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Abstract

Fractional vegetation cover (FVC) is a key indicator of semi-arid ecosystem
condition, but non-photosynthetic vegetation (NPV) remains difficult to map
because dry or senescent vegetation, litter, woody debris, and standing dead
material can overlap spectrally with photosynthetic vegetation (PV) and bare
ground (BE), especially where shadows, exposed bare earth surfaces, and
mixed vegetation–soil pixels occur.

We developed an NPV-aware, spectrally structured convolutional neu-
ral network workflow for UAS-based FVC mapping using multispectral and
imaging spectroscopy data. The framework used a U-Net backbone with
band-aware spectral encoding, lightweight cross-channel attention, NPV-
weighted optimisation, data augmentation, spectral characterisation, Monte
Carlo dropout uncertainty mapping, cross-site inference, and TensorRT bench-
marking.

Ablation experiments showed that NPV-weighted variants produced the
largest target-class gains. M5 achieved the highest aggregate NPV F1-score
(0.496; +0.148 relative to baseline M1), while M3 achieved the highest mean
F1-score (0.745) and mIoU (0.629). The selected MICA 304 px M5 config-
uration produced stronger segmentation scores (NPV F1 = 0.725; mean F1
= 0.886), whereas the selected FX10–FX17 152 px M5 configuration pro-
vided broader VNIR–SWIR information for interpreting NPV, vegetation–



substrate mixtures, dry material, and moisture-sensitive variation. These
results indicate a spatial–spectral trade-off: finer spatial resolution improved
segmentation detail, while broader spectral information strengthened inter-
pretation of class ambiguity.

Reflectance separability, spectral-index maps, model-derived spectral im-
portance, and uncertainty outputs showed that NPV remained the most un-
certain class. Cross-site inference provided qualitative transfer diagnostics,
and TensorRT results on Jetson AGX Orin demonstrated compatibility with
embedded GPU inference. The workflow provides an interpretable, edge-
compatible baseline for sensor-informed FVC mapping.

Keywords: UAS hyperspectral, multispectral imagery, transfer, deep
learning, vegetation function mapping, edge deployment

1. Introduction

Fractional vegetation cover (FVC) is a key descriptor of ecosystem con-
dition in dryland and semi-arid environments, where sparse herbaceous and
woody vegetation, dry plant material, and exposed substrates vary strongly
across space and time. In component-based fractional cover products, the
land surface is commonly partitioned into photosynthetic vegetation (PV;
green vegetation with high chlorophyll content), non-photosynthetic vege-
tation (NPV; woody material, litter, and dry or senescent plant material),
and bare ground (BE; soil, gravel, and rock). These fractions provide an
ecologically meaningful representation of active vegetation, dry biomass, and
exposed ground, supporting assessments of vegetation condition, degradation
risk, productivity, surface stability, grazing capacity, carbon-related ecosys-
tem processes, and ecosystem resilience (Fisk et al., 2019a; Morgan et al.,
2020; Melville et al., 2019a; Harrison et al., 2021; Li et al., 2023). In drought-
affected drylands, changes in PV, NPV, and BE are particularly important
because they can indicate shifts in vegetation dynamics, dry biomass accu-
mulation, soil exposure, and ecosystem function (Brodribb et al., 2020, 2021;
Dou et al., 2025).

