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Abstract

Three-dimensional plant point clouds retain crop architecture, but organ-level phenotyping
requires reliable semantic separation of leaves and stems. Plant-GeoAT is a geometry-aware
parsing network that encodes local relative-XYZ neighbourhoods before RGB fusion and
couples spatial neighbourhoods with feature–space relations for dense point prediction.
We evaluated the model separately within the native protocol of a self-built structure-
from-motion rapeseed dataset, an image-based soybean dataset, and laser-scanned
Pheno4D maize and tomato datasets; these are within-dataset train/test experiments,
not cross-dataset transfer or domain-generalisation tests. Across five seeds, mIoU was
92.26 ± 0.28%, 82.50 ± 0.24%, 99.74 ± 0.05%, and 94.75 ± 0.15%, respectively. Maize Stem
IoU reached 99.57 ± 0.09%. Adding LLGE increased the four-dataset average mIoU from
66.38% to 85.84%, and the complete LLGE + SSCA model reached 92.31%. On the fixed
six-sample test set, exploratory semantic-guided clustering achieved 86.67 ± 7.45% Count
Accuracy; structural correctness ranged from 3/6 to 4/6 samples across seeds. Plant-height
consistency was assessed independently on all 60 reconstructed rapeseed samples. The
results indicate that geometry-to-context encoding produces organ-level semantic units
for subsequent phenotyping, while independent instance-labelled datasets and additional
growth stages are still needed for trait-level validation.

Keywords: 3D point-cloud; precision agriculture; high-throughput phenotyping; organ
identity parsing; semantic segmentation; plant structure analysis

1. Introduction
High-throughput plant phenotyping platforms (HTPPs) and plant-phenomics pro-

grammes require structural measurements that can be repeated across samples and inter-
preted in biological terms [1–6]. Leaf number, stem continuity, and leaf–stem attachment are
architectural traits, but single-view 2D images represent them through a projection. Overlap,
occlusion, and viewpoint dependence can obscure organ boundaries. Three-dimensional
point clouds retain coordinates and colour, providing a more direct representation of
plant structure for quantitative phenotyping and a structured input for automated HTPP
pipelines [5,6].

Three-dimensional reconstruction supplies plant geometry, but organ-level measure-
ments also require the biological identity of each point. Structure-from-motion, multi-view
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stereo, and laser scanning produce geometrically informative point sets without assigning
leaf, stem, main-stem, or junction labels [4,7–13]. Dense organ parsing is therefore the
computational link between reconstructed coordinates and phenotyping-ready leaf and
stem units.

Existing plant point-cloud research has established complementary learning-based
routes to organ analysis. PlantNet and graph-based semantic-instance networks jointly
recover semantic and instance structure [14,15]. Eff-3DPSeg addresses annotation effi-
ciency [11], PST demonstrates attention-based rapeseed segmentation [16], and DFSP
uses explicit geometry for maize stem–leaf separation [17]. Recent graph-attention and
reconstruction-to-phenotyping studies further connect point-cloud learning with crop
analysis [13,18].

Recent Agronomy studies provide particularly relevant crop-specific context. Geometry-
driven pipelines have segmented rapeseed seedlings and extracted morphological traits,
evaluated rapeseed leaf segmentation from binocular point clouds, and separated corn stems
and leaves through octree voxelization and multi-stage region growing [19–21]. Point-cloud
completion has also been used to recover occluded corn geometry [22]. These studies estab-
lish the value of crop-specific reconstruction, geometric segmentation, and trait-extraction
pipelines; they do not, however, resolve how a learned organ-identity representation should
be shared across crop structures and acquisition sources.

Therefore, three gaps remain. First, generic point transformers such as PointTrans-
formerV3 [23] generalise across scenes but do not explicitly encode relative-XYZ evidence
before colour fusion, so thin stems and leaf–stem junctions can be confused when RGB
appearance is similar. Second, organ-specialised models such as PointLIBR rely on super-
point priors and EMA branches that are sensitive to prior quality, and they are not designed
to operate jointly across COLMAP, image-based MVS, and laser-scanned inputs. Third,
most studies report organ segmentation in isolation and do not show whether the se-
mantic output is geometrically clean enough to feed a simple, learning-free downstream
tool. Together, these gaps motivate a focused question: how should local geometry be
combined with contextual relations to obtain reliable leaf/stem identity across crop struc-
tures and point-cloud sources, and does that identity transfer directly to a lightweight
phenotyping step?

In this paper, plant architecture is used in the limited sense of the observable spatial
arrangement and continuity of leaf and stem organs. We do not infer organ connections,
developmental hierarchy, or a complete plant topology; those relations would require
additional instance and graph annotations. Leaf/stem identity depends on both local
shape and surrounding structure. A thin leaf edge, a petiole-like leaf base, a young stem,
and a leaf–stem junction can have similar local width or curvature. Local geometry is
needed to distinguish these structures, while spatial and feature–space context is needed
when organs overlap or share similar point-wise appearance. This motivates a geometry-
to-context representation in which relative coordinates are encoded before contextual
relation modelling.

Plant-GeoAT implements this geometry-to-context representation in two coupled mod-
ules. The learnable local geometry extractor (LLGE) encodes relative-XYZ neighbourhoods
before RGB fusion, preserving local shape cues at leaf edges, stems, and junctions. The
spatial–semantic coupled attention module (SSCA) then combines local spatial neighbour-
hoods with feature–space EdgeConv relations. The novelty is the ordering and coupling
for organ identity rather than a claim that relative coordinates, attention, or EdgeConv
are individually new: unlike conventional early-feature concatenation, LLGE keeps the
relative-XYZ stream separate until neighbourhood aggregation, and SSCA fuses a radius-
defined physical branch with a learned feature-neighbour branch at every encoder stage.
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This differs from generic point transformers that fuse coordinates and appearance in a
shared token pathway and from EdgeConv-only networks that model feature neighbours
without a parallel physical-context branch.

The design was evaluated on four datasets that differ in crop architecture and ac-
quisition source: self-built COLMAP-based rapeseed, an image-based soybean dataset,
and laser-scanned Pheno4D maize and tomato point clouds. Each dataset retained its
native semantic label space and was trained and tested separately; the experiment therefore
measures robustness across separately fitted dataset-specific models, not cross-dataset
generalisation. The evaluation combines dataset-level mIoU, class-wise stem performance,
qualitative visualisation, module ablation, reconstruction quality checks, and an exploratory
downstream leaf-counting test.

The self-built dataset supports this application framing at the seedling stage of rape-
seed growth. Rapeseed seedlings of cultivar Rongyou 13 were sown in late September 2024
and grown under normal field conditions in the experimental field in Wenjiang District,
Chengdu, Sichuan Province, China. They grew in the native agricultural soil, which is
clay-dominant in this part of Sichuan, and were watered approximately once every 7 days
when rainfall did not make irrigation unnecessary. Public ERA5 reanalysis data for the
approximate site (approximate Wenjiang site) were obtained through the Open-Meteo
Historical Weather API with the model explicitly set to ERA5 (accessed on 27 August 2026).
ERA5 is produced by the European Centre for Medium-Range Weather Forecasts and dis-
tributed through the Copernicus Climate Change Service Climate Data Store [24–26]. The
resulting mean daily temperature was 18.2 degrees C from 25 September to 12 November
2024; the corresponding means were 23.8 degrees C for 25–30 September, 17.8 degrees C
in October, and 16.4 degrees C for 1–12 November. These gridded reanalysis values are
background estimates rather than measurements from an on-site weather station. The
plants were photographed in a simple room adjacent to the field. Near-field controlled
acquisition reduced background clutter, wind-induced motion, and rapid illumination
variation during multi-view reconstruction while retaining field-grown seedling structure.
The workflow used a consumer camera, a turntable, and two fill lights to provide an offline,
low-cost research setting for organ-level point-cloud analysis. An example of the plant
material and imaging setup is shown in Figure 1.

