep function
incorporated a taper angle to simulate branching. In this
study, the taper value was empirically set to -0.5 (negative for
decreasing radius). This tapering approach was chosen over
directly utilizing raw skeletal spheres’ radii due to observed
errors in skeletal radius towards branch ends, attributed to
the increasing incompleteness of the point cloud. In addition
to 3D meshes, we created 100 new skeleton points by evenly
sampling from the spline to serve as the ground truth.

B. Joint Completion and Skeletonization Model

The joint model consists of a transformer encoder and a
joint decoder (Figure 2). The encoder extracts rich general
features from the input partial point cloud P, € R¥*3 and
outputs point feature embedding and the coarse completion
point cloud P, € RX<*3 Employing the embedding and
the coarse completion, the joint decoder generates respective
geometric and topological features for heads to produce the
refined completion point cloud P, € R *3 and the skeleton
points P, € RV*3_ Additionally, we formulated this joint
model using the generative adversarial network (GAN) to
enhance the global feature learning.

1) Transformer Encoder: We employed the concept of
point proxy introduced in [32] to represent the input point
cloud as a collection of these proxies. The transformer en-
coder [32], comprising geometry-aware self-attention mod-
ules, was used to capture the geometric relationships among
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Fig. 2. Top: The developed joint completion and skeletonization model
formulated as a GAN framework. Bottom: The illustration of the variance
loss that aims to minimize the variance of the distance from surface points
(d1,d2, -+ ,dn) to the skeleton point to better constrain the geometry. The
red dot represents the skeleton point for the cross-section.

the point proxies, ultimately generating the point query
embedding Q’. The global features of these embeddings were
used to produce the coarse completion results F.

Q' =MLP.(E(R)),

P. = MLP,(M(Q")) )

where E and M are the transformer encoder and the max-
pooling operation, respectively.

2) Joint Decoder: Point queries were generated using
the global features of the point query embedding along
with the coarse completion point clouds, crucially serving
as the initial state for the decoder. To facilitate the smooth
optimization process in the joint setting, we developed two
separate query generators to produce respective point queries
for the initialization of completion and skeleton decoders
(Q. and @Q5). Employing these separate point queries, the
completion decoder proceeded to generate geometric features
for the completion head to produce completion results, while
the skeleton decoder generated topological features for its
head to output skeleton points.

Qe =MLP([M(Q'), R]), Q.=MLP(IM(Q),R]) (@

The incorporation of the skeleton head allowed the model
to acquire essential topological features, thereby improving
the quality of completion results, particularly in regions with
discontinuities where pure geometric features may be insuffi-
cient. Furthermore, we integrated a skeleton loss to supervise
the skeleton predictions, thereby reinforcing the constraints
on geometry and topology, leading to more accurate and
coherent predictions.

3) Adversarial Discriminator: Previous work has demon-
strated that the adversarial learning strategy of the GAN
framework can regularize the predictions from a global
perspective and implicitly penalize outputs that deviate from
the target [34]. Therefore, we formulated the joint model
based on the GAN to enable the completion point generator
to learn a richer variety of point distributions from the latent
space. The discriminator aims to help implicitly evaluate the



completion points produced from the generator against the
latent point distribution.

