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Abstract

Fractional vegetation cover (FVC) is a critical canopy structural variable essential for understanding vegetation dynamics.
Estimating FVC in arid environments often remains difficult due to sparse vegetation, weak spectral signals, and high
spectral confusion with the background. This study investigates the potential of spaceborne imaging spectroscopy to
overcome these limitations by estimating the FVC of Tillandsia landbeckii, a fog-dependent bromeliad endemic to the
Atacama Desert. Owing to its low reflectance and lack of chlorophyll absorption features, 7illandsia remains largely
undetectable using conventional multispectral sensors. We used hyperspectral data from the EnMAP satellite and applied
six semi-supervised sparse spectral unmixing algorithms at both local and regional scales. Unlike traditional supervised
approaches, our method does not rely on labeled training data. Instead, it uses a limited set of field- and image-based
endmember spectra to perform subpixel unmixing. Validation was conducted using a high-resolution reference dataset
combining a UAV orthomosaic (1.7cm) and Pléiades Neo imagery (30cm). While the best local model reached a mean
absolute error (MAE) of 3.1%, restricting the regional regression to confirmed 7Zillandsia pixels further reduced the MAE
to 1.8%. This study presents the first operational demonstration of EnMAP for subpixel mapping of Tillandsia landbeckii
cover, highlighting the value of semi-supervised unmixing techniques for vegetation analysis in hyper-arid environments
with limited reference data and strong spectral background similarity. The approach establishes a transferable framework
for estimating low-signal vegetation in hyper-arid regions, advancing the state of the art in fractional cover mapping.
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transpiration and solar radiation (Latorre et al. 2011; Males As a typical Crassulacean Acid Metabolism (CAM)
and Griffiths 2017). Tillandsia fields (tillandsiales), cover  plant, Tillandsia exhibits lower photosynthetic activity
up to 1900km? along the Pacific coast and are recognized  (Jaeschke et al. 2024), and its epidermal trichomes act
as valuable bio-indicators of paleo fog variability in the  as a spectral barrier, obscuring chlorophyll beneath. Con-
Atacama Desert (e.g., Del Rio et al. 2021; Jaeschke et al.  sequently, the species lacks the characteristic spectral
2019; Latorre et al. 2011; Moat et al. 2021; Pinto et al. 2006; patterns of green vegetation in the visible and near-infrared
Rundel et al. 1997). Although seemingly simple in struc-  (VIS/NIR) domain (400-900nm), including the typical red-
ture, communities dominated by a single 7illandsia species  edge slope around 720nm (Fig. 1). In addition, Tillandsia’s
play a crucial ecological role, reflecting past, present, and  overall reflectance is low, resulting in a weak spectral signal
future changes in fog patterns and climate dynamics (La-  that often blends with the background, particularly under
torre et al. 2011; Mikulane et al. 2022; Rundel et al. 1997). multispectral observation conditions. Previous studies have
However, detecting and mapping tillandsiales across the ~ shown that the limited spectral resolution of multispectral
Atacama Desert remains a significant challenge. This lim-  satellite data prevents effective pixel-based classification of
itation arises not only from the scarcity of comprehensive  Tillandsia using spectral information alone, as the spectral
field studies but also from the unique spectral and spatial ~ contrast with the surrounding substrate is too weak to allow
characteristics of Tillandsia (Hesse 2012; Moat et al. 2021; reliable detection (Mikulane et al. 2022).
Wolf et al. 2016).
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Fig.1 Spectral signatures of three surface types measured in the Atacama Desert (thin lines) resampled to the spectral resolution of various
satellite sensors (thick lines). The spectra were obtained using a field-portable ASD FieldSpec 4 spectroradiometer. Colored dots overlaid on the
spectra indicate the central wavelengths of each sensor band after spectral resampling. The comparison illustrates spectral gaps in multispectral
sensors (Landsat-8, Sentinel-2, and WorldView-3), particularly in regions relevant for vegetation detection. Notably, the characteristic chlorophyll
absorption features between 400-500nm and the red absorption peak around 680nm, typical of green vegetation, are largely absent or minimal
in the Tillandsia spectrum. The grass spectrum, derived from the ASTER spectral library, is included as a reference for typical photosynthetically
active vegetation and is not part of the study. The hyperspectral ENMAP sensor provides substantially higher spectral resolution and captures plant-
characteristic absorption features more effectively than the multispectral systems
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These spectral constraints are further compounded by the
spatial limitations of many multispectral satellite sensors,
which typically combine moderate spatial resolution with
a limited number of broad spectral bands. Due to its sparse
and linear growth patterns, Tillandsia often occupies only
a fraction of a moderate resolution pixel, making reliable
subpixel detection challenging. Although sensors such as
WorldView-3, Landsat-8, and Sentinel-2 offer advantages
in spatial or temporal resolution, their coarse spectral sam-
pling and lack of distinctive spectral bands, particularly in
the shortwave infrared (SWIR) domain, likely limit their
ability to capture Tillandsia-characteristic spectral absorp-
tion features. Previous findings suggest that the combination
of low vegetation cover and weak photosynthetic activity
impedes reliable discrimination of Tillandsia using vege-
tation indices or multispectral feature-based classification
approaches (Wolf et al. 2016). Although no specific studies
have examined seasonal reflectance dynamics of Tillandsia
to date, its perennial growth form and CAM physiology
suggest limited seasonal variation in spectral properties,
thereby reducing the potential benefit of frequent revisits.
While multispectral sensors have enabled 7illandsia detec-
tion under certain conditions (see Sect. 2), their ability to
reliably distinguish the species based solely on spectral re-
flectance, without spatial context or auxiliary classification
steps, remains unsolved.