Figure 1. Plant material and near-field image acquisition for the self-built seedling-stage rapeseed
dataset. (A) Field-grown seedling-stage rapeseed plants used for dataset construction. (B) Near-field
imaging site set up in a small room adjacent to the field. The cultivar was Rongyou 13.
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This study makes three contributions. First, it formulates post-reconstruction
leaf/stem parsing as the organ-identity step that makes 3D plant geometry usable for
structural phenotyping, and defines a geometry-to-context representation that addresses
the relative-XYZ-before-colour gap left by generic point transformers. Second, it introduces
LLGE + SSCA coupling, in which LLGE extracts relative-XYZ cues before RGB fusion
and SSCA couples spatial and feature–space relations, providing an organ-specialised
alternative to superpoint-prior models such as PointLIBR. Third, it tests this pathway
across four crop datasets and two acquisition classes, and links the semantic output to
reconstruction quality assessment and a semantic-guided leaf-counting test that uses only
a simple, learning-free clustering step, closing the loop from reconstruction to a down-
stream phenotyping operation. The resulting organ-resolved measurements are intended
as a digital-phenotyping component for future crop-breeding and cultivation studies; the
present experiments do not evaluate genetic response, yield, stress tolerance, or manage-
ment effects. An overview of this workflow is shown in Figure 2.

Figure 2. Workflow for Plant-GeoAT-based 3D plant point-cloud segmentation and organ-level
phenotyping. The workflow proceeds from field-plant and multi-view image acquisition through
3D reconstruction, point-cloud preprocessing, training-dataset preparation, Plant-GeoAT semantic
segmentation, and downstream phenotypic trait extraction. Solid blue arrows indicate the main stage-
to-stage processing flow. Point-cloud preprocessing follows the order of denoising, pose alignment,
scale recovery, plant/background separation, Statistical Outlier Removal (SOR), and 20,000-point
downsampling; the exact SOR settings are given in Section 2.2. Within Stage 5, the blue rounded
boxes denote local geometry extraction, Spatial-Semantic Coupled Attention, and encoder-decoder
learning; the pale-yellow panel highlights the Plant-GeoAT semantic-segmentation stage. In Stage 6,
the red bracket marks the vertical extent used for plant-height calculation from the scale-recovered
point cloud; the colored point clouds illustrate semantic-segmentation output, and semantic-guided
geometric clustering is used for leaf counting. The final panel summarizes the quantitative traits
considered: plant height and leaf count.

2. Materials and Methods
2.1. Datasets, Label Definitions, and Random Rapeseed Split

The evaluation used one self-built seedling-stage rapeseed dataset and three public
plant point-cloud datasets: Soybean-MVS, Pheno4D-Maize, and Pheno4D-Tomato. Their
plant structures and annotation protocols differ, so each dataset was trained and evaluated
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within its native semantic label space. For all three public datasets, the source train/test
partitions and training-time augmentation strategies followed the corresponding source
publications. Where a validation subset was used for checkpoint selection, it was drawn
only from the corresponding training partition with plant/model-level isolation; no test
plant, model, or date entered training or validation, so no data leakage occurred. Augmen-
tation was applied only to training data, while validation and test data were not augmented.
Plant-GeoAT-specific point sampling, input construction, and optimisation settings were
then applied consistently within each dataset. No model was trained on one crop and
evaluated on another; the four-dataset summary is a descriptive collection of independent
within-dataset experiments, not a cross-dataset generalisation score.

The study used two linked evaluation components. Model evaluation measured organ
parsing on self-built rapeseed, Soybean-MVS, Pheno4D-Maize, and Pheno4D-Tomato.
Application-oriented analyses used the self-built rapeseed data to assess reconstruction and
preprocessing quality and to explore whether predicted semantic leaf points could support
conventional clustering and counting. The first component evaluates the network; the
second examines how its output can enter a phenotyping workflow. Table 1 summarises
the dataset-specific label spaces, splits, structural focus, and evaluation context.

Table 1. Plant point-cloud datasets used in this study.

Dataset Source Semantic Label
Space Samples and Split Main Structural

Focus
Evaluation

Context

Seedling-stage
rapeseed

(Rongyou 13)
Self-built Leaf, Stem

60 original
samples: 42 train,
12 validation, and

6 test; fixed
random allocation

Dense rosette-like
canopy, leaf–stem

occlusion, low
geometric

separability

Random allocation
was fixed for all

reported
experiments;

validation and test
samples were not

augmented

Soybean-MVS Public Leaf, MainStem,
Stem

89 plant models
for training and
13 plant models

for testing

Branching
structure, stem

subclass
discrimination,
organ overlap

MainStem and
Stem are

dataset-specific
subclasses

Pheno4D-Maize Public Leaf, Stem

Plant-level split:
5 plants for

training and 2 for
testing; all dates
from each plant

kept together

Elongated
structure and
slender stem

continuity

Leaf/Stem labels
interpreted within

the maize
annotation

protocol

Pheno4D-
Tomato Public Leaf, Stem

Plant-level split:
5 plants for

training and 2 for
testing; all dates
from each plant

kept together

Intersecting
leaf–stem

structures and
organ overlap

Leaf/Stem labels
interpreted within

the tomato
annotation

protocol

Table note: Soybean-MVS retained the source–publication split of 89 training models and 13 test
models. Pheno4D-Maize and Pheno4D-Tomato were trained separately using the source–publication
plant-level split of five plants for training and two for testing. The source training-time augmenta-
tion strategies were retained and applied only to training data; validation and test data were not
augmented. Any validation subset used for checkpoint selection remained inside the corresponding
training partition, and no test plant, model, or date entered training or validation. Plant-GeoAT input
sampling and optimisation settings are reported separately.
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For the self-built seedling-stage rapeseed dataset, 60 original point clouds were used.
The planting site was in Wenjiang District, Chengdu, Sichuan Province, China, and the
cultivar was Rongyou 13. Each sample was stored as a 20,000 × 7 array with x, y, z, r, g, b,
and semantic label fields. The semantic classes were Stem = 0 and Leaf = 1. The original
samples were randomly allocated into 42 training samples, 12 validation samples, and six
test samples, and this allocation was fixed for all reported experiments. The six test-sample
IDs were 11, 16, 22, 24, 26, and 50. The 42 original training samples were expanded offline
into 840 training files by generating 20 variants per sample. Validation and test samples
were not augmented.

The seedling-stage rapeseed annotations focused on leaf–stem junctions, petiole-
like structures, and young stem continuity, where local geometry has low separability.
Soybean-MVS retained Leaf, MainStem, and Stem as separate classes according to its
source protocol. Pheno4D provides high-accuracy laser-scanned maize and tomato point
clouds with manually labelled points [27], whereas Soybean-MVS was reconstructed from
multi-view images and supports soybean organ-segmentation analysis [28]. Cross-dataset
summaries therefore describe performance under the native protocol of each dataset.

2.2. Multi-View Reconstruction and Preprocessing

The self-built seedling-stage rapeseed point clouds were generated from multi-view
images of field-grown plants. To reduce uncontrolled background and motion during
reconstruction, images were acquired in a simple near-field shooting setup adjacent to the
field. The plants retained their field-grown architecture, while the acquisition environment
provided more stable conditions for 3D reconstruction.

Dense point clouds were reconstructed from multi-view image sets using COLMAP
version 3.10 [29,30]. Following the order summarised in Figure 2, preprocessing comprised
denoising by colour-filtering black points, pose alignment using the pot bottom as the
reference plane, coordinate transformation and scale recovery using the known pot height,
manual plant/background separation to obtain a plant-only point-cloud, Statistical Out-
lier Removal (SOR), and 20,000-point farthest point sampling (FPS) downsampling. SOR
used 30 points for mean-distance estimation and a standard-deviation multiplier threshold
(nSigma) of 1.5. Organ-level semantic annotation and subsequent analyses used the result-
ing plant-only point clouds. Pose alignment used the pot bottom as a reference plane so
that the vertical coordinate could support later height calculation. On the local workstation
used for dataset preparation, one COLMAP reconstruction required approximately 1 h and
preprocessing of one plant required approximately 0.5 h; these are approximate workflow
times rather than fixed model-inference benchmarks and depend on hardware, image
count, and I/O.