Optical remote sensing provides a practical basis for estimating these FVC
components because PV, NPV, and BE differ in their reflectance across vis-
ible (VIS), red-edge, near-infrared (NIR), and shortwave-infrared (SWIR)
wavelengths. VIS wavelengths are sensitive to pigment absorption, the red-
edge region captures the transition from chlorophyll absorption to enhanced
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NIR re�ectance, NIR wavelengths are strongly in�uenced by leaf and canopy
structure, and SWIR wavelengths provide complementary sensitivity to water
status and dry-matter components (Lewis et al., 2001; Homolová et al., 2013).
However, the measured re�ectance signal is not uniquely controlled by a sin-
gle vegetation property, because absorption, scattering, canopy structure,
substrate background, illumination, and viewing geometry interact (Katten-
born et al., 2019c,b; Homolová et al., 2013; Wang et al., 2019b; Kattenborn
et al., 2024). Vegetation indices (VIs) have therefore been widely used as em-
pirical proxies for greenness, productivity, pigment status, water status, and
related ecosystem properties (Tucker, 1979; Merton, 1998; Xue and Su, 2017;
Montero et al., 2023; Haynes et al., 2026). In drylands, however, VI interpre-
tation remains context-dependent because dry vegetation, exposed substrate,
shadows, canopy structure, and mixed vegetation-soil backgrounds can pro-
duce overlapping spectral responses (Lewis et al., 2001; Fisk et al., 2019a;
Melville et al., 2019a; Li et al., 2023; Kattenborn et al., 2024). Explicit
PV-NPV-BE mapping is therefore important for distinguishing green vege-
tation, non-photosynthetic dry biomass, and exposed ground, improving the
physical interpretability of FVC estimates beyond greenness-based proxies.

Building on these spectral principles, satellite Earth observation data, in-
cluding multispectral missions such as Landsat and Sentinel-2 and spaceborne
imaging spectroscopy missions such as the German Environmental Mapping
and Analysis Program (EnMAP), enable repeated and spatially extensive
monitoring of vegetation cover across dryland landscapes (Guanter et al.,
2015; Fisk et al., 2019b; Storch et al., 2023; Chabrillat et al., 2024; Reddig
et al., 2025). Recent EnMAP-based studies have shown that hyperspectral
linear unmixing can retrieve subpixel fractional abundances in sparse, low-
signal vegetation, although robust validation still requires high-resolution
reference data such as UAS imagery (Reddig et al., 2025). Nevertheless,
the moderate spatial resolution of many satellite sensors can limit the detec-
tion of small vegetation patches, exposed soil, litter, shadows, and �ne-scale
mixtures of PV, NPV, and BE in heterogeneous rangelands, thereby con-
straining detailed mapping of local surface composition (Fisk et al., 2019a;
Melville et al., 2019a; Morgan et al., 2020; Li et al., 2023).

Imagery from unoccupied aerial systems (UAS) complements satellite-
based monitoring by providing centimetre-scale spatial resolution and de-
tailed information on local vegetation structure, canopy gaps, shadows, and
exposed ground patterns (Lucieer et al., 2014; Melville et al., 2019b; Turner
et al., 2024; Sotomayor et al., 2025a, 2026; Mosig et al., 2026). Integrat-
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ing UAS-derived RGB imagery with multispectral data has been shown to
improve FVC mapping by capturing �ne-scale spatial and spectral variation
in PV, NPV, shadows, and exposed BE within semi-arid ecosystems (Bian
et al., 2016; Chen et al., 2016; Choi et al., 2016; Melville et al., 2019b; So-
tomayor et al., 2025a). UAS multispectral sensors typically acquire data
in the VIS, red-edge, and NIR regions, providing sensitivity to greenness,
canopy structure, and broad vegetation-soil contrasts (Melville et al., 2019a;
Bollard et al., 2022; Sotomayor et al., 2025a). However, although multi-
spectral imagery has demonstrated strength in discriminating and mapping
broad biophysical vegetation variables such as leaf area index, and canopy
cover, and in monitoring vegetation condition such as greenness, resolving
compositional variation among PV, NPV, and BE remains di�cult. This
limitation arises because broad spectral bands may not capture diagnostic
variation associated with pigment degradation, vegetation drying, dry plant
material, shadow e�ects, and heterogeneous soil backgrounds, leading to po-
tential confusion among FVC components (Lewis et al., 2001).