C. Loss Function

1) Geometry Loss: The geometry loss measures the dif-
ference between the predicted completion point cloud and
the ground truth point cloud. Since both point clouds are
unordered, the loss needs to be invariant to the permutations
of the points. We adopted Chamfer Distance as the comple-
tion loss for its O(N log N) complexity [37] (Equation 3).
Additionally, we used a repulsion loss Ly to obtain evenly
distributed points [38].
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2) Variance Loss: Branches can be conceptualized as
cylindrical objects with small cross-sections (Figure 2).
Cylindrical objects inherently exhibit an equal-distance prop-
erty, where surface points maintain a consistent distance
from points along the central axis. Leveraging this geometric
prior, we proposed a novel variance loss Ly aimed at better
constraining the geometry of predicted branch points. The
variance loss seeks to minimize the variance of distances
between ground truth skeleton points and predicted surface
points (Equation 4). Here, the distance from a skeleton point
to a surface point is defined as the minimum distance from
the skeleton point to all surface points. To ensure a close
match between skeleton points and surface points, it’s imper-
ative that the completion predictions possess sound geometry.
Therefore, we deferred the activation of this variance loss
until the later fine-tuning stage.
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3) Skeleton Loss: We incorporated the unsupervised sam-
pling loss [33] denoted by Lg to constrain the skeleton
predictions in the first training stage. This sampling loss
involves selecting points on the surface of each skeletal
sphere and calculating the Chamfer Distance between these
sampled points and the ground truth completion points.
Furthermore, in the fine-tuning stage, we utilized the ground-
truth skeleton points to supervise the joint model. This was
feasible because we could easily generate ground truth data
using the Real2Sim data generation pipeline. Specifically, we
used the Chamfer Distance metric to compute the skeleton
loss between predicted skeleton points and ground truth
skeleton points Pyg.

Ly =

>

P={F,P}

@

4) Adversarial Loss: To supervise the discriminator, we
used the least square loss as the adversarial loss:

Le = (Dp, —1)*, Lp=(Dp,)*+ (Dp—1)> (5
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5) Joint Loss: We formulated the final joint loss (Equation
6) and used Lp to supervise the discriminator separately.
We applied smaller weights to Lg and Ly to prioritize the
learning of the completion task. It is worth noting that we
used the variance loss Ly in the finetuning stage only because
the existing completion datasets do not provide ground truth
skeleton points.

Ly=Lcp+ Lr + Lo + AiLs + A2 Ly (6)

IV. EXPERIMENT
A. Dataset

To validate the efficacy of the proposed Real2Sim concept,
we developed two distinct simulated datasets, namely FB
(Fusion Branch) and NB (Nozeran Branch), to train the
simulation-based joint model. Additionally, we utilized a
real-world dataset, referred to as COB2022, collected by a
terrestrial laser scanner (TLS) in an apple orchard, to evaluate
the Sim2Real performance (Table I).

TABLE I
SUMMARY OF DATASETS USED IN THIS STUDY.

Dataset #Branches | #Training Data | #Testing Data | Source
COB2022 106 NA 106 TLS
NB 1432 1145 287 L-Py
FB 1432 1136 296 CAD

1) Real-World Field Dataset: A total of 55 apple trees
were used for data acquisition that was conducted during
the off-season without any leaves causing occlusion to tree
trunks and branches. These trees were planted at a spacing
of 3.66 m (12 feet) by 0.91 m (36 inches) in 2011 and
trained in the tall spindle system (Figure 1). We manually
selected 106 branches from 9 apple trees and measured their
branch diameter and angle using clipper and angle ruler,
respectively, to form the COB2022 dataset.

2) Simulated Dataset: The rest of the 46 trees in the field
dataset were used for the FB dataset generation using the
Real2Sim data generation pipeline to make sure no data
leakage occurs in model training. We adopted the same
approach as [39] to produce point cloud data. On the other
hand, we generated the NB dataset by creating randomized
tree structures with varying branch cycles, axes, and radii
based on the Nozeran tree growth model [40] in L-Py [41].
This model posits that trees grow by repeated iteration of
a basic unit of structure, known as a “tree unit”’. The tree
unit consists of a central leader from which lateral branches
emerge following a certain pattern, which is similar to the
overall apple tree structure.

B. Model Training

We leveraged the transfer learning strategy to train the
simulation-based branch point cloud joint model in an end-
to-end manner with a two-stage training procedure. As
transformer-based models need large-scale datasets for pre-
training to learn rich contextual representations and semantic



relationships, we used the PCN dataset [39] to train the joint
model using the joint loss Ly without the variance loss Ly at
Stage 1. Next, we finetuned the pretrained joint model on the
simulated dataset (NB or FB dataset) for efficient adaptation
to domain-specific nuances by turning on variance loss Ly
at Stage 2.