Scale recovery was performed after coordinate correction using the known pot height
as the physical reference. For each sample, points were binned along the corrected vertical
z-axis, and the number of points in each height bin was counted. Because the pot rim forms
a dense circular structure, it produced a high-density band or peak in the height-point-
count profile. This band was used to locate the reconstructed pot rim height, while the
pot bottom reference plane provided the lower boundary. A fixed height-bin setting was
used consistently for all samples. The identified pot-rim band was checked against the
aligned pot point-cloud to reduce the risk of confusing the pot rim with dense plant layers.
The reconstructed pot height was then compared with the measured physical pot height to
obtain an individual scale factor for that plant:

sm =
Hreal

pot

Hrec
pot,m

. (1)
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Here, sm is the scale factor for plant m, Hreal
pot is the measured physical pot height, and

Hrec
pot,m is the reconstructed pot height for that sample. The scale factor was applied only to

spatial coordinates:
x*

i,m = smxrec
i,m, (2)

where xrec
i,m and x*

i,m denote the reconstructed and scale-recovered XYZ coordinates, respec-
tively. RGB values and semantic labels were not scaled. This factor was applied separately
to each reconstructed plant point-cloud before plant-only 20,000-point FPS downsampling
and subsequent analysis.

Reconstruction and preprocessing quality was assessed before the phenotyping analy-
ses. Manual comparison with source images checked retention of the main plant structure,
effective leaves, visible leaf–stem topology, and foreground separation. Plant height from
all 60 scale-recovered point clouds provided a quantitative check of vertical metric consis-
tency. The manual reference height was measured with a long ruler from the root-/pot-base
level to the highest visible point. After denoising by black-point colour filtering, pose
alignment, coordinate transformation and scale recovery, manual plant-only segmentation,
and SOR filtering (30 points for mean-distance estimation; nSigma = 1.5), all before the
final 20,000-point downsampling, the resulting plant-only point-cloud was used for the
height calculation; no semantic label or learned height model was used. Any isolated point
surviving the preprocessing filter would affect the simple maximum/minimum calculation,
which is noted as a limitation.

During model training, each network input was a 4096-point random-centre KNN
block sampled from the 20,000-point-cloud. This 4096-point block is not input-level farthest
point sampling. Farthest point sampling is used inside the encoder set-abstraction stages
to select centroids for hierarchical feature abstraction. During inference, the complete
20,000-point plant scene was passed through the network; the decoder propagated predic-
tions back to all input points, so no block-level voting or overlapping-block aggregation
was used for the reported plant-level metrics.

2.3. Problem Formulation

An input point-cloud block is represented as:

P =
{

pi
}N

i=1, pi = [xi, ci], (3)

xi =
(

xi, yi, zi
)
, ci = (ri, gi, bi), (4)

where xi is the XYZ coordinate and ci is the RGB colour. Plant-GeoAT uses XYZRGB and an
auxiliary relative-XYZ neighbourhood tensor and ∆X as an input. Normals, handcrafted
curvature, height, and PCA-derived features are not used by the segmentation network.

The model predicts dataset-specific semantic labels:

ŷi = fθ(P, ∆X)i, ŷi ∈ YD. (5)

The dataset-specific label space is:

YD =

{Leaf, Stem}, D ∈ {Rapeseed, Maize, Tomato},

{Leaf, MainStem, Stem}, D = Soybean-MVS.
(6)

This formulation keeps the segmentation task aligned with each dataset’s annotation
protocol. The complete encoder–decoder data flow and point-wise prediction path are
shown in Figure 3.
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Figure 3. Overall architecture of Plant-GeoAT for geometry-aware organ identity parsing of 3D
plant point clouds. The network receives an XYZRGB point cloud, followed by the Learnable
Local Geometry Extractor (LLGE) that produces Geometry-RGB features. The encoder contains
four progressively downsampled stages; the blue blocks show the point and channel dimensions,
and FPS, BQ, and SSCA denote farthest point sampling, ball query, and Spatial-Semantic Coupled
Attention, respectively. The yellow bottleneck stores latent semantic features, while the peach decoder
restores point resolution using attention-based feature propagation (AFP); the bottom skip-connection
lines transfer features from the corresponding encoder stages. The final segmentation head applies
1 × 1 convolution, batch normalization, dropout, and log-softmax to produce per-point semantic
predictions. The lower panels expand the LLGE and SSCA operations. Arrows indicate the direction
of tensor flow, the circled letter “C” indicates feature concatenation, and the colors distinguish the
encoder, bottleneck, decoder, local-geometry encoding, and spatial and feature-space contextual-
coupling components.

2.4. Learnable Local Geometry Extractor and Geometry-RGB Features

For each point i, KNN in XYZ space defines a local neighbourhood:

NK(i) = kNNK

(
xi;

{
xj
}N

j=1

)
, K = 32. (7)

The local geometry evidence is represented by relative-XYZ offsets:

∆xij = xj − xi, j ∈ NK(i). (8)

LLGE encodes these relative vectors through shared one-dimensional convolutions:

gij = ϕgeo
(
∆xij

)
, (9)

where ϕgeo is implemented as Conv1d(3, 64), BatchNorm, ReLU, Conv1d(64, 128), Batch-
Norm, and ReLU. A max operation over the K neighbours produces a 128-dimensional
local geometry descriptor:

li = max
j∈NK(i)

gij. (10)

The descriptor li captures local relative-XYZ evidence before RGB fusion. It is intended
to make the early representation geometry-aware in regions such as thin stems, leaf–stem
junctions, and local discontinuities. RGB is concatenated after local geometry aggregation:

h0
i = [li; ci]. (11)
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This Geometry-RGB feature keeps geometry extraction separate from colour while
still allowing colour to support subsequent organ prediction; the tensor flow is illustrated
in Figure 4.

Figure 4. Learnable Local Geometry Extractor (LLGE) for relative-XYZ evidence encoding. The
top row shows the tensor flow from the XYZRGB input through XYZ k-nearest-neighbor (KNN)
neighborhood construction, relative-XYZ encoding, shared multilayer perceptron (MLP) layers,
maximum pooling over neighbors, RGB concatenation, and the encoder/SSCA input. Here, K
denotes the number of neighboring points and is set to 32. In the lower panels, L-A denotes relative-
coordinate construction from a center point to its K neighbors, L-B denotes shared geometry encoding
of each relative-XYZ vector, and L-C denotes maximum aggregation followed by concatenation of
the local geometry descriptor with RGB. Arrows indicate the processing direction, the circled letter
denotes feature concatenation, and the blue and orange headings distinguish the three processing
steps. The displayed tensor dimensions describe the intermediate feature shapes; normals, curvature,
height, and other handcrafted descriptors are not used.

2.5. Spatial–Semantic Coupled Attention

SSCA places Geometry-RGB features into a spatial-feature context. The term “se-
mantic” refers to learned feature–space relations, not to ground-truth semantic labels or
predicted class feedback inside the attention module.

At encoder stage s, the input feature is first lifted by a shared mapping:

us
i = ϕs

(
hs−1

i

)
. (12)

The spatial branch uses radius-based local neighbourhoods around sampled centroids.
A local point-transformer block models the arrangement of grouped features and relative
spatial offsets:

Ss
i = Ts

({
us

j , xj − xi | j ∈ Br(i)
})

, (13)

where Br(i) is the radius-based spatial neighbourhood and Ts denotes local transformer-
based spatial context. The branch models radius-defined local context without applying
global attention over the full point-cloud.