UAS imaging spectroscopy, hereafter referred to as hyperspectral imagery,
addresses this spectral limitation by measuring narrow and contiguous bands
across the VNIR�SWIR region (Asner and Martin, 2009; Ustin and Gamon,
2010; Zhao et al., 2021). Compared with broadband multispectral imagery,
hyperspectral data preserve wavelength-dependent information and provide
greater sensitivity to subtle functional di�erences associated with pigment-
related responses, red-edge behaviour, moisture condition, dry vegetation
material, canopy structure, and background e�ects in sparse vegetation com-
munities (Malenovský et al., 2017; Yang et al., 2021; Turner et al., 2023;
Wang et al., 2019a; Cotrozzi, 2022; Jutras-Perreault et al., 2023; Cimoli
et al., 2024; Haynes et al., 2024). Because the available SWIR range in this
study extends only to approximately 1600 nm and does not capture longer
SWIR absorption features, moisture-sensitive contrast, dry-material signals,
and soil-background interactions are interpreted as trait-sensitive spectral
indicators or functional-condition proxies rather than direct biochemical or
physiological measurements.

The high dimensionality of UAS hyperspectral imagery creates both an
opportunity and a modelling challenge. Dimensionality-reduction and feature-
selection approaches, including spectral indices, principal component analy-
sis, spectral summary statistics, and selected narrow bands, are commonly
used to simplify hyperspectral inputs and reduce computational burden (Sothe
et al., 2020; Cimoli et al., 2020; Kattenborn et al., 2021; Sandino et al., 2025).
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These approaches can retain dominant spectral variance or target diagnostic
wavelength regions linked to biochemical, structural, and moisture-related
vegetation properties, and have been e�ective for arid vegetation discrimina-
tion, vegetation-health assessment, water-content estimation, pigment-proxy
mapping, and stress detection (Lewis et al., 2001; Malenovský et al., 2015,
2017; Turner et al., 2023; Montes-Herrera et al., 2024; Sandino et al., 2025;
Cimoli et al., 2026; Haynes et al., 2026). However, reducing hyperspectral
data to indices, principal components, summary statistics, or a limited set
of selected bands may discard wavelength-speci�c and spectral-shape infor-
mation needed to separate PV, NPV, BE, and transitional vegetation states.
This is particularly problematic where pigment decline, vegetation drying,
dry plant material, shadow, and soil-background e�ects produce overlapping
spectral responses (Sothe et al., 2020; Kattenborn et al., 2021). Conversely,
retaining full spectral resolution alone does not resolve spatially mixed pix-
els, di�use class boundaries, limited training data, or spectral shifts between
sites.

Deep learning segmentation algorithms provide a pathway for integrating
spectral and spatial information from high-resolution UAS imagery. Con-
volutional neural networks (CNNs), in particular, have been widely applied
in vegetation mapping because they can learn local spatial features such
as edges, textures, patch boundaries, and neighbourhood context (Katten-
born et al., 2019a, 2020, 2021; Schiefer et al., 2023; Sotomayor et al., 2025a;
Möhring et al., 2025). These features are important for FVC mapping be-
cause PV, NPV, BE, and shadows often vary over short distances in re-
sponse to vegetation structure, senescence, substrate exposure, and local
microtopographic conditions. However, in many two-dimensional (2D) CNN
applications to hyperspectral imagery, spectral bands are treated as input
channels. This allows spectral information to be learned implicitly, but does
not explicitly encode wavelength order, band adjacency, or physically mean-
ingful spectral intervals. As a result, the contribution of red-edge regions,
SWIR-sensitive wavelengths, or diagnostically important spectral intervals
to class predictions may be di�cult to control or interpret. Although CNNs
have been adapted to learn informative relationships from canopy spectra
for plant-trait retrieval (Cherif et al., 2023), spatially explicit segmentation
of hyperspectral imagery can bene�t from spectral or band-aware encoding
that is integrated with CNN-based spatial feature extraction.

