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Abstract
Accurate estimation of plant skeletal structures (e.g., branching structures) from images is essential for smart agriculture
and plant science. Unlike human skeletons with fixed topology, plant skeleton estimation presents a unique challenge, i.e.,
estimating arbitrary tree graphs from images. To address this problem, we introduce PlantPose, a universal plant skeleton
estimator via tree-constrained graph generation. PlantPose combines learning-based graph generation with traditional graph
algorithms to enforce tree constraints during the training loop. To enhance the model’s generalization capability, we curate
a large and diverse dataset comprising real-world and synthetic plant images, along with simplified representations (e.g.,
sketches and abstract drawings). This dataset enables the generalized model to adapt to diverse input styles and categories
of plant images while preserving topological consistency. Our approach demonstrates robust and accurate plant skeleton
estimation across multiple domains, including previously unseen out-of-domain scenarios. Further analyses highlight the
method’s strengths and limitations in handling complex, heterogeneous data distributions. All implementations and datasets
are available at https://github.com/huntorochi/PlantPose/.

Keywords Plant phenotyping · Agriculture · Image-to-graph generation

1 Introduction

Skeletal structures of plants (e.g., branches and roots) are
key information for analyzing plant traits in agriculture and
plant science. In particular, single-view estimation of plant
skeletons has potential benefits for various downstream tasks,
such as high-throughput plant phenotyping (Gentilhomme et
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al. 2023; Cabrera-Bosquet et al. 2016; Sheng et al. 2019) and
plant organ segmentation (Gaillard et al., 2020; Miao et al.,
2021). As a similar task, single-view estimation of human
poses has been widely studied, e.g., OpenPose (Cao et al.,
2017). However, unlike human skeletons, which have a fixed
graph topology, the plant skeleton is not organized because
the number of joints and their relationships are unknown,
posing a unique problem of estimating an arbitrary tree graph
from an image.

The estimation of graph structure from images has been
studied to extract thin structures such as road networks in
satellite images (He et al., 2020; Xu et al., 2023, 2021).
Recent end-to-end models using recurrent neural networks
(RNNs) (Acuna et al., 2018), graph neural networks (GNNs)
(Li et al., 2020, 2021; Ling et al., 2019), or transformers
(Belli & Kipf, 2019; Khokhlov et al., 2022; Li et al., 2022;
Liang et al., 2020; Shit et al., 2022) show the ability to
extract faithful unconstrained graph structures from images.
However, inferring tree-constrained graphs with the existing
graph generators becomes a non-trivial problem, where the
output graph often violates the required constraints, as shown
in Fig. 1a. One reason for this difficulty is that tree graph
generation, which requires finding a set of graph edges that
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(a) Unconstrained (c)(b) Test-time constraint

7th day 9th day
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Fig. 1 WeproposePlantPose, amethod for single-image plant skeleton
estimation combining learning-based graph generators with traditional
graph algorithms (i.e., MST). The red lines show the predicted graph
edges.Compared to (a) anunconstrained graphgenerator and (b) a naive
tree-graph constraint implementation, (c) our method naturally imposes
the constraint during the graph generationmodels’ training. Ourmethod

can be directly applied to plant science and agricultural applications,
such as (d) time-series reconstruction of botanical roots. Furthermore,
the PlantPose with large-scale training demonstrates strong generaliza-
tion capabilities across diverse datasets, including significantly different
out-of-domain plant species, as shown in (e)

satisfy the constraint defined on the entire graph, naturally
falls into combinatorial optimization. Although constrained
optimization in neural networks has been studied by design-
ing differentiable layers (Kotary et al., 2021), using them to
solve our problem is still not straightforward. A simple way
to impose the constraints on the graph generation is to convert
the inferred unconstrainedgraphs to the closest graph that sat-
isfies the given constraint using traditional graph algorithms
such as Dijkstra’s shortest path or minimum spanning tree
(MST) algorithms. Such post-processing can work; however,
because the graph generators are trained without any con-
straints, the output may be unrealistic, as shown in Fig. 1b.

For tree graph generation from single images, we pro-
pose a simple yet effective way to integrate state-of-the-art
learning-based graph generation methods, which achieve
high-quality image-based graph estimation, and traditional
graph algorithms, which compute strictly constrained tree
graphs such as shown in Figs. 1c–d. Specifically, we propose
to project an unconstrained graph into a tree graph by a non-
differentiable MST algorithm during each training loop. Our
selective feature suppression (SFS) layer then converts the
inferred unconstrained graph to the MST-based tree graph
by a differentiable manner, thereby naturally incorporating
the constraints into the graph generation.

By integrating our feature suppression layer with a state-
of-the-art transformer-based graph generator, we develop
PlantPose1, which infers tree structures from images cap-
turing plants. Beyond the majority of plant-oriented vision
methods that use domain-specific (i.e., species-specific)
datasets for the training, we achieve a generalized model
that estimates the plant skeletons for varieties of plants, as
highlighted in Fig. 1e. To this goal, we curate or collect
10 datasets spanning real-world, synthetic, and web-sourced
plant images, ensuring the model is exposed to various struc-
tural patterns and contexts.

We evaluate the effectiveness of PlantPose on different
classes of plant images, includingout-of-domaindatasets that
are significantly different from those used for the training.
The results show that our constraint-aware graph generator
accurately estimates the target tree structures compared to
baselines.

This paper is an extended version of a conference paper
(Liu et al., 2025) presented in WACV 2025. Beyond (Liu et
al., 2025) using the domain-specific training for each plant
species, we achieve a significant advancement by focusing
on the universal applicability of our method through the

1 This terminology is, of course, an analogy of OpenPose (Cao et al.,
2017) for plants.
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large-scale dataset creation and training, resulting in the plant
skeleton estimation across various plant species by a single
pre-trained model as shown in Fig. 1e.
Contributions
Our contributions are threefold:

• We propose a novel method that tightly integrates
learning-based graph generation methods with tradi-
tional graph algorithms using the newly proposed SFS
layer, which modifies intermediate features in the net-
work, effectively mimicking the behavior of the non-
differentiable graph algorithms.

• Building upon our constrained graph generation method,
we develop the first end-to-end method inferring skeletal
structures from a single plant image, which benefits the
agriculture and plant science field.

• We collect or curate plant skeleton datasets, including
diverse plant images and skeletons, contributing to the
generalization of our method as well as future studies for
plant skeleton analysis.

2 RelatedWork

Wepropose constraining the graph structures givenby image-
based graph generators, whose primary goal is plant skeleton
estimation.We, therefore, introduce the related work of plant
skeleton estimation, graph generation from images, and con-
strained optimization for neural networks.

2.1 Plant skeleton estimation

Plant skeleton estimation is actively studied since it becomes
a fundamental technique for downstream tasks related to
plant phenotyping and cultivation (Okura, 2022).
3D plant skeleton estimation
Several methods are proposed to derive plant skeletons from
3D observations (Okura, 2022). These methods often use
point clouds acquired by LiDAR (Ai et al., 2020; Xu et al.,
2007) or multi-view stereo (MVS) (Sheng et al., 2019; Wu
et al., 2020). Regardless of the 3D acquisition method, these
works generally use a two-stage pipeline: Skeletonization
(Bucksch, 2014) followed by graph optimization using MST
or Dijkstra’s algorithm (Chaudhury & Godin, 2020; Du et
al., 2019; Huang et al., 2013; Miao et al., 2021; Ziamtsov &
Navlakha, 2019), where the graph algorithms are required to
convert a set of skeleton positions into a graph.
2D plant skeleton estimation
Compared to 3D methods, skeleton estimation from a single
2D image poses significant technical challenges due to the
lack of depth information and severe occlusions despite the
simplicity of data acquisition. Like 3D methods, existing 2D
methods use a two-stage process involving skeletonization

and graph optimization. To extract the skeleton regions on
2D images, plant region segmentation is often used for plants
with relatively thin leaves (Giuffrida et al., 2015). Similarly,
a neural network that converts an input image into a map
representing 2D skeleton positions is used to mitigate the
occlusions (Isokane et al., 2018). To reason about the direc-
tion of intersecting branches, a recent work (Gentilhomme et
al., 2023) proposes to use vector fields representing branch
direction instead of mask images, similar to the Part Affinity
Fields (PAFs) used in OpenPose (Cao et al., 2017).

Unlike existing two-stage methods, we propose an end-
to-end method that directly infers a tree graph representing
plant skeletons in a single image. Our experiments show that
our end-to-endmethod achieves better accuracy than a recent
two-stage method for 2D images.

2.2 Graph generation from images

Graph generation from images, sometimes called image-
to-graph generation, is studied for extracting geometric
structures (e.g., road networks) or relations (e.g., scene
graphs) from images (Acuna et al., 2018; Belli &Kipf, 2019;
Cong et al., 2023; He et al., 2020; Khokhlov et al., 2022; Li
et al., 2020, 2022, 2021; Liang et al., 2020; Ling et al., 2019;
Shit et al., 2022; Xu et al., 2023, 2021).
Geometric image-to-graph generation
Recent learning-based methods for extracting geometric
structures often use object detectors, which detect graph
nodes (e.g., intersections in road networks) from images, and
then aggregate the combinations of node features to predict
the edges defined between two nodes as binary (i.e., existence
of edges) or categorical (e.g., classification of edge relations)
values. Some studies use external knowledge (Abdelkarim et
al., 2020; Chiou et al., 2021; Pennington et al., 2014; Shar-
ifzadeh et al., 2022) to improve the results.

Graph generators have usually taken autoregressive meth-
ods (e.g., Li et al. (2018); Liu et al. (2018); Luo et al. (2021);
Belli and Kipf (2019); Zhou et al. (2023)) that output a graph
by starting at an initial node and estimating neighboring
graph nodes. Recent GNNs and transformers enable non-
autoregressive graph generators (Cong et al., 2023; Kingma
&Welling, 2014; Kipf &Welling, 2016; Li et al., 2022; Yang
et al., 2022; Zang &Wang, 2020) simultaneously estimating
the entire graph. Autoregressive methods are prone to errors
during the estimation process, and the state-of-the-art non-
autoregressive method, RelationFormer (Shit et al., 2022),
performs better than autoregressive methods, especially for
medium to large graphs.

A few recent studies consider graph generation with tree-
graph constraints in a different context. For the molecule
structure estimation (Ahn et al., 2022; Jin et al., 2018, 2020),
thesemethods assume autoregressive graph generation,mak-
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Fig. 2 Overview of reparameterization layer that can be easily plugged
into off-the-shelf graph generators. Given unconstrained edge pre-
dictions by graph generators, our method projects it to the closest

constrained graph (i.e., tree) using a non-differentiable MST algorithm.
Comparing constrained and unconstrained edges, unwanted edge fea-
tures are selectively suppressed so that the graph becomes the tree

ing it hard to work with complex and relatively large graphs
like botanical plants.
Scene graph generation
Scene graph generation (SGG) represents another line of
image-to-graph research, focusing on semantic relations
between detected objects. Milestone works such as IMP
(Xu et al., 2017) and VCTree (Tang et al., 2019) rely
on region-of-interest (RoI) features from bounding boxes
and union regions, while Lang-SGG (Zhong et al., 2021)
augments RoI features with geometric cues and language-
derived word embeddings. More recently, VSS (Zhang et al.,
2023) leverages vision–language alignment and text prompts
via GLIP (Li et al., 2022) to obtain object nodes. Unlike
SGG, our task deals with geometric graphs: Nodes rep-
resent junctions or endpoints defined by coordinates, and
edges are thin connections between node pairs. SGGmethods
fundamentally assume region-based objects and semantic
predicates; although we can technically use SGG methods
on the extracted node positions in our case, the reason-
ing modules degrade into exhaustive pairwise classification
with contextual encoders or become unusable without text
prompts. In practice, the pipelines are reduced to those akin
to RelationFormer with pairwise reasoning, but with heavier
computation or additional semantic dependencies.