The feature–space branch constructs a KNN graph among learned features and applies
EdgeConv-style coupling:

Es
i = max

j∈Gk(i)
ηs

([
us

i , us
j − us

i

])
, (14)
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where Gk(i) is the feature–space KNN neighbourhood and ηs denotes the EdgeConv map-
ping. This branch links points with similar learned responses and does not use semantic
labels as inputs.

The two branches are fused as:

hs
i = ψs([Ss

i ; Es
i ]). (15)

This fusion is the core of SSCA: local geometry evidence is interpreted under both
spatial arrangement and feature–space relations before point-wise prediction. Figure 5
summarises the two branches and their fusion.

Figure 5. Spatial-Semantic Coupled Attention (SSCA) for spatial-feature contextual interpretation.
The top row summarizes the pathway from Geometry-RGB and XYZ features through projection
and lifting with FPS centroids, the dual-branch SSCA block, and the context-enhanced output. In the
lower panels, S-Prep denotes shared input preparation. S-Spatial denotes the physical-neighborhood
branch, where radius grouping, spatial querying, positional encoding, and Point Transformer spatial
attention produce the spatial feature \(S_i\). S-Feature denotes the learned feature-space branch,
where feature-space k-nearest-neighbor search, relative feature relations, and EdgeConv produce
the feature-space representation \(E_i\). The two branch outputs are combined at the circled fusion
symbol and passed through a fused 1 × 1 convolution, batch normalization, and ReLU to obtain
the context-enhanced output \(h_i\). Arrows indicate the direction of data flow; three-dimensional
rectangular boxes denote feature tensors; rounded rectangular boxes denote processing operations;
the dashed ellipse represents a spatial neighborhood; the node-link diagram represents a feature-space
neighborhood; and the circled plus symbol denotes feature fusion. Blue, green, and orange headings
distinguish shared preparation, the spatial branch, the feature-space branch, and fusion/output
operations. The displayed settings are \(n_{\mathrm{sample}} = 32\) for spatial grouping and
\(k = 20\) for the feature-space graph; the stage-wise table lists the number of centroid points, radius,
and output channels.

2.6. Decoder Feature Propagation and Semantic Prediction

The encoder contains four abstraction stages with centroid counts of 1024, 256, 64, and
16. The corresponding spatial radii are 0.05, 0.10, 0.20, and 0.40; the spatial neighbourhood
size is 32; the feature–space neighbourhood size is 20; and the stage output channels are
128, 256, 512, and 1024. These settings are listed in Table 2.
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https://doi.org/10.3390/agronomy16181809


Agronomy 2026, 16, 1809 11 of 27

Table 2. Encoder-stage settings used in the Plant-GeoAT architecture.

Encoder Stage Centroids Radius Spatial
Neighbours

Feature–Space
Neighbours

Output
Channels

Stage 1 1024 0.05 32 20 128

Stage 2 256 0.10 32 20 256

Stage 3 64 0.20 32 20 512

Stage 4 16 0.40 32 20 1024

The decoder uses attention-based feature propagation and skip connections to restore
dense point-wise features. For each finer-resolution point, the nearest three coarser points
provide the propagation neighbourhood. The attended coarse feature is fused with the skip
feature and refined by shared MLP layers. This step restores context-conditioned features
to the original point resolution; it is not an instance segmentation branch.

The final prediction head maps the decoded 128-channel feature to per-point semantic
logits, followed by softmax classification. In Equation (16), the logits are the unnormalised
vector z_i = W h_iˆdec, p_ic is the softmax probability for class c, and y-hat_i is the class
index with the largest p_ic.

zi = Whdec
i , pic = softmax(zic), ŷi = argmax

c
pic (16)

Plant-GeoAT outputs semantic labels only. Leaf-instance recovery for counting and
plant height calculation are model-external phenotyping steps.

2.7. Training and Baseline Protocol

Plant-GeoAT was implemented in PyTorch. The seedling-stage rapeseed training
configuration used XYZRGB input, relative-XYZ neighbourhoods with K = 32, 4096-point
random-centre KNN blocks, AdamW optimisation, an initial learning rate of 1 × 10−4, a
cosine annealing learning-rate schedule, and checkpoint selection based on best validation
mIoU. The model was configured for a maximum of 3000 epochs with early stopping
after 100 validation epochs without improvement. Across the checked archived training
logs, the mean run duration was approximately 25 h 29 min 28 s, with a mean of 240 com-
pleted epochs before early stopping and approximately 6.37 min per completed epoch; the
3000-epoch setting was only the maximum allowance. Five repeated runs (S1–S5) were
evaluated under the stated fixed splits and configurations.

Plant-GeoAT was compared with PointNet++, DGCNN, PointTransformerV3, PointVec-
tor, and PointLIBR [23,31–42]. Each baseline retained its native loss function and model-
specific configuration rather than being forced to use Plant-GeoAT’s hybrid loss. The
common controls were the same dataset-specific FPS preprocessing and input convention
where supported, the same fixed split and label space, the best observed configuration
archived for that model, and five independent seed runs (S1–S5) where the multi-seed
table is reported. Checkpoints were selected by the highest validation mIoU before test
evaluation. Epoch ceilings and batch sizes were not identical for all implementations,
so this is a controlled protocol comparison rather than a claim of equal wall-clock or
equal-compute budgets.

2.8. Phenotyping-Related Analyses

Application-oriented analyses used the self-built seedling-stage rapeseed data. Recon-
struction checks establish the quality of the image-based point clouds. Semantic-guided
leaf counting was evaluated across S1–S5 on the same fixed six-sample test set; checkpoint
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selection used the separate validation split. HDBSCAN and fragment-fusion parameters
were fixed from prior empirical implementation experience and held constant across S1–S5;
they were not systematically tuned on these six samples. The counting evaluation was inde-
pendent of checkpoint selection; however, it remains an exploratory phenotyping analysis
because it contains only six test plants and lacks external instance-labelled replication.

Leaf counting was examined as an exploratory analysis on the same six-sample test set;
checkpoint selection used the separate validation split. Plant-GeoAT semantic predictions
first provide leaf candidate points:

Pleaf = {pi | ŷi = Leaf}. (17)

A model-external semantic-guided geometric clustering step then groups candidate
leaf points:

C = G
(

Pleaf; θg
)
, (18)

where G denotes the downstream clustering procedure and θg denotes its geometric clus-
tering parameters.

In this study, G was implemented as a conventional density/geometric clustering
procedure. This model-external choice tests whether Plant-GeoAT semantic leaf points can
feed an ordinary grouping operation without adding a learned instance module.

The predicted leaf count is:
N̂leaf =

∣∣C∣∣. (19)

This model-external procedure evaluates semantic-guided counting with conventional
geometric clustering; it does not introduce a learned leaf-instance head.

Plant height was computed separately from the denoised, pose-aligned, scale-
recovered point-cloud P*:

H = zmax

(
P*
)
− zmin

(
P*
)

. (20)

Height estimation uses no semantic labels. It quantifies vertical metric consistency
after COLMAP reconstruction, preprocessing, pose alignment, and per-plant pot-height
scale recovery.