The joint model was implemented using PyTorch [43].
The skeleton loss weight A\; was set to 0.01 at both stages,
whereas the variance loss weight A, was set to 10 whenever
it was turned on. We trained the joint model for 384 epochs
with a batch size of 16 at Stage 1 and for 800 epochs with
a batch size of 64 at Stage 2. More technical details for the
transformer-based encoder and decoder can be found in [32].

C. Simulation-based Model Evaluation

We conducted the assessment to evaluate the completion
performance of simulation-based models. This involved vi-
sual assessment of the completion results and quantitative
comparison on COB2022 using AppleQSM that relies on
geometric features of input tree point clouds to identify
architectural traits. As a result, by computing the error
in trait characterization for various completion models, we
could accurately quantify the completion performance. It’s
noteworthy that while the simulation-based model achieved
completion at the branch level, AppleQSM necessitated tree-
level input data. Consequently, we manually segmented all
primary branches for 9 apple trees in the COB2022 dataset.

1) Completion Evaluation: For the completion evaluation,
we conducted a qualitative assessment of the completion
results generated by various models, with a primary focus
on the fidelity of geometry and topology reconstruction. As
a benchmark, we employed AdaPoinTr [32], a state-of-the-
art point cloud completion model, and subsequently trained
four distinct models to investigate the influence of simulated
datasets and model architecture. These models included
AdaPoinTr-NB (AdaPoinTr trained on the NB dataset), and
AdaPoinTr-FB, which aimed to underscore the efficacy of the
Real2Sim dataset. In addition to it, we trained the developed
joint model on the FB dataset using different loss functions
to elucidate the merits of the joint design and variance loss
integration. For simplicity, we referred to the joint model
trained by necessary losses (Lcp, Lr, Lg, and Lg) as Joint-
GS and the joint model trained by adding another variance
loss as Joint-GSV.

Additionally, we adopted the mean CD-; (i.e., the L1 ver-
sion of Chamfer Distance) as the metric for the quantitative
evaluation of the completion performance following existing
works [32], [39]. We conducted the evaluation only using the
FB dataset because it provides significantly more realistic
geometric and topological features than the NB dataset,
thereby the quantitative evaluation is more meaningful.

2) Characterization Evaluation: We used the complete
branch point clouds from all four models for the tree assem-
bly, resulting in four complete tree point clouds in addition to
the raw tree point cloud. These tree data were characterized
by AppleQSM for the estimation of branch diameter and
branch angle. By comparing the AppleQSM measurements
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Fig. 3.  Branch representative from each dataset. The real-world data
presents significant incompleteness and discontinuity, which is the major
bottleneck for robotic perception. The NB data shows simple geometry and
lacks intricate structures. The FB data shows significantly more realistic
geometry and organic structure.

with ground truth measurements in the COB2022 dataset,
we computed metrics including mean absolute error (MAE),
mean absolute percentage error (MAPE), and root mean
square error (RMSE). Through these evaluations, we aimed
to ascertain the efficacy and contributions of the Real2Sim
dataset, the joint model, and the novel variance loss toward
accurate tree characterization, which is crucial for informing
robotic pruning strategies effectively.

V. RESULT AND DISCUSSION

A. Real2Sim Data Generation

The developed Real2Sim data generation presented the
capability to produce a realistic representation of apple trees
with intricate organic structures, indicating the effectiveness
of the modeling process (Figure 3). Modeling trees presents
a significant challenge due to their growth patterns being
influenced by a mix of internal factors such as hormones, as
well as external factors like gravitropism and phototropism.
While existing computer graphics techniques for tree geom-
etry generation have reached a level of maturity that allows
for the creation of detailed 3D models, they often require a
certain level of expertise to operate effectively. Furthermore,
these techniques primarily focus on modeling forest and
urban trees, which exhibit remarkably different structures
compared to fruit trees such as apple trees. Notably, there
is currently no publicly available dataset comprising realistic
representations of apple trees suitable for training deep com-
pletion models. Through the utilization of the Real2Sim data
generation pipeline, we have seamlessly bridged simulated
data with real-world field data, all without the need for
manual intervention, thereby ensuring the efficiency and
realism of the simulation (Figure 1).