2.3 Constrained optimization for neural networks

Constrained optimization is crucial for machine learning.
In particular, introducing constraints in neural networks has
become a recent trend (Kotary et al., 2021).
Designing differentiable layers
The most direct way to introduce additional constraints to
neural networks is to make the constraints differentiable. In
the continuous domain, it is known that a convex optimiza-
tion can be implemented as a differentiable layer (Agrawal
et al., 2019). However, the design of differentiable layers for

combinatorial optimization poses a significant challenge due
to the difficulty of differentiation. Wilder et al. Wilder et al.
(2019) propose a differentiable layer for linear programming
(LP) problems using continuous relaxation. This method is
extended to mixed integer linear programming (MILP) (Fer-
ber et al., 2020) by splitting the problem into multiple LPs.
MST, which we want to use as constraints, is known to be
transformed into the class of MILP (Myung et al., 1995;
Pop, 2020). However, using differentiable layers for these
complex combinatorial problems requires exponential com-
putation time (Kotary et al., 2021) to obtain the exact solution
and is practically unrealistic.
Reparameterization for constrained optimization
If the constraint function is difficult to differentiate, a simple
alternative is to project unconstrained inferences or model
parameters into constrained space, which can be considered
a use of reparameterization (Kingma & Welling, 2014).

In gradient descent optimization, methods projecting
unconstrained optimization parameters (e.g., model param-
eters in neural networks) to the closest ones satisfying the
given constraint are called projected gradient descent (PGD).
PGD is often used for traditional optimization problems,
directly optimizing the input variables (Gupta et al., 2018;
Xie et al., 2020). While PGD can be used for neural network
optimization, such as for generating adversarial examples
(Madry et al., 2018), designing projection functions for neu-
ral networks is challenging. It requires mapping a large
number of model parameters into a space satisfying complex
constraints, where the constraints are often more naturally
defined on the model output.

Instead of designing a projection function for the model
parameters, themodel’s output can be projected onto the sub-
space that satisfies the constraints during the training loop.
Since reparameterization for model output can be easily inte-
grated with existing neural network models, they are often
used for domain-specific applications such as coded aperture
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optimization with hardware constraint (Yoshida et al., 2018)
and internal organ segmentation with given parametric shape
models (Bohlender et al., 2021; Li et al., 2017). We take this
approach in ourSFS layer, easily plugging it into off-the-shelf
end-to-end graph generation methods without preparing the
differentiable implementation of the constraints (i.e., MST
algorithm).

3 Tree-constrained Graph Generation

We here describe the constrained graph generation method.
Figure 2 summarizes the proposed SFS layer, which casts the
original unconstrained edge probabilities to the constrained
domain.

3.1 Problem statement

We here consider a simple setting of neural-network-based
graph generation, where the model outputs the prediction of
the edge probabilities (i.e., the edge exists or not) defined for
a pair of nodes, while this can be extended to a multi-class
classification setting straightforwardly.

Our goal is to design a tree-constrained graph generator
F that converts a given image I to a tree graph G as

G = (V , E) = F (I ) s.t. E ∈ Etree, (1)

where the graph G consists of a set of nodes (or objects) V
and edges (or relations) E . Here, Etree denotes all possible
edge patterns forming a tree graph given the set of nodes V .

We consider a (non-differentiable) projection functionP
that maps an unconstrained graph predicted by graph gener-
ators to the constrained graph G. Let the edge probabilities
defined between each node pairs as {ŷ(i, j)}(i, j)∈V×V .

ŷ(i, j) = [ŷ+
(i, j), ŷ

−
(i, j)]� s.t. ‖ŷ(i, j)‖1 = 1, (2)

in which ŷ+
(i, j) and ŷ−

(i, j) respectively denote the edge
existence and non-existence probabilities. The projection
function P then read as

(V , E) = PE∈Etree (V , {ŷ(i, j)}), (3)

which are given by traditional graph algorithms with com-
binatorial optimization. We assume the projection function
P converts the existence probability (or category prediction)
of graph edges while leaving the graph nodes V unchanged.
A typical example of P can be designed using the MST
algorithm we use in our PlantPose implementation, which
projects an arbitrary graph into a tree structure by modify-
ing the existence of graph edges based on the costs defined
between each pair of nodes.

We aim to develop a differentiable function R that mim-
ics the non-differentiable projection P . Plugging with the
unconstrained graph generator F̂ , Eq. (1) is rewritten as

G = (V , E) = RE∈Etree (V , {ŷ(i, j)}), (V , {ŷ(i, j)}) = F̂ (I ), (4)

where the whole process is differentiable.

3.2 SFS layer

Overview
We first briefly summarize the intuition of the SFS layer.
Naive neural graph generators predict unconstrained edges
between node pairs, which may include cycles or discon-
nected parts. The MST projection converts these predictions
into a valid tree by adding or removing edges. Our key idea is
tomimic this projection inside the network in a differentiable
way.

We here suppose the multi-head binary classification of
edge existence between given two nodes, i.e., the features
of the last layer outputs both edge and non-edge features,
followed by a softmax layer deciding whether the node pair
has an edge. Our SFS layer selectively suppresses the fea-
tures in the last layer, i.e., for graph edges that should be
added, we suppress the non-edge feature so that the softmax
activation function outputs the edge; for edges that should
be removed, we suppress the edge feature instead. All other
edges remain unchanged. This selective suppression ensures
that the resulting edge existence matches the tree structure
given by theMST, while still allowing gradients to flow back
to the backbone network.
Formulations
Here, we describe a detailed implementation of the SFS layer
for constrained graph generation. As described in Eq. (2),
the unconstrained graph generator F̂ computes the proba-
bility of unconstrained edge existence between the i-th and
j-th nodes, ŷ(i, j) = [ŷ+

(i, j), ŷ
−
(i, j)]�. In neural networks,

ŷ(i, j) is usually computed through the softmax activation
σ applied to the output feature vector of the final layer
f̂(i, j) = [ f̂ +

(i, j), f̂ −
(i, j)]� ∈ R

2 as

ŷ(i, j) = σ (f̂(i, j)). (5)

The set of unconstrained graph edges Ê is then obtained by
comparing the edge existence probabilities as

Ê = {(i, j)|ŷ+
(i, j) > ŷ−

(i, j)}, (6)

in which Ê records node pairs where the edge exists.
Suppose the projection function P converts the set of

unconstrained edge probabilities {ŷ(i, j)} to a set of con-
strained edges E . Let the difference of two sets be E+ =
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E − Ê and E− = Ê − E , denoting the sets of edges newly
added and removed by the projection. Tomimic discrete (and
non-differentiable) inferences byP in differentiable end-to-
end learning, we modify the edge features corresponding to
E+ ∪ E− in the differentiable forward process.

Specifically, what we want to get is the edge probabilities
that approximate the constrained edges E , denoted as

y(i, j) =

⎧
⎪⎨

⎪⎩

[1 − ε, ε ]� ((i, j) ∈ E+)

[ ε , 1 − ε]� ((i, j) ∈ E−)
[
ŷ+
(i, j), ŷ

−
(i, j)

]�
(otherwise).

(7)

When ε is small enough, the constrained output y(i, j)

perfectly mimics the output by the projection function P .
However, the direct modification of the edge probabili-
ties naturally disconnects the computation graph. Therefore,
we modify the unconstrained feature vector f̂(i, j) so that
the corresponding edge probabilities y(i, j) follows Eq. (7).
Specifically, since y(i, j) is computed through the softmax
functionσ , it is achieved via the followingminimalmodifica-
tion that selectively suppresses the feature values by replacing
them with a constant2 as

f −
(i, j) := −� ((i, j) ∈ E+)

f +
(i, j) := −� ((i, j) ∈ E−),

(8)

where � is assumed to be large enough to make exp(−�) ∼
0. Given modified features f(i, j) = [ f +

(i, j), f −
(i, j)]�, the soft-

max activation σ normalizes and converts them to edge
probability y(i, j).

In summary, from Eqs. (5) and (8), the constrained edge
prediction between i-th and j-th nodes, yi j = [yi j+, yi j−]�,
is obtained as

y(i, j) =

⎧
⎪⎨

⎪⎩

σ ([ f̂ +
(i, j), −� ]�) ((i, j) ∈ E+)

σ ([ −� , f̂ −
(i, j)]�) ((i, j) ∈ E−)

σ ([ f̂ +
(i, j), f̂ −

(i, j)]�) (otherwise).

(9)

After the reparameterization, the set of edges computed from
{y(i, j)} in the same way as Eq. (6) is guaranteed to be equal
to E inferred by the discrete projection functionP when �

is large enough.

3.3 Analysis

The common auto differentiation libraries automatically
compute the gradient of the SFS layer. Although it can dis-
connect the computation path at a feature, since we keep
at least one of the original features (either f̂ +

(i, j) or f̂ −
(i, j)),

the backpropagation path to the backbone graph generation

2 See the appendices for the derivation.

network is not disconnected3. Here, we briefly analyze the
behavior of the SFS layer. The appendices provide a detailed
analysis, including mathematical proofs.

When using the cross-entropy loss LCE to evaluate the
availability of the graph edges, the derivative to be back-
propagated to the backbone graph generator is approximated
as4

∂LCE

∂ f̂
∼

⎧
⎪⎨

⎪⎩

[
1 − t+ , 0

]�
((i, j) ∈ E+)

[
0 , 1 − t−

]�
((i, j) ∈ E−)

[
y+ − t+, y− − t−

]�
(otherwise),

(10)

where t = [t+, t−]� ∈ {0, 1}2 denotes the ground truth
edge existence and non-existence for the node pair (i, j).
Our method modifies the computation graph of the network
when the MST algorithm disagrees with the output of graph
generation model (i.e., (i, j) ∈ E+ ∪ E−), but in different
ways for derivatives of each feature value ∂LCE

∂ ˆf + or ∂LCE

∂ ˆf − .

Without loss of generality, we consider the case when the
MST algorithm adds an edge, i.e., (i, j) ∈ E+. When the
MST correctly modify the edge availability (i.e., t+ = 1),
the gradient vector becomes small, ∂LCE

∂ f̂
∼ 0, which is the

behavior we expect. On the other hand, if the MST incor-
rectly adds the edge (i.e., t+ = 0), the gradient becomes
[1, 0]�, which strongly penalizes the positive edge probabil-
ity,where the normof the gradient vector is always larger than
unconstrained ones5. Therefore, the behavior of our simple
reparameterization strategy is reasonable in practice.

4 PlantPose: A Plant Skeleton Estimator

We develop PlantPose, an implementation of the SFS layer
to a state-of-the-art graph generator. This section first recaps
the graph generator we use Shit et al. (2022) and then details
how we introduce tree structure constraint.

4.1 RelationFormer: A brief recap

RelationFormer (Shit et al., 2022) is the state-of-the-art non-
autoregressive graph generation method. This method uses
an end-to-end architecture that combines an object (node)
detector and relation (edge) predictor, which shows superior
performance for unconstrained graph generation. The object
detection part is based on deformable DETR (Zhu et al.,
2021), which is trained to extract graph nodes (e.g., objects)
and global features from a given image. Specifically, given
the extracted image features, the transformer decoder outputs

3 This is akin to the dropout layer often used in neural networks.
4 We omit the subscript (i, j) for simplicity.
5 See appendices for the mathematical proof.
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a fixed number of object queries ([obj]-tokens) representing
eachof the nodes and a relation query ([rtn]-token) describing
the global features, including node relations.