Semantic segmentation performance was evaluated using mIoU and class-wise IoU.
For a dataset-specific class c in Y_D, TP_c, FP_c, and FN_c denote true-positive, false-
positive, and false-negative point counts for class c, respectively. IoU is defined as:

IoUc =
TPc

TPc + FPc + FNc
. (21)

Dataset-specific mIoU is then:

mIoU =
1

|YD|∑c∈YD
IoUc. (22)

Precision, Recall, and F1-score were used for class-wise segmentation summaries and
for the leaf-clustering structural review where applicable:

Precisionc =
TPc

TPc + FPc
, Recallc =

TPc

TPc + FNc
, (23)

F1c =
2PrecisioncRecallc

Precisionc + Recallc
. (24)
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Leaf-counting error was summarised using Count Accuracy, MAE, and RMSE. For
n evaluated plants with ground-truth leaf counts Nt and predicted leaf counts N̂t, Count
Accuracy is:

CountAccuracy =
1
n∑n

t=1 1
(

N̂t = Nt
)
× 100%. (25)

MAEcount =
1
n∑n

t=1 |N̂t − Nt

∣∣∣∣, (26)

RMSEcount =

√
1
n∑n

t=1(N̂t − Nt)2. (27)

Height estimation was summarised using R2, RMSE, MAE, and MAPE. For measured
height Ht, estimated height Ĥt, and mean measured height H̄, these metrics are:

R2 = 1 − ∑n
t=1(Ht − Ĥt)2

∑n
t=1(Ht − H̄)2 , (28)

RMSEheight =

√
1
n ∑n

t=1(Ht − H̄t)
2, MAEheight =

1
n ∑n

t=1|Ht − H̄t|. (29)

MAPEheight =
100%

n ∑n
t=1

∣∣∣∣Ht − Ĥt

Ht

∣∣∣∣. (30)

3. Results
3.1. Reconstruction and Preprocessing Quality of Self-Built Seedling-Stage Rapeseed Point Clouds

Manual inspection confirmed that cropping, filtering, and plant-only downsampling
retained the main plant structure, effective leaves used for annotation and counting, and
visible leaf–stem topology. Major pot and background artefacts were removed. The
approximate preparation time was 1 h per plant for COLMAP reconstruction and 0.5 h per
plant for preprocessing on the local workstation; these timings describe data preparation
rather than network inference.

Height values were converted from the reconstructed coordinate unit to centimetres
after per-plant scale recovery; RMSE and MAE are reported in cm in Table 3. The quan-
titative height component was then calculated on all 60 reconstructed and preprocessed
seedling-stage rapeseed samples. The calculation uses denoised, pose-aligned, per-plant
scale-recovered point clouds without semantic labels, so it quantifies vertical metric con-
sistency of the reconstruction and scale-recovery workflow. The resulting metrics are
RMSE = 1.3517 cm, MAE = 0.9803 cm, and MAPE = 8.1133%, consistent with the values
reported in Table 3. The corresponding all-sample visualisation is shown in Figure 6.
H = zmax − zminR2 = 0.8176.

Table 3. Plant-height quality validation based on scale-recovered point clouds.

Metric Category Metric Result

Regression consistency R2 0.8176

Absolute error RMSE (cm) 1.3517

Absolute error MAE (cm) 0.9803

Relative error MAPE (%) 8.1133
Table note: Plant height was calculated from all 60 denoised, pose-aligned, and per-plant scale-
recovered seedling-stage rapeseed point clouds. The metrics quantify vertical consistency of the
reconstruction, preprocessing, and scale-recovery workflow; no semantic labels are used.
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Figure 6. Plant-height quality validation after point-cloud reconstruction and preprocessing. Plant
height was calculated for all 60 self-built seedling-stage rapeseed samples from denoised, pose-
aligned, and per-plant scale-recovered point clouds as the vertical coordinate range. The figure
reports all-sample agreement between manual height and point-cloud-derived height, sample-wise
height comparison, and residual distribution. This analysis evaluates whether the COLMAP recon-
struction, preprocessing, pose alignment, and pot-height scale recovery preserve sufficient metric
structure for a simple geometric trait. The analysis is independent of semantic labels and quantifies
reconstruction and preprocessing quality. The dashed lines indicate ±RMSE, the yellow circles iden-
tify the held-out validation samples, and the green and red bars indicate residuals within and beyond
±RMSE, respectively.

The input point clouds were assessed in an application-realistic near-field setting.
Pheno4D reports high-accuracy laser-scanned point clouds, with scanner measuring ac-
curacy of σ = 0.012 mm and measuring-arm tip accuracy of 45 µm; its reports also note
occlusion-related missing measurements and plant-surface reconstruction challenges [27].
Soybean-MVS uses 60 images per plant group from four height levels and assesses point-
cloud consistency and segmentation usability [28]. The self-built COLMAP point clouds
retained plant completeness and metric vertical structure while representing the occlu-
sion, local missing regions, and reconstruction noise encountered in near-field agricul-
tural photogrammetry. They therefore provide a practical input condition for testing
organ parsing.

3.2. Multi-Dataset Semantic Segmentation Performance

Plant-GeoAT produced the largest mean mIoU on each evaluated dataset across five
seeds: 92.26 ± 0.28% on rapeseed, 82.50 ± 0.24% on Soybean-MVS, 99.74 ± 0.05% on
Pheno4D-Maize, and 94.75 ± 0.15% on Pheno4D-Tomato. The four datasets retained their
native label spaces and were trained and tested independently; the results are not cross-
dataset transfer tests. The equal-weight average of the four means was 92.31%, providing a
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descriptive summary across these heterogeneous dataset-specific protocols. The complete
comparison is reported in Table 4. The corresponding qualitative examples are shown
in Figure 7.

Table 4. Quantitative comparison of semantic segmentation performance across crop datasets.

Model Params (M) FLOPs (G) Rapeseed
mIoU (%)

Soybean
mIoU (%)

Maize mIoU
(%)

Tomato mIoU
(%)

Dataset-Specific
Average mIoU

(%)

PointNet++ 0.97 1.00 77.09 50.87 67.10 70.45 66.38

DGCNN 1.80 2.40 87.48 69.47 93.82 88.79 84.89

PointTransformerV3 10.50 6.20 83.81 51.21 81.58 75.44 73.01

PointVector 3.20 3.80 77.37 51.68 63.42 86.27 69.69

PointLIBR 9.80 5.90 89.99 50.56 84.09 86.70 77.84

Plant-GeoAT 10.90 7.02 92.26 82.50 99.74 94.75 92.31

Table note: Average mIoU summarises the four dataset-specific evaluations while retaining each
native semantic label definition. Params and FLOPs provide a common description of model scale;
runtime also depends on hardware, implementation, batch size, and I/O conditions.

Figure 7. Qualitative semantic-segmentation results on public plant point-cloud datasets. Rows
correspond to tomato, maize, and soybean scenes; columns compare Ground Truth, Ours, PointNet++,
DGCNN, PointTransformer V3, PointVector, and PointLiBR. Blue, green, and red points denote leaf,
stem, and prediction-error classes, respectively. The red boxes identify local regions shown as
enlarged views in the second row of each crop block, enabling closer inspection of boundary leakage
and missed stem/leaf points. Results follow the class definitions and annotation protocols of each
public dataset. The identified soybean main-stem failures are examined separately in Supplementary
Figure S1, and the class-wise tables provide the dataset-level quantitative results.
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The four datasets span rosette-like rapeseed, branching soybean, elongated maize, and
intersecting tomato structures, as well as COLMAP, image-based MVS, and laser-scanned
point clouds. Plant-GeoAT retained the highest observed mIoU among the compared
models in all four settings. This consistency links the LLGE-SSCA pathway to organ
parsing across heterogeneous protocols, but it should not be interpreted as evidence that a
model trained on one dataset will transfer without retraining. The near-perfect Pheno4D-
Maize result is aided by high-quality laser scans, a binary Leaf/Stem label space, elongated
organs, and a plant-level split with all dates from a biological plant kept together. The
five training plants and two test plants were disjoint, and no plant-level or time-level
information leakage occurred.

3.3. Class-Wise Organ Parsing and Stem Performance

Class-wise results are important because stems are often thin, partially occluded,
and structurally central for plant architecture. Across five seeds, rapeseed Leaf IoU was
99.28 ± 0.16% and Stem IoU was 85.24 ± 0.48%. Maize Stem IoU was 99.57 ± 0.09%,
compared with DGCNN at 90.32% in the reference comparison, corresponding to a
+9.25 percentage-point difference between the reported means. Tomato Stem IoU was
91.68 ± 0.36%; the best recovered reference baseline was DGCNN at 82.82%.

