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Abstract

Three-dimensional (3D) characterisation of vegetation structure at the level
of individual growth forms is critical for understanding ecosystem function
and resilience, yet remains challenging in rangelands because vegetation is
sparse, low-stature, and structurally heterogeneous. Recent 3D deep-learning
models perform strongly in forests, but their transfer beyond closed-canopy
benchmarks is limited by scarce labelled 3D data and forest-centred archi-
tectural assumptions.

We present a modular 2D-to-3D label-transfer workflow that projects
high-resolution UAS multispectral labels into co-registered LiDAR point clouds,
generating height-plausible and object-consistent volumetric supervision with-
out manual point-cloud annotation. Using this supervision, we evaluated
zero-shot transfer, few-shot fine-tuning, and training from scratch.

Forest-trained models declined from 85.2% mlIoU in forest to 41.1% and
16.1% in medium- and low-density rangelands, while instance F1 dropped
sharply. Curriculum fine-tuning produced the strongest rangeland perfor-
mance, reaching 49.6% and 63.1% mloU. Effective 3D rangeland mapping
therefore requires scalable target-domain supervision and adaptation beyond
forest-centred structural assumptions.

Keywords: UAS LiDAR, multispectral imagery, 2D-to-3D label transfer,
3D deep learning, vegetation structure mapping, semi-arid rangelands



1. Introduction

Understanding the three-dimensional (3D) structure of vegetation is cen-
tral to ecosystem science (Ehbrecht et al., 2021; Zhang et al., 2024). Growth
forms, de ned by morphology, including size, shape, and vertical organisa-
tion, represent fundamental organisational units of vegetation and regulate
plant function, habitat structure, and ecosystem resilience (Omasa et al.,
2007; Ganz et al., 2019; Gassilloud et al., 2025). While changes in vegetation
cover or productivity may be detectable before clear shifts in growth form,
structural attributes provide complementary information on ecological con-
dition that spectral metrics alone cannot resolve (Jacobs et al., 2021). Water
de cit, heat, and disturbance alter plant architecture, canopy arrangement,
and vertical complexity at both individual and community scales, with im-
portant consequences for photosynthesis, transpiration, habitat suitability,
and ecosystem functioning (Omasa et al., 2007). Capturing these 3D char-
acteristics is therefore essential for monitoring vegetation dynamics across
heterogeneous landscapes.

Spatially explicit information on the distribution of vegetation growth
forms remains limited from local to landscape scales, largely because such
measurements are di cult to obtain through eld surveys or conventional
satellite-based Earth observation (Kellner et al., 2019). This challenge is
especially pronounced in semi-arid rangeland ecosystems, where vegetation
is sparse, low-stature, and highly heterogeneous. Rangelands cover approx-
imately 45% of the Earth's terrestrial surface and nearly 70% of Australia,
supporting essential ecosystem services including grazing, biodiversity con-
servation, and carbon sequestration (Reid et al., 2014; Harrison et al., 2021;
Retallack et al., 2022). In Australia, these landscapes include extensive
mallee ecosystems characterised by multi-stemmed, low-stature eucalypts
and shrub-dominated vegetation, whose discontinuous canopies and ne-
scale spatial variability make them particularly di cult to characterise struc-
turally.

Field-based measurements of growth forms provide detailed structural
indicators but are labour-intensive and spatially sparse (Jiang et al., 2012;
Kellner et al., 2019; Zhang et al., 2021). Terrestrial laser scanning (TLS)
and mobile laser scanning (MLS) systems provide highly detailed charac-
terisation of tree architecture and understory structure at plot scale, but



their limited spatial coverage and acquisition logistics constrain scalability
for landscape-level monitoring (Disney, 2019; Calders et al., 2020; D'hont
et al., 2025). Satellite multispectral data have enabled broad-scale vegeta-
tion monitoring (White et al., 2009), including Landsat-based vegetation-
cover mapping with shallow machine-learning approaches (Jones et al., 2018;
Zhang et al., 2019). In semi-arid rangelands, Sentinel-2 and Landsat support
repeated FVC and woody-cover monitoring, but mixed pixels limit their abil-
ity to resolve ne-scale vegetation components and structural heterogeneity
(Sutton et al., 2022; Ruscalleda-Alvarez et al., 2025). Recent studies show
that high-resolution UAS reference data can support sub-pixel vegetation-
fraction estimation from Sentinel time series (Schiefer et al., 2023; Mosig
et al., 2026b,a). However, satellite products still provide limited information
on plant-scale height, crown extent, canopy patterns, and vertical growth-
form organisation.