The relation prediction head outputs the relationship (i.e.,
edge existence or category) from the detected pairs of objects
(i.e., [obj]-tokens) and the global relation (i.e., [rtn]-tokens).
This module is implemented as a multi-layer perceptron
(MLP) headed by layer normalization (Ba et al., 2016). Rela-
tionFormer is trained using the sum of loss functions related
to object detection and edge (relation) estimation,where edge
(relation) loss Ledge

6 evaluates the edge existence or cate-
gory between node pairs using cross-entropy loss.

4.2 Tree-constrained graph generation

To introduce the tree structure constraint, we use Kruskal’s
MST algorithm (Kruskal, 1956) implemented inNetworkX7.
To extract a tree from an unconstrained graph predicted by
RelationFormer, we use the edge non-existence probabilities
{ŷ−

(i, j)} as the edge cost for the MST algorithm to span the
tree on edges with higher existence probabilities.

We implement the SFS layer on top of the relation pre-
diction head in the RelationFormer. Specifically, the output
features from theMLP after layer normalization are regarded
as unconstrained features {f̂}. In our experiments, we use
� = 10 during training, where exp(−�) = 4.5× 10−5. We
show an ablation study changing � in the appendices.
Loss function
Our SFS layer affects the evaluation of the edge loss Ledge in
the graph generator, while the computation of other loss func-
tions, such as for node detection, remains the same as in the
original implementation. Our implementation uses both loss
functions for original (unconstrained) and constrained edges.
Denoting the ground-truth edges as EGT = {(i, j)|t+(i, j) >

t−(i, j)}, where t(i, j) = [t+(i, j), t−(i, j)]� ∈ {0, 1}2, the loss func-
tion for edge availability Ledge is modified as follows

Ledge =
∑

(i, j)

LCE(ŷ(i, j), t(i, j))

︸ ︷︷ ︸
Lunconst

+
∑

(i, j)

LCE(y(i, j), t(i, j))

︸ ︷︷ ︸
Lconst

,

(11)

where LCE denotes the cross-entropy loss.

6 Denoted asLrln in the original paper (Shit et al., 2022), we useLedge
for generality.
7 https://networkx.org/, last accessed on December 20, 2024.

5 Datasets

Tovalidate the effectiveness of ourmethod,we assess the pro-
posed method using two scenarios, namely, domain-specific
and generalized training. The former scenario is still useful
for domain or species-specific analysis, which is often used
in practical applications in plant science and agriculture, and
we use one synthetic and two real-world datasets. Beyond
the domain-specific training, we also propose to train our
PlantPose model with a large-scale dataset, which comprises
six datasets that span various species and attributes. For the
validation of the generalized model, we also introduce out-
of-domain test datasets sourced from various domains that
are significantly different from those used for the training.

5.1 Domain-specific datasets

We use one synthetic and two real datasets, where examples
are shown in Fig. 3 and Table 1. Appendices describe the
details of the datasets.
L-system synthetic dataset To systematically demonstrate
the performance of our method, we perform an experiment
using a large synthetic dataset. We automatically generate
images of tree patterns using pre-defined rules of Linden-
mayer systems (L-system) (Guo et al., 2020; Lindenmayer,
1968),which generate structural patterns using recursive pro-
cesses. We add randomness of branching patterns, branch
length, and joint angles to increase the dataset variation. The
number of nodes in the graph is controlled at less than 100.
The resolution of the generated images is 512 × 512 pixels.
We generated 100000 images for training, 1000 for valida-
tion, and 20000 for testing.
Root dataset We use photographs of early-growing roots of
Arabidopsis, which are often important targets of analysis in
plant science. In this dataset, the graph structures are manu-
ally annotated. The dataset contains 781 root images, and we
randomly divide them into 625 training, 78 validation, and
78 test images. Each graph contains up to 117 nodes. The
image resolution is 570×190 pixels. We use data augmenta-
tion involving rotation, flipping, and cropping for the training
dataset, which collectively expands the training dataset to
62, 500 images.
Grapevine dataset(Gentilhomme et al., 2023) We use the
3D2cut Single Guyot Dataset (Gentilhomme et al., 2023)
containing grapevine tree images captured in an agricultural
field with annotated branch patterns. The dataset contains
relatively complex structures; the graph contains up to 205
nodes. The resolution is 504 × 378 pixels. The dataset con-
tains 1503 images, and we use the dataset split the same as
Gentilhomme et al. (2023), where 1185 images are for train-
ing, and 63 and 255 images are for validation and testing,
respectively. We use data augmentation in the same manner
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Table 1 Domain-specific
datasets. The table summarizes
the key properties of each
dataset used in our experiments

Dataset Resolution Max Nodes Train Val Test

L-system (Guo et al., 2020) 512 × 512 100 100, 000 1, 000 20, 000

Root 570 × 190 117 62, 500 78 78

Grapevine (Gentilhomme et al., 2023) 504 × 378 205 118, 500 63 255

Fig. 3 Example images from
the domain-specific dataset.
Annotated graphs are
superimposed.Yellow dots and
red lines indicate nodes and
edges

eniveparG )c(citehtnyS )a( (b) Root

as the root dataset, resulting in 118, 500 involving rotation,
flipping, and cropping for the training dataset.

5.2 Generalized datasets

To expand the model’s applicability, we curate and process
six training datasets and four out-of-domain test datasets. An
overview of these datasets is provided in Fig. 4 and Table 2.
Across the six training datasets, we collected and processed
over 22, 000 individual plant instances (before augmenta-
tion), capturing diverse morphological, environmental, and
taxonomic variations.

These datasets encompass real-world, synthetic, and web-
sourced images, thus covering diverse structural variations
and environmental contexts. We increased the maximum
node count to 384 and standardized all images to 256× 256
pixels to ensure consistent training and evaluation conditions.
For all datasets,we constructed tree graphs by identifying key
branch points and sampling them at uniform intervals of 13
pixels, thereby establishing a standardized representation of
structural patterns. The dataset details are described in the
appendix.

6 Experiments

We conduct experiments to validate the effectiveness of
the proposed method in both domain-specific and general-
ized scenarios using synthetic and real-world plant image
datasets.

6.1 Baselines

Since the constrained graph generation task is new in this
paper, there are few established baseline methods. We com-
pare our method with the state-of-the-art methods for 2D
plant structure estimation and unconstrained graph gener-
ation. Also, as an ablation study, we compare a simpler
alternative to our method. Appendices provide additional
comparisons with other baseline methods, including autore-
gressive graph generation.
Two-stage (Gentilhomme et al., 2023) We implement a
2D plant skeleton estimation method based on a two-stage
method involving skeletonization and graph optimization
with reference to Gentilhomme et al. (2023). Specifically,
vector fields of branch directions are generated by a neural
network, followed by graph optimization to generate branch
structure, in which we find our implementation outperforms
the naive re-implementation of the existing method (Gentil-
homme et al., 2023). Specific implementations and analyses
are described in the appendices.
Unconstrained (Shit et al., 2022) We compare the state-of-
the-art (unconstrained) graph generation method, Relation-
Former (Shit et al., 2022). This method is identical to our
method without applying the tree structure constraint.
Test-time constraint As a straightforward implementation
of constrained graph generation, we apply MST only in the
inference phase, where the graph generator is trained using
the same procedure as the unconstrained method.

6.2 Evaluationmetrics

We use different metrics to capture spatial similarity along-
side the topological similarity of the predicted graphs.
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Table 2 Generalized dataset
composition. Training datasets
are marked in white, while
out-of-domain test datasets are
shaded in bold. Augmentation is
applied only to training datasets
to improve model generalization

Dataset Max Nodes Samples (Train/Val/Test) Aug. Total

Grapevine (Gentilhomme et al., 2023) 205 1202 / 150 / 151 10x 1503

LVD2021 leaf image (Li et al., 2022) 326 1858 / 232 / 232 10x 2322

LVD2021 vein mask (Li et al., 2022) 326 1858 / 232 / 232 1x 2322

MIPDB (Wang et al., 2024) 210 12992 / 249 / 250 1x 13491

Self-captured 378 652 / 82 / 83 20x 817

Web-sourced 382 1320 / 166 / 168 10x 1654

Thickened L-system 211 – / – / 500 1x 500

LVD w/ background 285 – / – / 500 1x 500

Tree synthetic 384 – / – / 500 1x 500

Root 71 – / – / 782 1x 782

(b) Out-domain test datasets(a) Training datasets

)3()2()1(

)6()5()4(

)8()7(

)01()9(

Fig. 4 Sample images from the generalized datasets. Annotated graphs
are superimposed, where yellow dots represent nodes and red lines rep-
resent edges. (a) Training datasets: (1) grapevine, (2) LVD2021 leaf
image, (3) LVD2021 vein mask, (4)MIPDB, (5) self-captured, (6) web-
sourced. (b) Out-of-domain test datasets: (7) thickened L-system, (8)

LVDwith background, (9) tree synthetic, (10) root. The datasets include
diverse plant structures and imaging conditions to improve the model’s
generalization and robustness across in-domain and out-of-domain sce-
narios

Street mover’s distance (SMD) (Belli&Kipf, 2019)SMDis
ametric to assess the accuracy of the positions of graph edges,
which is computed as the Wasserstein distance between the
predicted and the ground truth edges. In our implementation,
the distance is computed between densely sampled points
on the edges, which is the same procedure as in the original
paper proposing the SMD (Belli & Kipf, 2019).
TOPO score (He et al., 2018) We compute the TOPO scores
to evaluate the topological mismatch of the output graph.
This metric consists of the precision, recall, and F1 scores of
the graph nodes, which are evaluated considering the edge
topology. We use the implementation used in the Sat2Graph
paper (He et al., 2020), while we only evaluate the nodes
with the degree �= 2 that affect the tree structure, i.e., we
only evaluate joint and leaf nodes in the graphs.

Tree rate To evaluate how well the output graph satisfies the
constraint, we calculate the probability that the output graph
forms a tree structure. While it is obvious that the tree rate
becomes 100 % for constrained methods, including ours, we
are interested in how well the output of the unconstrained
graph generation model can reflect the constraint by training
on datasets that contain only tree graphs.

6.3 Implementation details

For RelationFormer in our method and the baseline com-
parison, we use the official implementation8 on PyTorch.

8 https://github.com/suprosanna/relationformer, last accessed on
December 20, 2024.
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Fig. 5 Visual results for the domain-specific training with the synthetic
tree pattern dataset. For the synthetic tree pattern dataset: We translu-
cently overlay the estimated and ground truth edges with red and blue

lines, respectively. While all methods accurately detect nodes, only our
method accurately predicts the availability of edges from given images
compared to the baseline methods

Table 3 Quantitative results on domain-specific training. Our method significantly improves both the shape and topology of the predicted graph
while enforcing the given constraints. The best scores are highlighted in bold

Dataset Method SMD ↓ TOPO score ↑ Tree rate
Prec. Rec. F1 [%]

Synthetic Two-stage (Gentilhomme et al., 2023) 1.91 × 10−3 0.940 0.886 0.912 100.0

Unconstrained (Shit et al., 2022) 1.43 × 10−5 0.978 0.929 0.953 36.2

Test-time constraint 6.26 × 10−6 0.977 0.953 0.965 100.0

Ours 4.78 × 10−6 0.986 0.968 0.977 100.0

Root Two-stage (Gentilhomme et al., 2023) 4.83 × 10−4 0.767 0.732 0.749 100.0

Unconstrained (Shit et al., 2022) 1.19 × 10−4 0.831 0.633 0.719 35.9

Test-time constraint 1.52 × 10−4 0.829 0.771 0.799 100.0

Ours 8.82 × 10−5 0.861 0.807 0.833 100.0

Grapevine Two-stage (Gentilhomme et al., 2023) 4.24 × 10−4 0.677 0.589 0.630 100.0

Unconstrained (Shit et al., 2022) 1.45 × 10−4 0.963 0.559 0.708 0.0

Test-time constraint 1.47 × 10−4 0.896 0.840 0.867 100.0

Ours 1.03 × 10−4 0.899 0.843 0.870 100.0

For other hyperparameters, we follow the original Relation-
Former implementation used for road network extraction.We
used early stopping for all datasets and methods by selecting
the model with the best validation performance and termi-
nating training after 30 epochs without improvement. The
training of our method takes approximately 141 hours for the
synthetic dataset, 10 hours for the root dataset, and 98 hours
for the grapevine dataset, all conducted on eight NVIDIA
RTX A100 GPUs.