Stem IoU complements overall mIoU because stem continuity and leaf–stem attach-
ment define the structural scaffold used in plant-architecture analysis. The rapeseed, maize,
and tomato class-wise results show that Plant-GeoAT preserves this scaffold across rosette-
like, elongated, and intersecting organ arrangements, which is the main biological value of
the stem-oriented comparison. Representative self-built rapeseed predictions are shown
in Figure 8.

Figure 8. Qualitative semantic-segmentation results on the self-built seedling-stage rapeseed dataset.
Each column shows a representative sample (Samples 11, 16, 22, 24, 26, and 50), with the original
point cloud above and the corresponding Plant-GeoAT prediction below. Blue, green, and red points
denote leaf, stem, and segmentation-error points, respectively. The red boxes identify local leaf–stem
boundary regions shown as enlarged views, enabling closer inspection of fine-scale segmentation
errors under overlapping rosette-like foliage.
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Soybean-MVS uses three semantic classes: MainStem, Stem, and Leaf. Plant-GeoAT
reached 88.72% Leaf IoU, 70.42% MainStem IoU, and 88.36% Stem IoU. PointNet++ reached
83.35% MainStem IoU, identifying main-axis versus lateral-stem topology as the remain-
ing soybean-specific challenge. We therefore performed a frozen-checkpoint diagnostic
on all 13 held-out Area 2 scenes and retained two identified failure cases rather than se-
lecting only visually successful plants (Supplementary Figure S1). In the moderate case
(Area_2_20180817_DN251), scene mIoU was 0.646 and MainStem IoU was 0.545; in the
severe case (Area_2_20180908_DN252), scene mIoU was 0.389 and MainStem IoU was
0.005 because most annotated main-stem points were assigned to Leaf or Stem. The error
maps localise this failure along the principal axis and at branch junctions. This diag-
nostic is a failure analysis of the final checkpoint, not a replacement for the five-seed
dataset-level results.

3.4. Ablation Analysis

The ablation study evaluated how learnable local geometry and spatial-feature cou-
pling contribute to segmentation performance (Table 5). V0 represents the baseline config-
uration, V1 adds LLGE, V2 adds SSCA, B uses handcrafted geometry, and V3 is the full
Plant-GeoAT configuration.

Table 5. Ablation study of learnable local geometry extraction and spatial–semantic coupled attention.

Variant LLGE SSCA Handcrafted
Geometry Params (M) FLOPs (G)

Dataset-
Specific Avg.

mIoU (%)

Dataset-
Specific Avg.
Stem IoU (%)

V0 No No No 0.97 1.00 66.38 49.35

V1 Yes No No 2.87 4.04 85.84 76.79

V2 No Yes No 10.90 5.87 90.96 87.30

B No No Yes 10.88 5.79 83.05 79.09

V3 Yes Yes No 10.90 7.02 92.31 90.36

Adding LLGE increased average mIoU from 66.38% to 85.84% and average Stem IoU
from 49.35% to 76.79%. The SSCA-only variant reached 90.96% average mIoU and 87.30%
average Stem IoU. These changes follow the proposed division of labour: LLGE contributes
relative-XYZ shape cues, and SSCA contributes spatial-feature contextual coupling. Because
V0 has 0.97 M parameters and V2/V3 has about 10.90 M, the V0 comparison measures the
combined change in architecture and capacity.

The near-matched B, V2, and V3 variants provide the more specific module com-
parison. Their parameter counts are 10.88–10.90 M, while average mIoU was 83.05% for
handcrafted geometry, 90.96% for SSCA alone, and 92.31% for the full LLGE + SSCA
model. V2 and V3 have the same reported parameter scale; adding LLGE increased average
mIoU by 1.35 percentage points and average Stem IoU from 87.30% to 90.36%. These
within-scale results support learned local geometry and spatial-feature coupling as com-
plementary parts of the geometry-to-context pathway. The ablation trends are visualised
in Figure 9.
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Figure 9. Ablation analysis of local-geometry extraction and spatial-feature contextual coupling.
(a) Average mIoU and average stem IoU for the baseline (V0), LLGE-only (V1), SSCA-only (V2),
handcrafted-geometry (B), and complete Plant-GeoAT (V3) configurations; blue and green bars
denote average mIoU and average stem IoU, respectively, and the labels above the bars give the
corresponding percentages. (b) Module-configuration matrix, where “Y” indicates that the corre-
sponding module is enabled; dark-green cells denote enabled modules, while light-colored cells
denote modules that are not enabled. LLGE, SSCA, and HG denote the Learnable Local Geometry
Extractor, Spatial-Semantic Coupled Attention, and handcrafted geometry, respectively. (c) Improve-
ments over the baseline in percentage points; blue and green bars denote gains in average mIoU and
average stem IoU, respectively. The results show the separate and combined effects of learnable local
geometry and spatial-feature coupling.

3.5. Semantic-Guided Leaf Counting

Across S1–S5, Plant-GeoAT predictions supplied leaf candidate points to the same
conventional, model-external density/geometric clustering procedure on the fixed six-
sample test set. The HDBSCAN and fragment-fusion parameters were fixed empirically
before the five-seed comparison and held constant across runs rather than tuned on these
six samples.

Correctness is reported as the mean number of structurally correct samples per run and
its observed range. Precision, Recall, and F1-score are point-level leaf-candidate metrics. The
counting evaluation was independent of checkpoint selection; however, it remains exploratory
because it contains only six test plants and lacks external instance-labelled replication.

Across the five seed runs, mean Count Accuracy was 86.67 ± 7.45%, MAE was
0.1333 ± 0.0745, and RMSE was 0.3266 ± 0.1826. S1 and S3–S5 each achieved 83.33%
Count Accuracy, whereas S2 achieved 100.00%. Structural correctness averaged 3.20/6
samples and ranged from 3/6 to 4/6. Precision, Recall, and F1-score were 0.9625 ± 0.0006,
0.9747 ± 0.0008, and 0.9686 ± 0.0012, respectively; these are point-level leaf-candidate
metrics rather than cluster-level instance-recovery scores. Because the separate validation
split was used for checkpoint selection, while the six test samples were reserved for counting
evaluation, this result remains exploratory; an independent instance-labelled set is required
for trait-level validation. Representative S3 cluster assignments and structural errors are
shown in Figure 10.
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Figure 10. Semantic-guided leaf clustering and counting validation for reference run S3. (A) Ground-
truth leaf instances and predicted clusters for Samples 11, 50, 26, 24, 22, and 16. Different colors
identify individual ground-truth leaf instances or predicted clusters, while gray points indicate
unlabeled or background points. (B) Agreement between ground-truth and predicted leaf counts.
Blue circles denote structurally correct samples, orange squares denote samples with structural errors,
and the dashed line indicates 1:1 count agreement. (C) Sample-level count error and structural
consistency. The red bar indicates a positive count error, blue circles denote structurally correct
samples, and orange crosses denote samples containing over-segmentation, under-segmentation, or
both. Samples 24 and 22 retain the correct total leaf count but contain one over-segmentation and one
under-segmentation event, demonstrating that count agreement can conceal structural errors. Table 6
reports the corresponding five-seed summary across S1–S5.
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Table 6. Five-seed summary of semantic-guided leaf-counting analysis.

Metric Category Metric Result

Counting accuracy Count Accuracy (%) 86.67 ± 7.45

Counting error MAE 0.1333 ± 0.0745

Counting error RMSE 0.3266 ± 0.1826

Leaf-candidate classification Precision 0.9625 ± 0.0006

Leaf-candidate classification Recall 0.9747 ± 0.0008

Leaf-candidate classification F1-score 0.9686 ± 0.0012

Structural consistency Structurally correct samples 3.20/6 (range: 3/6–4/6)

Table note: Results are mean ± sample SD across five seed runs (S1–S5; n = 5) on the fixed six-sample
test set. Leaf candidate points were extracted from Plant-GeoAT predictions and clustered using a
conventional, model-external density/geometric procedure.