Unoccupied aerial systems (UAS) equipped with multispectral sensors
and lidar now provide centimetre-scale 3D observations that support mea-
surements of plant height and crown geometry of individual growth forms
(Lucieer et al., 2014; Melville et al., 2019; Almeida et al., 2021; Schiefer
et al.,, 2023; Sotomayor et al., 2025a). However, most operational work-
ows still reduce these data to 2D products, such as canopy height models
(CHMs) derived from Structure-from-Motion (SfM) photogrammetry point
clouds, which limits their capacity to represent vertical heterogeneity and
multi-stemmed growth forms typical of rangelands (Kattenborn et al., 2020;
Schiefer et al., 2020; Ecke et al., 2022; Harrison et al., 2024). Passive imaging
also tends to underestimate vegetation height and poorly resolve mid-storey
structure because of canopy occlusion and restricted viewing geometry (Dan-
dois and Ellis, 2013; Wallace et al., 2019). Although height products such as
CHMs can provide complementary structural information, their contribution
in 2D CNN work ows has generally been modest or inconsistent, suggesting
that some coarse structural cues are already partially encoded in RGB im-
agery through shadows, illumination gradients, and crown texture (Katten-
born et al., 2020; Schiefer et al., 2020; Sothe et al., 2020; Xiang et al., 2025b).
More fundamentally, collapsing 3D vegetation structure into 2D surfaces ob-
scures the vertical organisation needed for robust growth-form classi cation
and may increase susceptibility to over tting in sparse, structurally hetero-
geneous ecosystems (Kattenborn et al., 2020; Sothe et al., 2020; Sotomayor
et al., 2025a).

Recent research has therefore shifted towards algorithms that operate
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directly on 3D point clouds, preserving spatial context and vertical organ-
isation essential for characterising vegetation structure (Xiang et al., 2024;
Wielgosz et al., 2024; Cherlet et al., 2026). An early step in this transition in-
volved point-based neural networks operating on unstructured point clouds,
where architectures derived from PointNet++ (Qi et al., 2017) enable hier-
archical feature learning from raw point sets and have since been extended
for tree detection, segmentation, and structural characterisation (Krisanski
et al., 2021; Wielgosz et al., 2023). Instance-level frameworks further ad-
vanced individual tree delineation, including Point2Tree, which combines hi-
erarchical feature learning and clustering for tree segmentation (Wielgosz
et al., 2023), and TreeLearn, a multi-task framework integrating semantic
and instance predictions for structural interpretation (Henrich et al., 2024).
More recent class-agnostic approaches such as SegmentAnyTree emphasise
geometry-driven detection and aim to generalise across forest types without
species-speci ¢ training (Wielgosz et al., 2024), while bottom-up frameworks
such as ForAINet combine semantic and instance segmentation for object-
centric ecological analysis (Xiang et al., 2024). Building on these, voxel-based
sparse 3D CNN architectures such as 3D U-Net variants implemented in the
Minkowski Engine (Choy et al., 2019) enable e cient processing of high-
density point clouds while retaining full volumetric context, though perfor-
mance remains sensitive to point density, canopy continuity, and voxel size
(Choy et al., 2019; Xiang et al., 2024). Transformer-based models such as
ForestFormer3D (Xiang et al., 2025b) further extend this by explicitly cap-
turing long-range dependencies and hierarchical relationships across spatial
scales, demonstrating strong performance in dense, vertically strati ed for-
est environments. Together, these methods preserve full point-level detalil,
enabling representation of sub-canopy structure and vertical complexity.
Despite recent progress in 3D deep learning, a fundamental bottleneck
remains: algorithmic advances have outpaced the availability of represen-
tative training data, and most labelled lidar datasets originate from dense
forest ecosystems dominated by vertically strati ed, single-stem trees. lidar-
derived point clouds are also a ected by occlusion and sampling uncertainty
within lower canopy strata (Brede et al., 2022; Gassilloud et al., 2025), com-
pounding the challenge of supervising models in structurally sparse environ-
ments. Consequently, existing frameworks including ForestFormer3D and
SegmentAnyTree have been developed and validated almost exclusively in
forest environments, and the structural assumptions embedded in these mod-
els, continuous canopy, single-stem architecture, vertical strati cation, limit
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their applicability to rangeland ecosystems where vegetation is low-statured,
multi-stemmed, and discontinuous. The extent to which these assumptions
a ect model transferability across structurally distinct ecosystems remains
largely untested, and labelled point cloud data for semi-arid rangelands are
virtually nonexistent, limiting both training and objective evaluation under
sparse canopy conditions.