The need to jointly represent spectral structure and spatial context has
motivated the adaptation of modern vision architectures for remote sensing
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segmentation. Transformer-based encoders, including Vision Transformers
(ViTs), CNN�Transformer hybrids, and SegFormer-style models (Xie et al.,
2021), can capture longer-range spatial dependencies and contextual relation-
ships beyond the local receptive �elds of conventional CNNs (Jiang et al.,
2023; Joshi and Witharana, 2025; Möhring et al., 2025). In high-resolution
vegetation mapping, SegFormer-style architectures have been used for tree-
cover delineation and vegetation-condition segmentation from RGB UAS im-
agery (Veitch-Michaelis et al., 2024; Möhring et al., 2025). Nevertheless,
adapting these models to multispectral or hyperspectral imagery remains
non-trivial because standard pretrained SegFormer models are typically con-
�gured for three-channel RGB inputs. Although transfer learning from pre-
trained RGB models can reduce annotation requirements and improve model
generalisation, extending RGB-pretrained architectures to additional spec-
tral bands requires modi�cation of the initial patch-embedding layer, which
can limit the direct reuse of pretrained RGB weights (Xie et al., 2021; Kat-
tenborn et al., 2021; R·ºi£ka and Markham, 2024; Chowdhury et al., 2026).
Recent hyperspectral ViT adaptations, including HyperSegFormer, address
this limitation by modifying Transformer-based segmentation models to pro-
cess high-dimensional hyperspectral data cubes more directly (R·ºi£ka and
Markham, 2024). However, Transformer-based models often require larger
annotated datasets and greater computational resources when trained di-
rectly, which can limit their operational use in ecological applications where
labelled data are sparse (Li et al., 2024; Chowdhury et al., 2026).

These data and computational constraints are particularly relevant for
UAS vegetation mapping. Prior reviews of CNN-based vegetation stud-
ies report a median of approximately 2795 reference observations across
UAS- or airborne-based studies in the reviewed literature (Kattenborn et al.,
2019a, 2021). Reported reference data volumes vary among sensing plat-
forms, re�ecting di�erences in spatial extent, opportunities for reference-
data reuse, and the class separability enabled by �ner spatial or structural
detail in higher-resolution observations. In this data-constrained context, U-
Net encoder�decoder CNNs remain a practical option for UAS-based FVC
segmentation because they provide e�cient pixel-wise prediction, integrate
multiscale spatial context, and can be trained with comparatively modest an-
notation e�ort (Huang et al., 2018; Brodrick et al., 2019; Kattenborn et al.,
2019a, 2021).

For UAS hyperspectral FVC mapping, the central challenge is therefore
not simply to adopt increasingly complex vision architectures, but to preserve
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diagnostically relevant spectral information while maintaining the spatial
precision, annotation e�ciency, and transferability required for component-
level segmentation. This is important because transferable UAS-derived FVC
products can provide �ne-scale reference information for evaluating regional
satellite-derived vegetation cover estimates, where coarser pixels often in-
tegrate multiple ground-cover components. New site inference remains dif-
�cult because vegetation condition, senescence, soil background, illumina-
tion, shadow, and substrate exposure can shift spectral distributions between
training, validation, and deployment areas. Hyperspectral work�ows also in-
volve trade-o�s among spectral richness, spatial resolution, signal-to-noise
ratio, storage requirements, calibration complexity, and computational cost
(Kattenborn et al., 2021; Chowdhury et al., 2026). Spectral adapter mod-
ules provide one mechanism for addressing these constraints by translating
high-dimensional hyperspectral inputs into structured spectral representa-
tions before spatial decoding, allowing CNN-based models to exploit spec-
tral information while retaining local boundary-delineation ability (Braham
et al., 2025). In this study, spectral structure refers to the explicit modelling
of relationships among ordered spectral bands, rather than relying solely on
channel mixing that does not encode wavelength order.