3.6. Application-Oriented Analyses for Practical 3D Phenotyping

These analyses form a connected 3D phenotyping workflow. Reconstruction checks es-
tablish input-cloud quality, semantic segmentation converts the point clouds into leaf/stem
units, and semantic-guided clustering explores one downstream use of those units. Table 7
states the sample set, dependency, and contribution of each analysis.

Table 7. Analysis roles of semantic segmentation, leaf counting, and reconstruction/preprocessing
quality assessment.

Analysis Samples
Depends on
Plant-GeoAT

Semantic Labels?
Main Purpose Analysis Role

Semantic
segmentation

Dataset-specific test
sets Yes Organ identity

parsing

Primary model
performance under

dataset-specific
protocols

Leaf counting

Six-sample test set;
separate validation

split used for
checkpoint selection

Yes Semantic-guided
counting feasibility

Tests transfer of
semantic leaf points

to conventional
clustering

Reconstruction/
preprocessing

quality

All 60 reconstructed
seedling-stage

rapeseed samples
No

Input-cloud
completeness and

vertical metric
consistency

Establishes
reconstruction and

preprocessing
quality

The full model has 10.90 M parameters and 7.02 G FLOPs. The checked archived
training logs recorded a mean wall-clock duration of approximately 25 h 29 min 28 s for
240 completed epochs before early stopping (approximately 6.37 min per completed epoch);
this is a training-time reference separate from data preparation and inference profiling.
We profiled the frozen rapeseed checkpoint on all six held-out 20,000-point test scenes
using one NVIDIA A100-SXM4-40GB GPU, PyTorch 2.3.1, CUDA 12.1, FP32, and batch
size 1. After three warm-up passes, mean network-forward time was 0.260 s per complete
scene (median 0.260 s). CPU-based KNN neighbourhood construction required 0.221 s per
scene on average, giving 0.480 s for neighbourhood construction plus network forward,
excluding disc I/O. The combined value was calculated from the per-scene total time
rather than by adding the separately rounded component means. Peak CUDA memory
was 1226 MiB allocated and 1626 MiB reserved. A 100-server verification recorded the
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reported inference timing and GPU-memory usage under the documented hardware and
software configuration.

4. Discussion
4.1. Reconstructed Point Clouds Need an Organ-Identity Layer

Multi-view reconstruction provides plant geometry, and Plant-GeoAT adds the organ
identity required for structural analysis. By converting XYZRGB points into leaf/stem
units, the model supplies the biological organisation needed to measure leaf number,
stem continuity, and organ arrangement. Stem continuity matters because the stem is the
support and transport axis linking leaves; organ identity is needed to separate leaf area or
count from stem biomass and to define attachment neighbourhoods. The present model
can support leaf number, leaf-area proxies, stem length/continuity, and leaf–stem spatial
relationships, but it does not infer organ hierarchy or developmental connectivity.

The semantic-segmentation results directly test this contribution. Dataset-specific
mIoU and class-wise Stem IoU measure organ parsing, while the reconstruction review
verifies input-cloud quality and the exploratory counting analysis demonstrates one down-
stream use of predicted leaf points. These analyses connect acquisition, semantic inter-
pretation, and downstream phenotyping without treating segmentation as independent
trait validation.

Public image-based and laser-scanned datasets extend model validation beyond the
self-built acquisition route. The self-built field-grown rapeseed data then place the model
in a low-cost near-field workflow that includes conventional photogrammetric occlusion,
local missing regions, and reconstruction noise. Plant completeness, vertical consistency,
and organ parsing under these conditions show that the semantic layer remains usable
with practical image-based inputs [27,28].

The closest Agronomy studies clarify the boundary of the present contribution. Sun
et al. [19] coupled rapeseed stem–leaf processing with direct morphological-trait validation,
whereas Zhang et al. [20] evaluated rule-based leaf segmentation across rapeseed stages.
Zhu and Yu [21] used octree voxelization and region growing on Pheno4D corn; because its
split, label definition, and metrics are not identical to the protocol used here, the reported
values are for context rather than a direct numerical benchmark. Plant-GeoAT’s contribution
is therefore not the first use of 3D point clouds for rapeseed or stem–leaf analysis, but
the learned relative-XYZ-before-colour and spatial-feature coupling evaluated separately
across four datasets. Occlusion-aware completion [22] remains a complementary next step
for improving structural recovery before trait validation.

4.2. LLGE for Local Geometry Encoding

LLGE extracts plant-oriented local geometry from KNN relative-XYZ vectors using
shared Conv1d layers and neighbourhood max pooling. RGB is concatenated only after
this aggregation. The ordering preserves shape changes around slender stems, leaf bases,
and junctions before colour and broader context enter the representation.

The V1 result follows this mechanism: adding LLGE raised average mIoU by 19.46 per-
centage points and average Stem IoU by 27.44 points over V0. The comparison combines
module and capacity changes, while the equal-scale V2-to-V3 comparison isolates an ad-
ditional 1.35-point average-mIoU gain when learned local geometry is added to SSCA.
Both comparisons connect the observed improvement to the intended first stage of the
geometry-to-context pathway.
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4.3. SSCA as Spatial-Feature Contextual Coupling

SSCA supplies the contextual stage of the pathway. Its spatial branch models radius-
defined physical neighbourhoods, and its feature–space branch models EdgeConv relations
among learned responses. Their fusion lets the network compare local shape with both
organ arrangement and feature similarity.

4.4. Comparison with Related Point-Cloud Models

Plant-GeoAT’s stem-focused gains are consistent with the proposed ordering in which
LLGE encodes relative-XYZ evidence before RGB fusion and SSCA then couples spatial
and feature–space context at stems and organ junctions. The near-matched B, V2, and V3
ablations provide the clearest mechanism evidence while keeping parameter counts close.
Baseline implementation provenance, native losses, sampling choices, and checkpoint rules
are documented in Supplementary Table S11.

This coupling is useful where leaves overlap or touch stems: Euclidean adjacency
preserves physical organisation, while feature similarity links points with related learned
responses. The SSCA-only variant reached 90.96% average mIoU, and the full model
reached 92.31% after LLGE was added. The result supports contextual coupling as the
second stage of the proposed representation.

4.5. From Semantic Parsing to Phenotyping

Semantic parsing enables phenotyping by defining candidate organ points for down-
stream algorithms. In the exploratory counting analysis, a simple geometric clustering step
converted predicted leaf points into counts, while structural correctness remained lower
than numerical count agreement. This separation shows that semantic leaf candidates can
enter a conventional workflow, but one-to-one instance recovery requires an independent
instance-labelled evaluation.

The reconstruction analysis establishes the quality of the point clouds entering this
pipeline. Manual review checks plant completeness and organ visibility, while height on all
60 pose-aligned, scale-recovered samples measures vertical metric consistency. These input-
quality checks complement segmentation mIoU, class-wise IoU, ablation, and downstream
counting, giving each stage a distinct measurable responsibility.

4.6. Scope and Next Validation

The self-built dataset contains 60 original seedling-stage rapeseed point clouds, with
42 training, 12 validation, and six test samples. Offline augmentation broadens geometric
variation within the training set. The five-seed analysis quantifies run-to-run variation
under the stated fixed split and training configuration, while additional acquisition sessions,
growth stages, and independent biological samples remain necessary to quantify trait-level
reliability beyond this seedling-stage setting.

The Supplementary Materials report baseline configurations, recovered implementa-
tion details, and documented split deviations. The comparison therefore represents the
stated implementations under a common dataset-specific protocol. Releasing these settings
makes the benchmark reproducible and identifies implementation harmonisation as a
useful target for future comparisons.