6.4 Results

6.4.1 Results on domain-specific training

Results on synthetic dataset
Figure 5 shows visual results for the synthetic dataset, where
the red and blue lines indicate the predicted and ground truth
edges, respectively. Since they are shown translucently, if
the estimated edge overlaps the true edge, it is displayed in
purple. Similarly, cyan and yellow dots indicate the nodes,
which merge into green if correctly estimated. From the
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Fig. 6 Visual results for the domain-specific trainingwith the real image
datasets: Red lines, yellow dots, and cyan dots indicate the predicted
graph edges, nodes, and keypoints (i.e., joints and leaf nodes). Our

method accurately estimates the target plant structures compared with
baseline methods, demonstrating the applicability of our method for
practical uses in plant science and agriculture

results, all methods correctly estimate the node positions.
The existing unconstrained method outputs isolated edges
and cycles. Although the two-stage and test-time constraint
methods enforce the tree structure constraint, they often pro-

duce incorrect edges. Compared to the baselines, our method
accurately generates the graph edges.

The above trend can be quantitatively confirmed in Table
3. The unconstrained method produces tree structures with
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Table 4 Results on generalized
training. Our method
significantly improves both the
shape and topology of the
predicted graph while enforcing
the given constraints, especially
for out-of-domain scenarios

Inner-domain datasets Method SMD ↓ TOPO score ↑ Tree rate
Prec. Rec. F1 [%]

Grapevine Two-stage 1.52 × 10−2 0.898 0.817 0.855 100.0

Unconstrained 3.58 × 10−4 0.956 0.398 0.562 0.0

Test-time constraint 1.29 × 10-4 0.876 0.792 0.832 100.0

Ours 1.57 × 10-4 0.885 0.798 0.839 100.0

LVD2021 leaf image Two-stage 6.36 × 10−3 0.924 0.772 0.842 100.0

Unconstrained 5.62 × 10−4 0.963 0.269 0.421 0.0

Test-time constraint 5.44 × 10-4 0.881 0.731 0.799 100.0

Ours 5.41 × 10-4 0.890 0.755 0.817 100.0

LVD2021 vein mask Two-stage 1.81 × 10−2 0.943 0.802 0.867 100.0

Unconstrained 4.20 × 10−4 0.979 0.309 0.470 0.0

Test-time constraint 3.86 × 10-4 0.931 0.803 0.862 100.0

Ours 3.75 × 10-4 0.948 0.836 0.888 100.0

MIPDB Two-stage 7.45 × 10−1 0.011 0.012 0.011 39.2

Unconstrained 1.74 × 10−3 0.843 0.357 0.502 0.0

Test-time constraint 1.55 × 10-3 0.703 0.623 0.660 100.0

Ours 1.61 × 10-3 0.723 0.653 0.686 100.0

Self-captured Two-stage 8.55 × 10−2 0.486 0.358 0.413 95.2

Unconstrained 2.12 × 10−3 0.912 0.354 0.510 1.2

Test-time constraint 1.68 × 10-3 0.747 0.648 0.694 100.0

Ours 1.92 × 10-3 0.747 0.642 0.691 100.0

Web-sourced Two-stage 3.36 × 10−1 0.331 0.188 0.240 72.0

Unconstrained 9.00 × 10−3 0.821 0.304 0.443 1.8

Test-time constraint 7.92 × 10-3 0.656 0.564 0.606 100.0

Ours 8.26 × 10-3 0.634 0.559 0.594 100.0

Out-of-domain datasets Method SMD ↓ TOPO score ↑ Tree rate
Prec. Rec. F1 [%]

Thickened L-system Two-stage 2.02 × 10−2 0.716 0.578 0.640 100.0

Unconstrained 6.61 × 10−5 0.955 0.389 0.553 0.0

Test-time constraint 5.61 × 10-5 0.843 0.754 0.796 100.0

Ours 5.59 × 10-5 0.892 0.795 0.841 100.0

LVD w/ background Two-stage 2.99 × 10−2 0.892 0.596 0.715 98.8

Unconstrained 2.40 × 10−2 0.834 0.213 0.340 0.8

Test-time constraint 2.34 × 10-2 0.678 0.450 0.541 100.0

Ours 2.22 × 10-2 0.725 0.502 0.594 99.8

Tree synthetic Two-stage 4.97 × 10−2 0.796 0.216 0.340 97.4

Unconstrained 1.16 × 10−2 0.929 0.085 0.156 0.1

Test-time constraint 8.57 × 10-3 0.767 0.347 0.478 99.8

Ours 7.34 × 10-3 0.772 0.352 0.483 100.0

Root Two-stage 9.50 × 10−1 0.032 0.005 0.008 5.0

Unconstrained 6.17 × 10−2 0.694 0.482 0.569 8.2

Test-time constraint 6.06 × 10-2 0.585 0.599 0.592 94.1

Ours 2.70 × 10-2 0.563 0.548 0.555 98.2

Italic values indicate the best score, and Bold values indicate the second best
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Fig. 7 Visual results
highlighting generalization
ability of domain-specific
training using the grapevine
dataset for (a) a grapevine tree
under a natural background and
(b–d) other tree species

(a)

(c)

(b)

(d)

only about 30 % probability, even though all the training
graphs form tree structures. Although introducing the test-
time constraint and two-stage methods improves the shape
and topology, there are still many incorrect estimates. Com-
pared to those baseline methods, our method significantly
improves both edge positions and graph topology.
Results on real datasets
Figure 6 shows the results of skeleton estimation for two
real-world datasets. For these figures, red lines, yellow dots,
and cyan dots indicate the edges, nodes, and keypoints (i.e.,
joints and leaf nodes), respectively. In agreement with the
synthetic results, our method predicts visually better struc-
tures, while the unconstrained model hardly produces tree
structures. The method with the test-time constraint clearly
produces false edges, as shown in the results for the grapevine
images. The two-stage method is often sensitive to the node
detection error, leading to unnecessary (cf. Fig. 6a) or miss-
ing (cf. Fig. 6b) keypoints. In these practical settings, our
end-to-end pipeline especially benefits from the simultane-
ous optimization of edge and node detection, resulting in
faithful predictions at both nodes and edges for real-world
datasets.

The quantitative results in Table 3 confirm the advantage
of our method for real-world scenes. Our method shows
particularly compelling results on grapevine datasets with
relatively complex branching structures, outperforming the
second-best method (test-time constraint) by approximately
30 % improvement on the edge accuracy evaluated by SMD.
Generalization ability of domain-specific training
Although the model is trained in a domain-specific manner,
ourmodel has a certain ability of generalization.Although the
model is trained with the Grapevine dataset with few back-

ground textures, it successfully works for grapevine images
with background textures (Fig. 7(a)) and for other tree species
(Fig. 7(b–d)). These results highlight the generalizability of
our method.

6.4.2 Results on generalized datasets

The evaluation of generalized datasets examines the model’s
performance across diverse plant structures. We group these
results into three aspects: (1) Inner-domain results, evaluat-
ing performance on datasets resembling the training distri-
bution; (2) Out-of-domain results, assessing adaptability to
novel conditions; and (3)Generalization ability, highlighting
performance on unseen and diverse data distributions.
Inner-domain results
Table 4 and Fig. 8 compares results across training-related
datasets, includinggrapevine,LVD2021 leaf image,LVD2021
veinmask,MIPDB, self-captured, andweb-sourced datasets.
We evaluate each method using the SMD, TOPO, and tree
rate metrics.

The two-stage method often generates a small number
of redundant nodes near actual branching points during the
node detection stage. These redundant nodes are typically
close to the actual keypoints. Since TOPO evaluates cor-
rectness by searching within a neighborhood around ground
truth keypoints, these redundant nodes increase the likeli-
hood of matching. As a result, both precision and recall
remain high.However, these redundant nodes introduce short
edges that misalign with the actual graph structure, signifi-
cantly increasing the SMD value.

In contrast, the unconstrained method generates numer-
ous independent nodes in areas where keypoints might exist.
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Fig. 8 Visual results on the inner-domain datasets. From top to bottom:
grapevine, LVD2021 leaf image, LVD2021 vein mask, MIPDB, self-
captured, and web-sourced datasets. The two-stage method sometimes
produces very few nodes (e.g., on the Self-captured dataset) or even
fails to generate any nodes (e.g., on MIPDB and web-sourced dataset).

On the grapevine and LVD2021 datasets, it frequently outputs multi-
ple redundant keypoints around actual nodes (visible as dense clusters
of blue markers), thereby inflating TOPO scores but also increasing
SMD. In contrast, our method achieves a more balanced performance,
maintaining stable TOPO scores and low SMD values

While this increases the chances ofmatching predicted nodes
to ground truth keypoints, many of these nodes fall out-
side TOPO’s search range. Consequently, TOPO precision
appears high due to the excess of predicted nodes, but recall
remains low as not all ground truth keypoints are matched.

The test-time constraint method provides a tree structure
at inference, improving TOPO scores and spatial coherence
compared to unconstrained predictions. However, because it
applies constraints only at inference time, it does not fully
leverage structural information to refine the model’s ability.
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Fig. 9 Visual results on the out-of-domain test datasets: thickened L-
system, LVD with background, tree synthetic, and root datasets (top to
bottom). The unconstrained method generates excessive isolated points
and disconnected components, inflating TOPO precision but reducing
recall due to poor keypoint coverage. In contrast, our method preserves

structural consistency, balancing TOPO precision and recall, and pro-
duces coherent tree structures. The root dataset highlights the difficulty
of detecting short and thin lateral roots, which remains challenging for
all methods

Still, the test-time constraint method is a strong baseline that
ensures tree structure while maintaining reasonable topolog-
ical fidelity.

Our method (ours) combines structural priors directly
into the learning process. Our method consistently outper-
forms or closely matches the performance of the test-time
constraint method in a wide range of datasets.

In summary, ours and the test-time constraint method are
the top contenders on the training datasets. The test-time
constraint method provides a simple baseline solution that
ensures tree structure by design. At the same time, ours fur-
ther refine the predictions by integrating tree constraints into
the inference process more naturally.
Out-of-domain results
The out-of-domain test datasets, including thickened L-
system, LVD with background, tree synthetic, and root
datasets, introduce additional complexity and distributional
shifts, testing the model’s generalization beyond training

conditions. Visual examples are shown in Fig. 9, and detailed
metrics are provided in Table 4.

On the thickened L-system dataset, both the test-time
constraint method and ours achieve near-perfect tree rates.
Our method achieves a higher TOPO F1 score and lower
SMD, showing that internally integrated structural priors can
better handle such domain shifts, producing more topologi-
cally coherent and spatially accurate outputs.

For theLVD with background dataset,whichmerges nat-
ural leaves and environmental variations, as discussed, the
two-stage method achieves a relatively high TOPO F1 but
suffers from poor SMD due to redundant nodes near branch-
ing points. Both the test-time constraint and our method
significantly improve SMD, with our approach achieving the
lowest value. This proves our method provides the most geo-
metrically accurate tree structures while balancing spatial
precision and topological correctness.