To extend 3D vegetation modelling beyond forested benchmarks, this
study builds on our previous CNN-based work ow for mapping fractional
vegetation cover from high-resolution UAS multispectral imagery (Sotomayor
et al., 2025a,b), adapting it to produce vegetation labels and transfer them
to co-registered lidar point clouds. Our two contributions are:

1. A 2D-to-3D label-transfer work ow that adapts multispectral CNN-
derived vegetation labels for scalable lidar-based volumetric supervi-
sion.

2. A set of controlled ablation studies evaluating ForestFormer3D under
zero-shot transfer, few-shot ne-tuning, and training from scratch, and
SegmentAnyTree as a complementary zero-shot instance-segmentation
baseline, using FOR-instanceV2 (Xiang et al., 2025a) as the source
forest benchmark and the Calperum semi-arid sites as target domains,
isolating the e ects of pretraining, adaptation strategy, and vegetation
density on 3D model behaviour under structural domain shift.

2. Materials

We tested two complementary 3D deep learning approaches at two study
sites, known as TERN AusPlots (White et al., 2012), each representing dif-
ferent vegetation types as de ned by the National Vegetation Information
System (NVIS) (DCCEEW, 2017). The sites sample the predominant struc-
tural formations of this semi-arid area, encompassing a range of vegetation
types, soil characteristics, and structural complexities (White et al., 2012)
(detailed in Table 1). The study sites covered a total area of 19 hectares
(ha) (see Figs. 1, Fig.2) and are located at Calperum Station near Renmark,
South Australia. This area experiences low annual rainfall (average 265 mm)
and an average temperature of 17C.



Figure 1: A Location of the two study sites (rectangle coloured boxes in map top-left) at
Calperum Station, South Australia, each representing a di erent vegetation community
(B for low, C for medium), and D the UAS platforms used for data acquisition during
the survey.

The low vegetation ecosystem features open chenopod shrubland dom-
inated by black bluebush, with sparse ground cover comprising forbs and
woody debris (see Fig. 2A, B). The soil is predominantly Calcarosol. The
medium-density vegetation also includes a regenerating mallee canopy, in-



uenced by past re events, with sparse Triodia hummock grasses (see Fig.

2C, D). Here, standing dead branches add to the coarse woody debris, creat-
ing structural diversity with elements such as mallee, grass hummocks, and
non-photosynthetic (NPV) branches.

Table 1: Site descriptions including area, land system, dominant vegetation, height, struc-
ture and growth forms (White et al., 2012; TERN, 2021; TERN et al., 2022)

AusPlot IDs Site area Land system |Dominant Height of |Growth forms
and soil type vegetation strata and structural
components
SASMDDO0011 184 m x|Gently undu-|Maireana pyra-|Mid X m (blue- |Woody cheno-
(low) 215 m| lating plains; | midata (Black | bushes) and| pod shrubs with
( 4 ha) reddish-brown | bluebush) low|Ground Y m |semi-succulent
calcareous open shrubland| (herbaceous): |foliage, forbs,
sandy loam with  scattered |0.51.0 m fallen woody
annual grasses branches and
and forbs stems, and
woody material
that is part of a
dead tree
SASMDDO0001 369 m x|Stable inland|Low open|Upper (Mallee | Hummock
(medium) 400 m| dune-swale systwoodland of| trees) and| grass, multi-
( 15 ha) tem; reddish| multi-stemmed | Ground (mainly | stemmed mallee
loamy sand mallee Eucalyp-| Triodia): 0.5 [trees,  shrubs,
tus spp. over/5m coarse  woody
sparse  under- debris, and
storey of Triodia litter. Stand-
scariosa  hum- ing/emergent
mock  grasses NPV
and shrubs branches/stem
that still stand
after regenera-
tion after re
and emergent

dead branches
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