Model capacity is the main constraint on interpreting the V0 comparison: V0 has
0.97 M parameters, while V2 and V3 have about 10.90 M. The similar-scale B/V2/V3 com-
parisons and the equal-scale V2-to-V3 comparison provide the clearest module evidence. A
capacity-matched LLGE/SSCA study would further separate representation design from
parameter count.
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The multi-dataset experiment spans COLMAP-based rapeseed, an image-based soy-
bean dataset, and laser-scanned Pheno4D maize and tomato, covering different crop
structures, acquisition routes, artefacts, and label protocols. Each dataset was trained
and evaluated within its native label space, so the four-dataset average is a descriptive
equal-weight summary rather than a cross-dataset transfer score. Soybean MainStem IoU
identifies topology-aware branch-order modelling as the remaining challenge, whereas the
Pheno4D-Maize result is aided by clean binary labels and a plant/time-consistent split.

Semantic-guided counting was an exploratory analysis on the same six-sample test set;
checkpoint selection used the separate validation split. The five-seed summary quantifies
run-to-run counting variation, but checkpoint selection used the separate validation split,
while downstream evaluation used the six test samples. A larger independent instance-
labelled set is therefore needed to estimate structural recovery reliability at scale.

Plant height was computed independently from semantic labels on all 60 denoised,
pose-aligned, and scale-recovered rapeseed point clouds. It is not a Plant-GeoAT result:
it quantifies the reconstruction and preprocessing pipeline only. Together with manual
completeness checks, the height metrics quantify the input quality of the reconstruction
and preprocessing workflow.

The fixed-hardware profile now provides an offline A100 reference for complete-scene
inference. The next operational validation should repeat profiling on deployment-class
hardware while testing additional growth stages, acquisition environments, and repeated
batches. These experiments would extend the present organ-parsing results from controlled
near-field inputs towards open-field phenotyping.

5. Conclusions
Plant-GeoAT converts reconstructed XYZRGB point clouds into leaf/stem semantic

units through a geometry-to-context pathway. LLGE encodes relative-XYZ neighbourhoods
before RGB fusion, and SSCA couples spatial neighbourhoods with feature–space relations.
This ordering links local organ shape to the context needed for dense point-wise identity
prediction and provides an explicit organ-identity layer after reconstruction.

Across five seeds on self-built rapeseed, Soybean-MVS, Pheno4D-Maize, and Pheno4D-
Tomato, Plant-GeoAT achieved the strongest reported dataset-specific mIoU in the com-
pared protocols, with a descriptive four-dataset average of 92.31%. Near-matched ablations
support complementary roles for learned local geometry and contextual coupling, while
the capacity difference between V0 and the full model limits claims from the smallest
baseline comparison.

On the self-built rapeseed data, all-sample height consistency established the met-
ric quality of the reconstructed inputs independently of semantic labels. Exploratory
semantic-guided clustering showed that predicted leaf points can enter a conventional
phenotyping operation, but the small six-sample test set and incomplete instance re-
covery prevent a claim of independent trait-validation accuracy. The main limitations
are the absence of cross-dataset transfer tests, capacity-matched ablations, deployment-
hardware comparisons, and broader growth-stage and biological replication. Future work
should add independent instance-labelled datasets, explicit organ-connection or hierar-
chy annotations, capacity-matched baselines, cross-platform profiling, and open-field
multi-stage evaluation.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/agronomy16181809/s1, Figure S1: Representative soybean failure
cases on held-out Area 2 scenes. For each scene, the panels show the ground truth, Plant-GeoAT
prediction, error localization, and a main-stem failure zoom. Blue, green, and orange points denote
leaf, lateral-stem, and main-stem classes, respectively; red points mark other errors, magenta points
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mark missed main-stem points, and the zoom outlines the ground-truth main stem. Table S1: Overall
ablation results with model complexity across crop datasets; Table S2: Class-wise IoU of ablation
variants across crop datasets; Table S3: Overall segmentation performance and model complexity
of comparison methods; Table S4: Full class-wise segmentation metrics on Rapeseed and Soybean-
MVS; Table S5: Full class-wise segmentation metrics on Maize and Tomato; Table S6: Stem IoU
improvement over the best baseline; Table S7: Exploratory leaf-counting and structural-consistency
results on the six-sample test set; Table S8: Feature design for semantic-guided leaf counting; Table S9:
Clustering parameters for semantic-guided leaf counting; Table S10: Fragment attachment and merge
rules; Table S11: Baseline configuration and dataset protocol reporting; Table S12: Definitions used in
structural-correctness review; Table S13: Public-dataset partition, augmentation, and source reporting;
Table S14: Plant-GeoAT multi-seed dataset-level mIoU; Table S15: Multi-seed dataset-level mIoU
of all compared models; Table S16: Plant-GeoAT multi-seed class-wise IoU; Table S17: Multi-seed
ablation average mIoU; Table S18: Multi-seed ablation average stem IoU; Table S19: Multi-seed
ablation per-dataset mIoU; Table S20: Multi-seed ablation per-dataset stem IoU; Table S21: Multi-
seed predicted leaf counts per test sample; Table S22: Multi-seed leaf-counting summary metrics;
Table S23: Plant-height validation metrics and multi-seed behavior; Method S1: HDBSCAN parameter
design for semantic-guided leaf counting; Method S2: Baseline configuration reporting; Method S3:
Structural-correctness protocol for exploratory leaf-counting analysis; Method S4: Public-dataset
partition and augmentation reporting; Method S5: Self-built rapeseed annotation protocol; Method S6:
Plant-GeoAT implementation details.
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Nomenclature

Symbol or Abbreviation Definition Unit
2D two-dimensional -
3D three-dimensional -

COLMAP
structure-from-motion and
multi-view stereo software -

Conv1d one-dimensional convolution -
DGCNN dynamic graph convolutional neural network -
EdgeConv edge convolution -
F1 harmonic mean of precision and recall -
FN false negatives count
FP false positives count
FPS farthest point sampling -
IoU intersection over union -
KNN k-nearest neighbours -
LLGE learnable local geometry extractor -
MAE mean absolute error metric-dependent
MAPE mean absolute percentage error %
mIoU mean intersection over union -
MVS multi-view stereo -
RGB red-green-blue colour channels -
RMSE root mean square error metric-dependent
SSCA spatial–semantic coupled attention -
TP true positives count
XYZRGB 3D coordinates with red-green-blue colour -
Roman symbols
Br(i) radius-based neighbourhood of point i -
ci RGB colour vector of point i -
C set of detected leaf clusters -
D dataset identifier -
Ei

s feature–space branch output at encoder stage s -
G semantic-guided clustering function -
gij encoded relative-geometry feature -
H plant height cm
Ht, Ĥt measured and estimated plant heights cm
Hpot

real measured physical pot height mm

Hpot, mrec reconstructed pot height
for plant m before metric scaling -

hi
s feature of point i at encoder stage s -

K, k neighbour counts count
li local geometry descriptor of point i -
N number of points in a point-cloud block count
NK(i) KNN neighbourhood of point i -
Nt, N̂t observed and predicted leaf counts count
P, P* input and scale-recovered point clouds -
Pleaf predicted leaf-candidate point set -
pi point i -
sm scale factor for plant m mm/model unit
Si

s spatial branch output at encoder stage s -
Ts local point-transformer mapping at stage s -
ui

s lifted feature at encoder stage s -
W semantic prediction-head weight matrix -
xi XYZ coordinate vector of point i -
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xi,m* scale-recovered coordinate of point i in plant m mm
ŷi predicted semantic label of point i -
YD dataset-specific semantic label space -
zmax, zmin maximum and minimum vertical coordinates mm
Greek symbols
∆xij relative-XYZ offset from point i to neighbour j -
ηs EdgeConv-style mapping at stage s -
φgeo local geometry encoding function -
φs shared feature-lifting mapping at stage s -
ψs spatial-feature fusion mapping at stage s -
θ trainable Plant-GeoAT parameters -
θg semantic-guided clustering parameters -
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