Our method outperforms all baselines on the tree syn-
thetic dataset, achieving the highest F1, lowest SMD, and
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Fig. 10 Visual results on the unlabeled web-sourced dataset, including flowers, rare plants, potted plants, and hand-drawn trees. These results
highlight the diversity of test cases and demonstrate our method’s generalization ability across different data domains and styles

123



International Journal of Computer Vision          (2026) 134:314 Page 17 of 48   314 

a 100 % tree rate. The lowest SMD further highlights the
robustness of our combined structural constraints and MST-
based pipeline in generating predictions that closely match
the ground truth.

Finally, on the root dataset, ours and the test-time con-
straint method perform well, achieving high tree rates.
Notably, our method achieves the lowest SMD, signifying
better spatial alignment with the ground truth while main-
taining comparable F1 scores and consistent topological
accuracy.
Generalization ability
To evaluate the generalization ability of our method, we
qualitatively test our method on the unlabeled web-sourced
test dataset. We search and download diverse datasets using
an extensive list of keywords, which include various plant
species, unique ferns, crops, and plants with distinct appear-
ances. These datasets feature significant variability, ranging
from rare species likeDionaeamuscipula tomajor crops such
as soybean and sugarcane, aswell as abstract hand-drawn tree
structures.

Some visual results are shown in Fig. 10. Our method
consistently performs well across these datasets, achieving
accurate graph reconstruction even in unusualmorphological
structures or abstract representations. For instance, themodel
performed well on flowers, rare species, potted plants, and
hand-drawn trees. The appendix shows more examples.

7 Conclusion

We present the first attempt at tree-constrained graph genera-
tion from a single image, especially useful for plant skeleton
estimation. Our method combines modern learning-based
graph generators and traditional graph algorithms, where
we project the unconstrained predictions onto constrained
graphs during the training loop. Our SFS layer behaves
to selectively suppress the gradient to be backpropagated,
which exploits the constraint cues from thenon-differentiable
graph algorithm (i.e., MST). Our method can be easily inte-
grated with off-the-shelf graph generators, as we develop
PlantPose based on RelationFormer.

Through extensive experiments on six training datasets
and four out-of-domain test datasets, we demonstrate that
PlantPose achieves state-of-the-art results on a wide range of
plant images. The strong performance of our model across
generalized datasets highlights the effectiveness and versa-
tility of the SFS layer in promoting robust generalization to
diverse and previously unseen data distributions. The com-
pelling results on both quantitative metrics and qualitative
evaluations underscore its practical utility for plant science
and agriculture.
Limitations

We use graph algorithms during each training iteration, tak-
ing a longer training time than unconstrainedmethods, where
fast GPU-based MST implementations (e.g., Vineet et al.
(2009)) can improve computational performance. The suc-
cess of ourmethod depends on the accuracy of the underlying
graph generation model, as we see a few undetected nodes
in the visual results.

Appendix A Details of SFS layer

A.1 Motivation

Our method infers a tree graph via MST as formulated in
Eq. (1)–Eq. (4) in the main paper. Our task’s goal is to
optimize the graph generation network so that the final out-
put (i.e., tree graph via MST) becomes similar to the
ground-truth tree graph. Since MST modifies the edge
availability in unconstrained inferences, the unconstrained
methods evaluating the unconstrained graph edges are indi-
rect. Instead, our method directly evaluates the quality of
the final output tree bymimickingMST.While experiments
highlight ourmethod’s benefit, the following theoretical anal-
ysis also supports this intuition.

A.2 Derivation

This section details the derivation of Eq. (10) in the main
paper. Tomake thismaterial self-contained,we repeat several
descriptions in the main paper.

As discussed in themain paper,we consider the edge prob-
abilities ŷ(i, j) = [ŷ+

(i, j), ŷ
−
(i, j)]� is usually computed through

the softmax activation σ applied to the output feature vector
of the final layer f̂(i, j) = [ f̂ +

(i, j), f̂ −
(i, j)]� as

ŷ(i, j) = σ (f̂(i, j))

=
[

exp( f̂ +
(i, j))

exp( f̂ +
(i, j))+exp( f̂ −

(i, j))
,

exp( f̂ −
(i, j))

exp( f̂ +
(i, j))+exp( f̂ −

(i, j))

]�
.

(A1)

The set of unconstrained graph edges Ê is then obtained
by comparing the edge existence probabilities as

Ê = {(i, j)|ŷ+
(i, j) > ŷ−

(i, j)}, (A2)

in which Ê records node pairs where the edge exists.
Suppose the projection function P converts the set of

unconstrained edge probabilities {ŷ(i, j)} to a set of con-
strained edges E . Let the difference of two sets be E+ =
E − Ê and E− = Ê − E , denoting the sets of edges newly
added and removed by the projection. To mimic the discrete
(and non-differentiable) inferences byP in the differentiable
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end-to-end learning, we modify the edge features corre-
sponding to E+ ∪ E− in the differentiable forward process.
Here, we want to get the edge probabilities that approximate
the constrained edges E , which can be denoted as

y(i, j) =

⎧
⎪⎨

⎪⎩

[ 1 , 0 ]� ((i, j) ∈ E+)

[ 0 , 1 ]� ((i, j) ∈ E−)
[
ŷ+
(i, j), ŷ

−
(i, j)

]�
(otherwise).

(A3)

∼

⎧
⎪⎨

⎪⎩

[1 − ε, ε ]� ((i, j) ∈ E+)

[ ε , 1 − ε]� ((i, j) ∈ E−)
[
ŷ+
(i, j), ŷ

−
(i, j)

]�
(otherwise).

(A4)

When ε is small enough, the constrained output y(i, j) per-
fectly mimics the output by the projection function P . Our
goal is to modify the feature vector f̂(i, j) so that it makes the
probabilities as Eq. (A4) through the softmax activation.

In the SFS layer, we replace the features as

f −
(i, j) := −� ((i, j) ∈ E+)

f +
(i, j) := −� ((i, j) ∈ E−),

(A5)

where � is assumed to be large enough. Given modified
features f(i, j) = [ f +

(i, j), f −
(i, j)]�, the softmax activation σ

normalizes and converts them to edge probability y(i, j) as

y(i, j) =

⎧
⎪⎨

⎪⎩

σ ([ f̂ +
(i, j), −� ]�) ((i, j) ∈ E+)

σ ([ −� , f̂ −
(i, j)]�) ((i, j) ∈ E−)

σ ([ f̂ +
(i, j), f̂ −

(i, j)]�) (otherwise).

(A6)

Without loss of generality, we discuss the case in (i, j) ∈
E+. Substituting Eq. (A6) into Eq. (A1) yields

y(i, j) =
[

exp( f̂ +
(i, j))

exp( f̂ +
(i, j))+exp(−�)

,
exp(−�)

exp( f̂ +
(i, j))+exp(−�)

]�

=
[

exp( f̂ +
(i, j))

exp( f̂ +
(i, j))+ε′ ,

ε′
exp( f̂ +

(i, j))+ε′

]�
((i, j) ∈ E+),

where ε′ = exp(−�) ∼ 0 when � is large enough, leading
to y(i, j) = [1 − ε, ε]� as in Eq. (A4) by denoting ε =

ε′
exp( f̂ +

(i, j))+ε′ ∼ 0.

A.3 Detailed analysis

We describe a detailed analysis of our reparameterization
layer. As described in (9), the unconstrained edge feature
between i and j-th nodes f̂(i, j) = [ f̂ +

(i, j), f̂ −
(i, j)]� is converted

to constrained prediction of the edge availability y(i, j) =
[y+

(i, j), y
−
(i, j)]� by selectively suppressing unwanted feature

values.

When using the cross-entropy loss LCE to evaluate the
availability of the graph edges, the derivative to be back-
propagated to the backbone graph generator is9

∂LCE

∂ f̂
=

⎧
⎪⎨

⎪⎩

[
(1 − ε) − t+, 0

]�
((i, j) ∈ E+)

[
0 , (1 − ε) − t−

]�
((i, j) ∈ E−)

[
y+ − t+ , y− − t−

]�
(otherwise),

(A7)

∼

⎧
⎪⎨

⎪⎩

[
1 − t+ , 0

]�
((i, j) ∈ E+)

[
0 , 1 − t−

]�
((i, j) ∈ E−)

[
y+ − t+, y− − t−

]�
(otherwise),

(A8)

where t = [t+, t−]� denotes the ground truth edge existence
and non-existence for the node pair (i, j). Our method mod-
ifies the computation graph of the network when the MST
algorithm does not agree with the output of the graph gener-
ation model (i.e., (i, j) ∈ E+ ∪ E−), but in different ways
for derivatives of each feature value ∂LCE

∂ ˆf + or ∂LCE

∂ ˆf − .

Table 5 summarizes the case-by-case behavior, in which
we can categorize the behaviors of the SFS layer into eight
cases. Hereafter, we use E∗ � E+ ∪ E−.
Case (i, j) /∈ E∗ (Cases 1, 2, 5, 6)When the graph algorithm
(i.e., MST) does not modify the edge availability (i.e., cases
1, 2, 5, and 6 in the table), the behavior is the same as the
usual cross-entropy loss for unconstrained edges.
Case (i, j) ∈ E∗ & y ∼ t (Cases 4, 7) In these cases, the
MST algorithm correctly suppresses the unwanted features,
where the constrained prediction y becomes the approxima-
tion of the ground-truth edge availability t. The loss value
becomes small, and the derivative is ∂LCE

∂ f̂
∼ 0. This is nat-

ural since our constrained graph generator produces correct
predictions.
Case (i, j) ∈ E∗ & y � t (Cases 3, 8) In these cases, MST
incorrectly modifies the edge availability, i.e., the node pair
(i, j) belongs to E+ or E−, but the constrained prediction
y does not fit the ground truth t. Here, we mathematically
discuss the behavior in these cases. Without loss of general-
ity, we focus on Case 3, where MST incorrectly removes an
edge and compares the methods with and without tree-graph
constraints using the SFS layer.
Case 3 (MST incorrectly removes an edge)
The followingdiscussions canbe straightforwardly extended
to Case 8, where MST incorrectly adds an edge.
Conditions:

• Unconstrained prediction (edge exists): f̂ + > f̂ −,
• MST removes the edge: (i, j) ∈ E−,
• GT edge availability (edge exists): [t+, t−] = [1, 0].

9 We omit the subscript (i, j) for simplicity.

123



International Journal of Computer Vision          (2026) 134:314 Page 19 of 48   314 

Table 5 Case-by-case analyses of our reparameterization layer

Case Feats & probs GT Loss Approx. derivatives Modified by MST

f̂ (i, j) y t LCE
∂L CE

∂ f̂ +
∂L CE

∂ f̂ −

∣
∣
∣
∂L CE

∂ f̂ +

∣
∣
∣

∣
∣
∣
∂L CE

∂ f̂ −

∣
∣
∣

1 + + [1, 0]� ↓ y+−1 y− ↓ ↓ Unmodified

2 + + [0, 1]� ↑ y+ y−−1 ↑ ↑ Unmodified

3 + E− − [1, 0]� ↑ 0 1 ↓ ↑ Incorrect

4 + E− − [0, 1]� ↓ 0 0 ↓ ↓ Correct

5 − − [1, 0]� ↑ y+−1 y− ↑ ↑ Unmodified

6 − − [0, 1]� ↓ y+ y−−1 ↓ ↓ Unmodified

7 − E+ + [1, 0]� ↓ 0 0 ↓ ↓ Correct

8 − E+ + [0, 1]� ↑ 1 0 ↑ ↓ Incorrect

For the columns of unconstrained features f̂ , constrained prediction y, and the ground truth edge availability t, the table shows the index of the
larger element. For example, the column f̂ will be + when the edge feature for the positive edge availability is larger, i.e., ˆf + > ˆf −. The column
(i, j) displays E+ or E− if the MST algorithm modifies the edge availability (in which the rows are also highlighted). For the remaining columns,
↑ and ↓ denote each value becoming (relatively) large or small, respectively

Unconstrained method (without SFS layer)
The gradient at f̂ + by the unconstrained method is

∂Lunconst

∂ f̂ + = exp( f̂ +)

exp( f̂ +) + exp( f̂ −)
− 1. (A9)

Since f̂ + > f̂ −, it takes the value in the range of (−0.5, 0).
Similarly,

∂Lunconst

∂ f̂ − = exp( f −)

exp( f −) + exp( f +)
− 0, (A10)

thus the gradient at f̂ − is inside (0, 0.5). Thus, the gradient
vector ∂Lunconst

∂ f̂
is always shorter than [−0.5, 0.5]� (corre-

sponding to the special case f̂ + = f̂ −).
Constrained method (Ours)
As described in Eqs. (A7) and (A8), our method yields the
gradient as

∂Lconst

∂ f̂ + = 0,
∂Lconst

∂ f̂ − = 1 − ε ∼ 1,

i.e., ∂Lconst

∂ f̂
∼ [0, 1]�.