Furthermore, the (Real2Sim) ™! approach holds significant
promise for the agricultural robotics community, offering a
transformative toolset with broad-reaching implications. By
facilitating the creation of highly realistic simulations, this
pipeline opens new avenues for the development and vali-
dation of learning-based robotic systems tailored specifically
for various domains. The adaptability of this pipeline extends
beyond apple trees, offering a versatile solution applicable
to a variety of crops and tree species. This adaptability
addresses the critical issue of data scarcity, providing a
valuable resource for researchers working across diverse
science domains.



B. Sim2Real Completion Result

The AdaPoinTr-NB model exhibited a tendency to fit
straight-up shapes for input partial branches, lacking the
capability to accurately represent curvature geometry. This
limitation stemmed from the inadequately realistic data
representations in the NB dataset (Figure 4). Moreover,
this model over-completed the curvature areas by adapting
the straight-up geometries, which could introduce signif-
icant errors into subsequent characterization. In contrast,
AdaPoinTr-FB demonstrated notably superior performance
compared to AdaPoinTr-NB, offering more biologically plau-
sible completion results. This enhancement was attributed
to the improved realism provided by the FB dataset, which
accurately modeled the distribution of real-world branch
data and enabled the deep completion model to learn rich
and realistic geometric features. However, AdaPoinTr-FB
faced challenges in accurately reconstructing raw branch
points around trunk-branch junction areas, crucial for precise
branch-level trait extraction, particularly branch diameter
estimation. Specifically, AdaPoinTr-FB provided misaligned
completion results where the raw points located inside the
complete points (Blue box in Figure 4) and completely
missed one of the disconnected branch segments due to
confusion caused by gaps (Green box in Figure 4). These
completion errors constrained downstream characterization
accuracy and pruning optimality.

The joint model (i.e., Joint-GS and Joint-GSV) generated
better alignment and resolved disconnected segments more
faithfully, implying the efficacy of the GAN framework and
the joint design. The adversarial training strategy facilitates
global information learning and the joint design bridges the
completion head and the skeleton head thereby the skeleton
predictions could provide complementary topological fea-
tures for the completion. This performance improvement was
confirmed by the CD-I; (x1000) metric where Joint-GS and
Joint-GSV achieved a respective 1.118 and 0.980, outper-
forming the 1.131 from AdaPoinTr-FB. Furthermore, the
variance loss improved the completion results qualitatively
and quantitatively by encouraging more accurately filled-in
points and smoother surfaces with lower variability (Figure
4). Without using the variance loss, the model presented
relatively rough surfaces that were slightly deviated from
the correct geometry due to the limitations of the Chamfer
Distance loss L¢p that could not capture all aspects of the
geometric relationship given highly irregular partial branch
point cloud. In contrast, the variance loss enhanced the
geometric relationship by leveraging the geometric prior of
cylindrical shape, providing a more coherent completion.

C. Sim2Real Characterization Result

The evaluation of completion models using AppleQSM
revealed intriguing insights into the impact of simulated
datasets and model architecture on the downstream char-
acterization performance (Table II). Despite the inherent
limitations of the NB dataset, derived from the Nozeran
tree growth model and characterized by simplistic branch
representations, AdaPoinTr-NB demonstrated a degree of
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Fig. 4. Completion results generated by different models. The red points
represent the complete points while the green points are the skeleton points.
The first two rows show the partial branches while the last two rows show
the partial and discontinued branches. The bottom blue and green boxes
present the zoom-in completion results of the corresponding selected area
in the second and third rows. We referred to the joint model as ours. GS
stands for generative and skeleton losses and V for variance loss.

TABLE I
BRANCH-LEVEL TRAIT ESTIMATION ERROR FROM DIFFERENT MODELS.
WE REFERRED TO THE JOINT MODEL AS OURS. GS STANDS FOR
GENERATIVE AND SKELETON LOSSES AND V FOR VARIANCE LOSS.