Building on existing UAS-derived FVC labels (Sotomayor et al., 2025b)
and prior CNN-based FVC segmentation work in sparse rangelands (So-
tomayor et al., 2025a), this study extends UAS-based FVC mapping to imag-
ing spectroscopy by evaluating whether spectrally structured CNN variants
can improve class separability while retaining e�cient spatial segmentation.
Related work has demonstrated the reuse of UAS-derived 2D labels for scal-
able 2D�3D transfer and growth-form benchmarking in rangeland ecosystems
(Sotomayor et al., 2026); here, the focus remains on 2D hyperspectral FVC
mapping and new-site inference.

Operational feasibility is also important for UAS-based environmental
monitoring because large hyperspectral rasters, high spectral dimensionality,
and tiled inference can make deployment work�ows computationally demand-
ing. Although high-performance computing is suitable for model training
and large-scale experimentation, �eld deployment in remote or connectivity-
limited environments requires lightweight inference work�ows that can op-
erate near the sensor on portable, power-constrained GPU platforms. Edge
computing can reduce acquisition-to-processing latency, limit the transfer of
full-resolution hyperspectral data to cloud or HPC infrastructure, and lower
energy demand, supporting more sustainable and cost-e�ective operation for
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battery limited UAS missions (Koubaa et al., 2023; Liu et al., 2021; López-
Fandiño et al., 2024). Recent work has therefore emphasised onboard and
edge AI for drone remote sensing (Koubaa et al., 2023), optimised deep learn-
ing on edge computer such as the NVIDIA Jetson platforms (Mittal, 2019),
Jetson AGX Orin benchmarking for high-resolution multispectral anomaly
detection (López-Fandiño et al., 2024), and low-compute hyperspectral mod-
els for onboard remote-sensing applications (Haut et al., 2019; R·ºi£ka and
Markham, 2024).

Accordingly, this study makes three primary contributions:

1. We adapt and extend a previously developed CNN-based FVC segmen-
tation framework (Sotomayor et al., 2025a) for multi-sensor UAS opti-
cal imagery, with emphasis on the spectrally ambiguous NPV compo-
nent. The upgraded framework evaluates band-aware spectral encoding
through controlled ablation experiments comparing a baseline U-Net, a
spectral-adapter CNN, and a spectral-adapter CNN with a lightweight
spectral transformer, while separately assessing NPV-weighted optimi-
sation for FVC class imbalance.

2. We assess post-inference spectral characterisation and model inter-
pretability by relating predicted BE, NPV, and PV classes to re�ectance
responses, pairwise spectral separability, post-inference spectral-index
maps, Monte Carlo dropout-based uncertainty, and class-wise model-
derived spectral importance scores, with particular attention to the
spectral ambiguity of NPV.

3. We evaluate edge-deployment feasibility by exporting selected multi-
spectral and imaging spectroscopy models to ONNX, converting them
to TensorRT engines, and benchmarking numerical consistency, model
footprint, inference latency, throughput, and precision-dependent per-
formance on Jetson AGX Orin hardware.

2. Materials

2.1. Study area and datasets
We tested the spectrally structured CNN at one site (SASMDD0001),

known as an AusPlot site that is part of the Australian Terrestrial Ecosystem
Research Network (TERN) and inferenced in another TERN Ausplot (SAS-
MDD0013) (White et al., 2012), each representing similar vegetation types as
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de�ned by the National Vegetation Information System (NVIS) (DCCEEW,
2017). The sites sample the predominant structural formations of this semi-
arid area, encompassing a range of vegetation types, soil characteristics, and
structural complexities (White et al., 2012; TERN, 2026) (detailed in Ta-
ble 1). The study sites covered a total area of 19 hectares (ha) and are
located at Calperum Station near Renmark, South Australia (see Figs. 1
and Fig.2, where further details of UAS imagery processing is described in
Section 3.1). This area experiences low annual rainfall (average 265 mm) and
an average temperature of 17� C.
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