Comparisons
While both methods control the features to increase the
edge availability, the relation of gradient vectors ‖ ∂Lconst

∂ f̂
‖ >

‖ ∂Lunconst

∂ f̂
‖ always holds, which means our method strongly

penalizes the incorrect estimates byMSTby directly compar-
ing the final estimation (i.e., tree graph)with the ground-truth
edge availability, which highlights our key motivation—a
direct control of the tree-constrained graph generation.

Appendix B Dataset Details

Wedescribe the details of the datasets used in our experiment.

B.1 Domain-specific datasets

Synthetic tree pattern dataset
To prepare the synthetic dataset, we implement a genera-
tor of two-dimensional tree patterns based on the L-system
(Lindenmayer, 1968), a formal language for describing the
growth of the structural form. The L-system recursively
applies rewriting rules to the current structure to simulate
the growth of branching structures.

Figure 11 shows the initial structures and the rewriting
rules we used. At the beginning of the tree generation, an
initial sequence is randomly chosen from the pre-defined
sequences marked with a purple frame in the figure. At each
iteration during the tree generation, the leaf edges (“A” in the
sequences) are replaced by a randomly chosen pattern from
eight pre-defined ones. A simple example is shown in Fig. 12.
We iterate the rewriting process a maximum of three times
to generate a tree pattern. We also add randomness to the
branch length and joint angles in our dataset. We randomly
choose a branch length of scaling [0.5, 2.5] and joint angles
of [10◦, 35◦].
Root dataset
For the root dataset, the structure of the early-growing roots of
Arabidopsis is manually annotated. The structures are anno-
tated by placing points (i.e., graph nodes) on the root path,
where the distance between neighboring points may vary
depending on the annotator and the images. We, therefore,
resample the graph nodes with the same intervals. Starting
from keypoints with the degree �= 2 (i.e., joints and leaf
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A0

F0[-A0] F0[+A0]

F0[-A0]F0[+A0]A0 F0[+A0][-A0]

F0[+A0]A0

F0[+A0]F0[-A0]A0

F0[-A0]A0

Fig. 11 Atomic structures used for synthetic dataset generation. Three pre-defined initial structures are highlighted in purple. Eight pre-defined
rewriting rules are used during the generation

(a) Initial structure (b) Rewriting rule (c) After rewriting process

Fig. 12 An example of the rewriting process. Suppose the initial struc-
ture is represented as F0[+A0]F0[-A0]A0. If a rewrite rule F→F;
A→F[-A] is applied, i.e., F remains unchanged and A becomes F[-A],

the result of the rewrite process is F0[+F1[-A1]]F0[-F1[-A1]]F1[-A1].
The digits in the sequences indicate the number of times the rewrite is
applied

nodes), we sample nodes at intervals of 8 pixels along con-
tinuous branch segments.

For data augmentation, we apply flipping, rotation, crop-
ping, noise, lighting, and scaling on the original images.
Supposing the roots are almost aligned at seeding, we limit
the range of rotation angles in [−9◦,+9◦].
Grapevine dataset

We use the 3D2cut Single Guyot Dataset (Gentilhomme et
al., 2023) containing manual annotations on branch struc-
tures. We perform data augmentation with rotation angles
in [−15◦,+15◦] in the same manner as Gentilhomme et al.
(2023). This dataset also contains the classification of nodes
(four classes) and edges (five classes) related to biological
meanings. Since the existing two-stage method (Gentil-
homme et al., 2023) estimates these categories, we follow
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the same setup for the two-stage baseline method (refer to
the next section for detailed discussions). For the other meth-
ods, including our PlantPose implementation,weuse only the
binary class information (i.e., branch availability) for gener-
alizability.

B.2 Generalized datasets

B.2.1 Training datasets

Grapevine dataset (Gentilhomme et al., 2023) For the
grapevine dataset, we used the same data described in
the domain-specific datasets (Gentilhomme et al., 2023).
Notably, the grapevine dataset has an average edge length
of approximately 12.8 pixels, closely matching our 13-pixel
sampling interval. This dataset also contains highly detailed
annotations of plant biological joints, which are critical for
capturing the structural semantics of plants. To preserve the
dataset’s biological accuracy and annotation quality, we did
not apply additional resampling to the grapevine dataset.

We applied extensive augmentations for the grapevine
images, including translation, flipping, rotation, brightness
adjustment, aspect ratio modification, and scaling. This pro-
cess expanded the training set tenfold, resulting in 12, 020
training images alongside 150 validation and 151 test images.

LVD2021 leaf image dataset (Li et al., 2022) The Leaf
Vein Dataset 2021 (LVD2021) (Li et al., 2022) provides
high-resolution RGB images of leaf veins with pixel-level
annotations. The leaf images were captured against a white
background, offering a clear visual contrast for leaf structure
analysis. We applied the same augmentation techniques used
for the grapevine dataset. This process expanded the training
set tenfold, resulting in 18, 580 training images alongside
232 validation and 232 test images. The class distribution
of the leaf species in the train, validation, and test splits is
summarized in Table 6.

LVD2021 vein mask dataset (Li et al., 2022) The
LVD2021dataset also includes highly detailedveinmasks for
structural segmentation. From these vein masks, we extract
three graphs by converting themasks into skeletons and iden-
tifying endpoints and joints based on the degree of each pixel.
The vein masks are particularly valuable because real-world
tree structures are not limited to captured or synthetic plant
images but also exist in simplified forms, such as sketches or
abstract drawings. Including vein masks in the training regi-
men enhances the model’s robustness to simplified structural
inputs like sketches or abstract drawings. The class distribu-
tion of the leaf species in the train, validation, and test splits
is the same as the LVD2021 leaf image dataset. Unlike the
leaf images, the vein masks were treated as synthetic data
without augmentation, yielding 1, 858 training images, 232
validation images, and 232 test images.

MIPDB dataset (Wang et al., 2024) The MIPDB dataset
(Wang et al., 2024), a maize image-phenotype database, con-
tains over 28, 000 high-resolution images annotated using
a precise point-line method. To prepare the dataset for
graph-based analysis, we segmented the field images into
single-plant views by clustering annotated points, ensuring
that each resulting image contained only one complete plant.
To prepare the dataset for graph-based analysis, we applied
preprocessing steps (detailed in later sections) to convert
the field images into single-plant tree-structured graphs. The
final dataset consists of 12, 992 training images, 249 valida-
tion images, and 250 test images. Due to the dataset’s large
size and diversity, we did not apply data augmentation.

Self-captured dataset We collected images of common
plants, including cherry blossoms, ginkgo trees, pine trees,
and a few flowers and grasses. The dataset includes 817
images, divided into 652 training images, 82 validation
images, and 83 test images. Data augmentation expanded
the training set to 13, 040 images.

Web-sourced dataset We collected and organized addi-
tional data from publicly available images of various plants,
including potted, coconut, and lemon trees. The dataset com-
prises 1, 654 images, divided into 1, 320 training images,
166 validation images, and 168 test images. The training set
was augmented tenfold to 13, 200 images. We summarize
the class distribution of the web-sourced dataset across the
train, validation, and test splits in Table 7.
Additional preprocessing details
For the newly captured or collected images, namely the self-
captured and web-sourced datasets, we manually annotate
the branch paths.

For the MIPDB dataset, the original annotations were not
provided as direct graphs but as sequential points along each
branch. We convert them to a tree graph in a greedy man-
ner to ensure a coherent tree structure. We first identify the
longest branch as the initial tree structure. For every other
branch, we compute the distances from its endpoints to each
segment of the pre-computed tree structure and connect the
branch endpoint closest to the pre-computed tree. By itera-
tively adding the newly connected branches to the tree and
repeating this process, we ensure that the final graph becomes
a single connected tree.

For the LVD2021 leaf image and vein mask datasets, we
first skeletonize the vein masks to extract veins as lines. By
treating each pixel as a node and connecting adjacent nodes,
we convert the masks to tree graphs that preserve the leaf
vein topology.

B.2.2 Out-of-domain test datasets

The out-of-domain test datasets consist of four distinct
sources; images are processed to have their nodes at 13-pixel
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Table 6 Leaf category
distribution of the LVD2021 leaf
image and vein mask datasets
across train, validation, and test
splits

Leaf Category Train Val Test Leaf Category Train Val Test

Forsythia Suspensa 83 13 7 Sycamores 48 5 8

Fructus Xanthii 32 1 6 Lilac 50 10 12

Grape 70 7 12 Persimmon 7 2 2

Morning Glory 80 5 8 Smoke Tree 105 8 6

Apricot 85 7 8 Vitex Negundo Var 96 13 10

Chenopodium Album 94 14 13 Elm 77 14 12

Callistephus Chinensis 50 6 12 Holly 45 6 2

Walnut 69 9 10 Poplar 144 17 18

Maple Tree 109 16 9 Chinese Redbud 83 16 15

Amaranth 104 10 10 Hackberry 55 6 8

Honeysuckle 52 3 6 Crataegus Pinnatifida 68 8 4

Sweet Potato 87 10 11 Mirabilis Jalapa 47 8 10

Cedar 81 16 13

Mulberry 26 2 – Virginia Creeper 1 – –

Thistle 9 – – Hibiscus 1 – –

Table 7 Plant category
distribution of the Web-sourced
dataset across train, validation,
and test splits

Plant Category Train Val Test Plant Category Train Val Test

Pomegranate 144 16 21 Mango 156 20 19

Plum 125 12 14 Almond 2 – –

Coconut 525 67 69 Mulberry 1 – –

Apricot 192 24 25 Cherry 1 – –

Lemon 173 27 20 Fig 1 – –

intervals same as the training datasets for consistency.Details
of each dataset are provided below.

Thickened L-system dataset The thickened L-system
dataset shares the same generation rules as the L-system
synthetic dataset from the domain-specific datasets. To dis-
tinguish this dataset from the fine, curved lines in the
LVD2021 vein mask dataset, we increased line thickness and
employed straight branches.

Root dataset The root dataset is identical to the root
dataset used in the domain-specific datasets. Here, we com-
bine all the data into a single test set for out-of-domain
evaluation. To ensure consistency, we applied the same 13-
pixel resampling process, reducing the maximum number of
nodes from 117 to 71 per graph. This adjustment ensures
uniform spacing between nodes, aligning with the structural
standards of other datasets.

Tree synthetic dataset We employed a more advanced
modular tree framework (mtree)10, which generates more
complex, irregularly branching trees with variable thickness
and realistic growth patterns. We rendered these synthetic
tree images onto 1,408 natural backgrounds curated by
environment-based keyword searches (e.g., forests, mead-

10 https://github.com/MaximeHerpin/modular_tree, last accessed on
December 20, 2024.

ows, deserts, wetlands, savannahs) under varying conditions
(e.g., sunny, shaded, foggy, or rainy). This diverse environ-
mental context enhances the dataset’s complexity, allowing
the model to adapt to lighting, density, and environmental
features.