Branch Diameter Branch Angle

Model | Dataset | \j\p MAPE| RMSE| MAE| MAPE| RMSE
Baseline NA™ 7.11 | 4794 | 743 | 746 | 10.11 | 11.22
AdaPoinTr NB 343 | 2405 | 440 | 932 12.73 | 13.30
AdaPoinTr FB 235| 1522 | 3.62 | 7.29 | 10.19 | 9.50
Ours-GS FB 212 | 1463 | 277 | 8.14 | 11.17 | 12.31
Ours-GSV FB 1.77 | 12.27 | 2.28 | 6.84 | 9.42 9.16
* The baseline model is a geometry-based model and does not require
training.

The unit of MAE and RMSE is mm and that of MAPE is %.

efficacy, reducing the MAE of the branch diameter estimation
by more than 50%. This underscored the robustness of the
baseline completion model (i.e., AdaPoinTr) and highlighted
the importance of utilizing simulated datasets with high
domain similarity. Conversely, the utilization of the more
realistic FB dataset in AdaPoinTr-FB resulted in a substantial
reduction in MAE of the branch diameter estimation, close
to 70%. This significant Sim2Real improvement underscored
the crucial role played by the Real2Sim dataset in enhancing
completion performance. The increased realism provided
by the FB dataset enables the model to learn richer fea-
tures, leading to more accurate completion results. Joint-GS
demonstrated superior performance compared to AdaPoinTr-
FB, leveraging the benefits of both the GAN framework and
the joint setting highlighted in the completion evaluation.
Building upon the success of Joint-GS, Joint-GSV achieved
even greater accuracy by using the variance loss as an
enhanced geometry regularization.

The characterization results obtained from Joint-GSV ac-
curately indicated the aged branches required pruning, which
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was pivotal in guiding pruning robots to maintain the tree
productivity in the context of apple crop load management.
We generated pruning maps based on these characterization
results that provide valuable insights into optimizing pruning
decisions to effectively manage crop load (Figure 5). In
contrast to raw data characterization results, which suffered
from underestimation of branch diameter due to incomplete
branch point cloud data, Joint-GSV significantly improved
diameter estimation accuracy. This enhancement ensured that
branches are accurately classified based on their position,
diameter, and length, allowing for more precise identification
of branches that require pruning. The importance of this
precision becomes apparent when considering the outcomes
of incorrect branch pruning on crop load management.
Failing to accurately identify and prune branches exceeding
the diameter cutoff threshold can lead to overcrowded tree
canopies and inefficient resource allocation, resulting in sub-
optimal fruit development and reduced yield and quality. By
leveraging the improved characterization accuracy provided
by Joint-GSV, the pruning map offers a more nuanced un-
derstanding of the orchard’s spatial distribution. This enables
targeted pruning interventions where necessary, contributing
to more efficient and effective crop load management. Thus,
the advancements made in this study could revolutionize the
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Top View

Pruning map developed based on the characterization results using raw data and the complete data from Ours-GSV-FB.

field of robotic pruning and have far-reaching impacts on
agricultural practices.

VI. CONCLUSIONS

A simulation-based deep completion network with a joint
completion and skeletonization design was developed for
robotic pruning in apple orchards. While the joint model
was trained on simulated datasets only, its capability of
generating highly accurate complete branches from real-
world partial branch offered significantly enhanced geometric
and topological features to enable AppleQSM to accurately
characterize branch-level traits. This achievement paved the
way for more accurate and efficient robotic pruning strate-
gies. The success of the joint model’s Sim2Real process owes
much to the innovative Real2Sim data generation pipeline,
which streamlines the creation of highly realistic apple tree
models without requiring manual intervention. Moreover, we
conceptualized the entire process as (Real2Sim) ™!, identi-
fying it as a crucial component with promising potential
for broader adoption across various domains. This loop
addresses the challenge of domain-specific data scarcity by
seamlessly bridging the gap between simulated and real-
world data sources.

In future studies, we will focus on 1) training the joint



model directly on tree point clouds to improve efficiency
and leverage global tree information and 2) transferring the
pruning map to robots for real-world pruning operations.
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