LVD with background dataset The LVD with back-
ground dataset augments the LVD2021 leaf images by plac-
ing them against 627 diverse natural backgrounds sourced
from publicly available images. We applied various trans-
formations (translation, flipping, rotation, brightness/scale
adjustments) to introduce random variation in leaf appear-
ance and positioning. The resulting dataset comprises 500
test images, providing an out-of-domain challenge for the
model to adapt to varying backgrounds and leaf distortions.

Unlabeled web-sourced test dataset We also test our
PlantPose qualitatively for a variety of plant images sourced
online, but drawn from plant species not present in the
web-sourced training dataset, to assess our method for a
completely unseen distribution. This dataset does not have
ground-truth annotations. This dataset was curated specifi-
cally to evaluate the generalization capability of our model
on out-of-training-distribution data.
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Table 8 Quantitative comparisons between our re-implementation of Gentilhomme et al. (2023) and our two-stage baseline implementation

Method SMD ↓ TOPO score ↑ MSE ↓
Prec. Rec. F1 Node confidence Edge direction

Re-implementation of Gentilhomme et al. (2023) 3.84 × 10−3 0.459 0.365 0.406 6.95 × 10−3 1.01 × 10−2

Our implementation of two-stage method 4.24 × 10−4 0.677 0.589 0.630 1.19 × 10−3 2.67 × 10−3

Appendix C Details of Baseline Methods

Wedescribe the implementation details for the baselinemeth-
ods: The two-stagemethod and the method with the test-time
constraint. Note the implementation for the other baseline,
the unconstrained method, is identical to the original Rela-
tionFormer (Shit et al., 2022).

C.1 Two-stage baseline

Our experiment implements a two-stage baseline involving
skeletonization and graph optimization. This baseline imple-
mentation is based on ViNet (Gentilhomme et al., 2023), a
state-of-the-art plant skeleton estimation method. Since the
implementation of Gentilhomme et al. (2023) is not publicly
available, we re-implement the method with reference to the
descriptions in the paper. Through the re-implementation, we
find room for improvement in the two-stage baselinemethod.
Table 8 compares the performance of our two-stage imple-
mentation with a naive re-implementation of Gentilhomme
et al. (2023). The SMD and TOPO scores are the same met-
rics used in the main paper, and we also compare the mean
squared error (MSE) of thefirst-stage output of bothmethods.
Our implementation achieves a better performance; thus, we
use the improved version for our experiment. In the follow-
ing, we describe the implementation details.
First stage: Skeletonization
Similar to ViNet (Gentilhomme et al., 2023), the first stage
of our implementation outputs the prediction of node and
edge positions as single-channel confidence maps and two-
channel vector fields (hereafter referred to as node confidence
maps and edge direction maps, respectively). This step is
similar to a widespread human pose estimation method, i.e.,
OpenPose (Cao et al., 2017), which jointly estimates the con-
fidence of person keypoints and the Part Affinity Fields (i.e.,
two-channel vector fields).

While ViNet (Gentilhomme et al., 2023) uses a sequence
of residual blocks followed by the Stacked Hourglass Net-
work (Newell et al., 2016) for this stage, we use a pre-trained
ResNet50 (He et al., 2016) for image feature extraction. This
is for a fair comparison to our PlantPose implementation,

which also uses ResNet50 as the backbone11. We implement
an architecture like the Feature PyramidNetwork (FPN) (Lin
et al., 2017), illustrated in Fig. 13, to decode the node & edge
maps from the image features. Figure 14 visually compares
the estimated node & edge maps, showing a better accuracy
by our two-stage implementation.

The original ViNet estimates multiple classes of nodes
(four classes) and edges (five classes) as different maps for
the grapevine dataset. Compared to just using binary classes
(i.e., a branch exists or not), our two-stage implementation
also yields better estimation accuracies using the multiple
classes (SMD in 4.2×10−4 with multi-class and 1.4×10−2

with binary classes). Therefore, we use the multi-class setup
for our two-stage implementation of the grapevine dataset.
For the other dataset, we use binary classification since we
do not have specific class information.
Second stage: Graph algorithm
Given the node confidence and edge direction maps, ViNet
(Gentilhomme et al., 2023) first extracts the node positions,
followed by the computation of the resistivity between each
node pair, defined using the edge directions and theEuclidean
distance between nodes. The final estimates of the graph
structure are generated using the Dijkstra algorithm, where
the tree structure is obtained by computing the shortest paths
from all nodes to the detected root crown. The resistivity is
used as the edge cost for the Dijkstra algorithm.

For the second stage, we follow the method in Gentil-
homme et al. (2023) except for the graph algorithm used;
namely, we compute MST instead of the shortest paths given
by the Dijkstra algorithm, since usingMST reduces the SMD
metric to 4.2×10−4, compared to 5.9×10−4 using the Dijk-
stra algorithm for the grapevine dataset.
Detailed parameter settings
The two-stagemethod involves heuristic parameters for node
and edge detection. Therefore, we empirically select the best
parameter sets for each dataset. Table 9 lists the detailed
parameters. In particular, for the root dataset, we need to
carefully tune some hyperparameters (namely, d, τm , and τn
in the table) to yield reasonable estimates, where the con-
figurations yielding the best SMD scores are reported in the
main paper.

11 ResNet50 is actually used as the node detection module in Relation-
Former (that is based on Deformable DETR (Zhu et al., 2021)), which
is the basis of our PlantPose, and we inherited its implementation.

123



  314 Page 24 of 48 International Journal of Computer Vision          (2026) 134:314 

4
,

4

8
,

8

16
,
16

 
32

,
32

8
,

8

16
,
16

 
32

,
32

Pre-trained ResNet50 module

Decoder

Node confidence maps

Edge direction maps

Down sampling

Up sampling

Concatenation

Fig. 13 Network architecture for the first (skeletonization) stage of our two-stage baseline method
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Fig. 14 Visual comparisons between a re-implementation of Gentilhomme et al. (2023) and our two-stage baseline implementation. Our imple-
mentation yields better node confidence and edge direction maps, which are the outputs of the first stage of these methods

Table 9 Parameters used for the two-stage baseline method

Dataset Image size Map size Node confidence Edge direction Node search distance Thresholds for node detection
(W, H) [px] (W, H) [px] diameter [px] width [px] d [px] τm τn

Synthetic 512, 512 512, 512 4 5 9 0.97 0.5

Root 570, 190 570, 190 3 5 7 0.99 0.3

Grapevine 1008, 756 256, 256 3 10 25 0.97 0.5

d denotes the distance threshold for the local maximum value search (i.e., non-maximum suppression) of node candidates. τm and τn are used as
the thresholds for node detection from the confidence maps. For the detailed definitions, refer to the original paper (Gentilhomme et al., 2023)
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C.2 Test-time constraint baseline

For the test-time constraint baseline, we apply MST only
in the inference phase, where the graph generator is trained
using the same procedure as the unconstrained method. The
MSTused in this baselinemethod is identical to our proposed
one.

Appendix D Performance Analysis

In this section, we present a detailed analysis of the per-
formance of our proposed method. The effectiveness of our
method is evaluated through comprehensive experiments in
different scenarios. Specifically, we compare our method
with the Auto-regressive (AR) model, and we also analyze
the performance when our method is applied solely during
the training process.

D.1 Comparison with auto-regressive method

Whilewe implement the tree-graph constraint on the state-of-
the-art non-autoregressive graph generator, RelationFormer
(Shit et al., 2022), other choices of constrained graph gener-
ation are viable. Existing works aiming for tree-constrained
graph generation, such as in molecule structure estimation
(Ahn et al., 2022; Jin et al., 2018, 2020), use auto-regressive
graph generation. AR methods are a simpler choice for
imposing the constraint since it is relatively straightforward
to implement the tree-graph constraint in their graph devel-
opment process. However, since the auto-regressive methods
generate graph nodes and edges progressively, they are prone
to breakdowns due to changes in the output order or errors
during the generation. This tendency is particularly pro-
nounced for relatively large graphs, including our setup.

To assess the potential of auto-regressive methods, we test
the state-of-the-art transformer-based auto-regressive graph
generator, Generative Graph Transformer (GGT) (Belli &
Kipf, 2019). Table 10 compares our method and several vari-
ances of GGT on the synthetic tree pattern dataset. The
results show that the accuracy of GGT falls short com-
pared to our method, although the vanilla GGT (the top row)
mostly outputs tree graphs (92 %) without explicitly impos-
ing the tree-graph constraint. We identified that errors by
GGT occurring at a particular step in the auto-regressive gen-
eration process continuously cause errors in the sequence of
the following generations. The GGT was initially designed
for small datasets, specifically for graphs with |V | ≤ 10. For
our setup, where |V | ≥ 100, generating these long sequences
in a specific order presents a significant challenge.

D.2 Effectiveness of tree-constraint during training

To assess whether our SFS layer (positively) affects the
training process itself or not, we evaluate our method with-
out using the SFS layer and the MST algorithm during
the inference phase, i.e., introducing constraint only during
the training phase (called train-time constraint hereafter).
Table 11 summarizes the performances. Inducting the tree
constraint during the training phase mostly outperforms the
methods without constraints, meaning that the improvement
by our method is based on network improvement by the loss
propagated via the SFS layer. We also checked the change in
the accuracy metric during training, and found our method
consistently achieved better accuracy from the beginning of
the training.

Appendix E Other Design Choices

The experiments in the main paper already provide some
ablation studies, namely, comparisons of our method with 1)
graph generation without constraint (unconstrained), and 2)
a method without using MST in the training loop (test-time
constraint). Here, we delve further into the potential design
choices of our PlantPose model.

E.1 Other graph generators

Although the proposed module, the SFS layer, can be easily
integrated into graph generators other than RelationFormer
(Shit et al., 2022), we found that no methods but our Plant-
Pose implementation achieve satisfactory results. Here, we
discuss the results of the implementation of our method to
the AR graph generator, GGT (Belli & Kipf, 2019), which
achieves the second-best accuracy for multiple datasets fol-
lowing the state-of-the-art RelationFormer.

Table 10 in the last section compares the GGT with
and without the tree-graph constraint. Compared to the
GGT with test-time MST, using our SFS layer on top of
GGT improves both SMD and TOPO scores12, although the
accuracy is insufficient in practice due to the drawbackofAR-
based generation processes discussed above.Using the newer
RelationFormer model significantly improves the estimation
accuracy, which implies that our SFS layer will benefit from
the future development of graph generation models.

E.2 Using node distances for edge cost in MST

Although our proposed method uses the edge non-existence
probabilities {ŷ−

(i, j)} as the edge cost for the MST algorithm,

12 GGT w/ SFS layer does not achieve 100 [%] tree rate because it
sometimes fails to generate any graphs.
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Table 10 Comparisons of different graph generation models (i.e., RelationFormer (Shit et al., 2022) and GGT (Belli &Kipf, 2019)) on the synthetic
dataset

Method SMD ↓ TOPO score ↑ Tree rate
Prec. Rec. F1 [%]

GGT (Belli & Kipf, 2019) 2.71 × 10−3 0.635 0.537 0.582 92.06

GGT w/ test-time constraint 4.13 × 10−3 0.620 0.545 0.580 98.10

GGT w/ SFS layer 2.80 × 10−3 0.652 0.584 0.616 99.63

RelationFormer (Shit et al., 2022) w/ SFS layer (Ours) 4.78 × 10−6 0.986 0.968 0.977 100.0

Table 11 Quantitative results
with additional baseline,
train-time constraint

Dataset Method SFS SMD ↓ TOPO score ↑ Tree rate
Prec. Rec. F1 [%]

Synthetic Unconstrained 1.43 × 10−5 0.978 0.929 0.953 36.2

Test-time 6.26 × 10−6 0.977 0.953 0.965 100.0

Train-time � 8.44 × 10−6 0.987 0.954 0.970 56.5

Ours � 4.78 × 10−6 0.986 0.968 0.977 100.0

Root Unconstrained 1.19 × 10−4 0.831 0.633 0.719 35.9

Test-time 1.52 × 10−4 0.829 0.771 0.799 100.0

Train-time � 7.81 × 10−5 0.853 0.619 0.718 37.2

Ours � 8.82 × 10−5 0.861 0.807 0.833 100.0

Grapevine Unconstrained 1.45 × 10−4 0.963 0.559 0.708 0.0

Test-time 1.47 × 10−4 0.896 0.840 0.867 100.0

Train-time � 1.30 × 10−4 0.965 0.566 0.713 0.0

Ours � 1.03 × 10−4 0.899 0.843 0.870 100.0

inspired by the two-stage method that uses node distance
for the edge cost computation, we multiply the Euclidean
distance between nodes by our original edge cost.

As a result, SMD with modified edge cost does not
improve accuracy (it achieves the same SMD as our method
in theGrapevine dataset). A possible reason for this is that the
graph generator itself can take the node distance into account
when estimating graph edges. Therefore, we simply use the
edge non-existence probabilities {ŷ−

(i, j)} as the edge cost for
our method.

E.3 Ablation for3

An important hyperparameter in ourmethod is�, which con-
trols the level of suppression for unwanted features. Here, we
report an ablation study for this parameter using thegrapevine
dataset. Table 12 shows that our choice (� = 10) achieves
better, while the changes in � do not significantly affect the
overall accuracy as long as exp(−�) is close enough to zero.
This result indicates that our method is robust to the hyper-
parameter setting.

Appendix F Additional Visual Results

F.1 Results on domain-specific training

We first present the results of domain-specific training. Fig-
ures 15 and 16 show the additional results for the synthetic
and root datasets, respectively. Figures 17 and 18 show the
results for the grapevine dataset. Figure 19 shows the results
for out-of-domain testing.

These results consistently demonstrate the high-fidelity
estimation of plant skeletons by our PlantPose, which uses
the SFS layer that incorporates the constraints while training
graph generation models.

F.2 Results on generalized training

We present the results of the training using generalized
datasets. Figures 20 to 25 illustrate the visual outputs for the
six training datasets, showcasing the diversity and structural
complexity captured by our model. Figures 26 to 29 display
the results for the four out-of-domain test datasets, which
assess the model’s ability to generalize to unseen structure
and contexts. Finally, Figures 30 to 31 demonstrate the per-
formance on the unlabeled web test dataset, which further
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tniartsnoc  emit-tseThturt dnuorG sruOdeniartsnocnUTwo-stage

Fig. 15 Additional results for the synthetic branch pattern dataset (domain-specific training)
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tniartsnoc  emit-tseThturt dnuorG sruOdeniartsnocnUTwo-stage

Fig. 16 Additional results for the root dataset (domain-specific training)
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tniartsnocemit-tseThturtdnuorG sruOdeniartsnocnUTwo-stage

Fig. 17 Additional results for the grapevine dataset (domain-specific training)
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tniartsnocemit-tseThturtdnuorG sruOdeniartsnocnUTwo-stage

Fig. 18 Additional results for the grapevine dataset (domain-specific training, cont’d)
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Table 12 Ablation for �
� SMD ↓ TOPO score ↑

Prec. Rec. F1

2 (exp(−�) = 1.4 × 10−1) 1.51 × 10−4 0.871 0.803 0.836

5 (exp(−�) = 6.7 × 10−3) 1.27 × 10−4 0.866 0.799 0.831

10 (exp(−�) = 4.5 × 10−5) 1.03 × 10−4 0.899 0.843 0.870

100 (exp(−�) = 3.7 × 10−44) 1.07 × 10−4 0.886 0.830 0.857

Fig. 19 Additional results for the out-of-domain test dataset (trained on the grapevine dataset)

evaluates the model’s capability to handle out-of-training-
distribution data.

These results consistently demonstrate the high-fidelity
estimation of plant skeletons by our PlantPose, which gen-
eralizes effectively across diverse datasets, including real-
world, synthetic, and out-of-training-distribution images.

Notably, the model accurately captures structural variations
and environmental contexts, highlighting its robustness and
generalization capability.
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tniartsnoc  emit-tseThturt dnuorGInput image sruOdeniartsnocnUTwo-stage

Fig. 20 Additional results for the grapevine dataset (generalized training)
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tniartsnoc  emit-tseThturt dnuorGInput image sruOdeniartsnocnUTwo-stage

Fig. 21 Additional results for the LVD2021 leaf image dataset (generalized training)

123



  314 Page 34 of 48 International Journal of Computer Vision          (2026) 134:314 

tniartsnoc  emit-tseThturt dnuorG sruOdeniartsnocnUegami tupnI Two-stage

Fig. 22 Additional results for the LVD2021 leaf vein mask dataset (generalized training)
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tniartsnocemit-tseThturtdnuorG sruOdeniartsnocnUegamitupnI Two-stage

Fig. 23 Additional results for the MIPDB dataset (generalized training)
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tniartsnocemit-tseThturtdnuorG sruOdeniartsnocnUegamitupnI Two-stage

Fig. 24 Additional results for the self-captured dataset (generalized training)
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tniartsnocemit-tseThturtdnuorG sruOdeniartsnocnUegamitupnI Two-stage

Fig. 25 Additional results for the web-sourced dataset (generalized training)
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tniartsnoc  emit-tseThturt dnuorG sruOdeniartsnocnUegami tupnI Two-stage

Fig. 26 Additional results for the thickened L-system dataset (generalized training)
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tniartsnoc  emit-tseThturt dnuorG sruOdeniartsnocnUegami tupnI Two-stage

Fig. 27 Additional results for the LVD with background dataset (generalized training)
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tniartsnoc  emit-tseThturt dnuorG sruOdeniartsnocnUegami tupnI Two-stage

Fig. 28 Additional results for the tree synthetic dataset (generalized training)
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tniartsnoc  emit-tseThturt dnuorG sruOdeniartsnocnUegami tupnI Two-stage

Fig. 29 Additional results for the root dataset (generalized training)
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Fig. 30 Additional results for the unlabeled web test dataset (generalized training)
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Fig. 31 Additional results for the unlabeled web test dataset (generalized training, cont’d)
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F.3 Generalization beyond plants

While the scope is beyond the plant skeleton estimation,
we further assess the generalization ability of our model for
images other than plants. We tested the pre-trained general-
ized PlantPosemodel on retinal vessel images (RETA (Lyu et
al., 2022) dataset). The visual results in Fig. 32 show that the
majority of vessels were reconstructed as valid tree graphs,
while a few thin vessels were only partially predicted. These
results show the potential usability of ourmethod and the pre-
trained model for broader domains that require tree graphs,
possibly with or without fine-tuning.

Appendix G Analysis of EvaluationMetrics

In the experimental results, we report SMD and TOPO
scores commonly used in image-to-graph generation stud-
ies. While our method achieves promising results, it is not
intuitive what each metric evaluates, which has not been
investigated so far.

To briefly investigate the SMDandTOPO scores, we show
an illustrative example in Fig. 33. The figure compares the
cases where TOPO is similar, but SMD reveals large dif-
ferences between our method and the test-time constraint
baseline. In this case, the TOPO score overlooks the apparent
mistake in the structure. On the other hand, SMD decreases
approximately 40% by our method, which reflects the differ-
ence in the shape (implicitly including structure and position)
of the reconstructed graph.

Overall, SMD is considered the key indicator of skeleton
fidelity in our setup. While TOPO provides complementary
evidence, it may not always evaluate structural errors ade-
quately. We hope that providing better evaluation metrics
would be an important open problem for image-to-graph gen-
eration studies.

Appendix H Details of Graph Size

We use the maximum cap of 384 nodes for the experi-
ments. To further provide the justification and investigate the
scalability of our method, we describe the details of how the
graph sizes have been determined, and discuss the potential
of extending our method for larger scales.

Input Resolution
We adopt a fixed input resolution of 256 × 256 across all
10 datasets to ensure reproducibility and training stability,
while emphasizing topological fidelity (connectivity, junc-
tions, and endpoints) rather than fine texture details. This
choice is consistent with prior image-to-graph works: Rela-
tionFormer (Shit et al., 2022) uses 64 × 64 for the Toulouse
road dataset and 128×128 for the 20USCities dataset, Road-
Tracer (Bastani et al., 2018) slices city-scale 4096 × 4096
maps into 256 × 256 tiles, and RNGDet (Xu et al., 2022),
RNGDet++ Xu et al. (2023), as well as SAM-Road++ Yin
et al. (2025) adopt 128–256 pixels patches as their default
input.
Node Cap
We cap the maximum number of nodes per graph at 384,
which is not a fundamental limitation but a standardized set-
ting under our sampling interval of 13 pixels at 256 × 256.
This interval was derived from the observed average inter-
junction spacing in grapevine images (≈ 12.8 px ≈ 1/20 of
the width). It corresponds to a sampling interval s ≈ 13 pix-
els derived from the observed mean inter-junction spacing in
grapevine (≈ 12.8 px ≈ 1/20 of the width). Under uniform
density, the capacity per tile scales as

Nmax (H ,W , s) ≈
⌊
H

s

⌋

·
⌊
W

s

⌋

, (H11)

resulting in s=13 at H=W=256, giving ≈ 3.88 × 102

(rounded to 384 for scheduling).
Scalability
Figure 34 shows how graphs of different sizes appear in
our datasets. From left to right, the examples become pro-
gressively more complex: Starting with simple grass-like
plants or single trunks (∼50 nodes), then adding visible full
plant structures (∼100–200 nodes), and finally reaching fully
developed treeswith dense branches (∼300–350nodes). This
trend reflects our dataset statistics: The average node count
in the Self-captured dataset is 156, while in theWeb-sourced
dataset is 96. When node count grows, the cost of pairwise
edge classification increases quadratically (O(N 2)), leading
to higher memory and runtime. Future workmay address this
by (i) pruning candidate edges to local neighborhoods, (ii)
tiling and stitching subgraphs, or (iii) usingmemory-efficient
attention mechanisms (e.g., FlashAttention (Dao, 2024)) to
handle denser graphs without altering our formulation.
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)d()c()b()a(

Fig. 32 Qualitative results on retinal vessel images. PlantPose, trained only on plant skeletons, recovers most major vessel trees after simple
preprocessing (contrast adjustment and rotation)

tniartsnoc emit-tseTsruOhturt dnuorG

P = 0.97; R = 0.96; F1 = 0.96 P = 0.94; R = 0.93; F1 = 0.94

Fig. 33 Comparison of our method and test-timeMST constraint under
generalized training. Both predictions obtain similar TOPO scores
(F1 = 0.94 vs. 0.96), indicating comparable reachability. However,
as highlighted by red arrows, the baseline introduces several spurious

or misplaced edges, which are not penalized by TOPO but cause a
substantial increase in SMD (almost 2× higher). This example demon-
strates that SMD is a more discriminative measure of structural fidelity,
capturing global geometric deviations that TOPO may overlook

053~003~002~001~05~

Fig. 34 Illustration of scalability with respect to node count. From left to right: examples with ∼50, ∼100, ∼200, ∼300, and ∼350 nodes. Simpler
graphs (grass-like or single-trunk plants) have sparse nodes, while more complex trees include dense branching structures
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