Thus, we consider Tillandsia to be effectively “invisi-
ble” to multispectral satellite sensors in the VIS/NIR do-
main due to its low fractional cover and the absence of
strong chlorophyll absorption features. As suggested by
Mikulane et al. (2022), hyperspectral data may overcome
these limitations. This is supported by reflectance measure-
ments collected using a field-portable spectroradiometer in
March 2023. The spectra revealed distinct absorption fea-
tures characteristic of Tillandsia, notably around 900nm,
1200nm, and 1450nm, that clearly distinguish the plant
from typical background substrates (Fig. 1). Many of these
features lie in wavelength regions that are not covered, or
only poorly represented, by standard multispectral sensors,
particularly in the SWIR domain, and thus remained unde-
tected in previous studies.

Building on these insights, this study pursues two inter-
related objectives. First, we assess the potential of opera-
tional hyperspectral EnMAP data for estimating the frac-
tional vegetation cover (FVC) of Tillandsia landbeckii in
the Atacama Desert. As a key biophysical variable, FVC
describes the proportion of ground covered by the above-
ground vegetation and plays a central role in quantify-
ing vegetation dynamics and ecosystem functioning (Liang
and Wang 2020). Second, we explore how the composition
of spectral libraries influences unmixing performance by
comparing field-measured and image-derived endmembers
within their respective modeling contexts.

To achieve these objectives, we employ a semi-super-
vised spectral unmixing approach that estimates subpixel
vegetation fractions using a limited set of predefined end-
members. Unlike conventional machine learning methods
that rely on extensive training data, this sparse unmixing
framework yields data-efficient and transferable FVC esti-
mates, particularly suited for remote ecosystems with spec-
trally weak and spatially fragmented vegetation. Critically,
model validation is performed using a high-resolution,
multi-source reference dataset that was created specifically
for this purpose. It combines object-based classification
from an ultra-high-resolution UAV orthomosaic (1.7cm)
and a pan-sharpened Pléiades Neo scene (30 cm), providing
the spatial detail required to benchmark fractional cover
estimates. To assess unmixing performance with respect to
spectral library composition, we implement a dual-library
design: in situ spectra are used for the local scale, while
image-based endmembers are extracted directly from the
EnMAP scene for the regional scale. This setup allows
for an exploratory comparison of field-based and image-
derived spectral libraries, highlighting their respective suit-
ability and limitations under operational constraints.

By leveraging the full spectral capabilities of the En-
MAP satellite, our approach addresses key limitations of
previous multispectral systems. In doing so, this study de-
velops a transferable and scalable framework for vegetation
monitoring in dryland environments and demonstrates, for
the first time, the operational feasibility of EnMAP for es-
timating subpixel Tillandsia cover.

2 Advancements in Remote Sensing of
Tillandsia landbeckii

Initial remote sensing attempts to detect and estimate the
distribution of Tillandsia ecosystems are mainly based on
the visual interpretation of aerial photographs and extensive
field surveys over several years. Pinto et al. (2006) devel-
oped a mapping approach based on digital cartography.
They found that the distribution of tillandsiales is closely
associated with the coastal topography and present fog
corridors and significantly concentrates between 20°13'0”S
and 20°48’0”S. Similarly, Hesse (2012) manually mapped
Tillandsia using high-resolution Quickbird and GeoEye
scenes. An algorithm-based classification was impossible
due to the spectral similarity of Tillandsia to the sur-
rounding bare ground and the complexity of their sparse
vegetation patterns. With the increasing number of remote
sensing satellites in orbit, replacing traditional, time-con-
suming, and labor-intensive methods with more efficient
satellite-based approaches has become feasible. In an ini-
tial endeavor, Wolf et al. (2016) undertook the first effort
to detect Tillandsia using high-resolution satellite scenes
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Table 1 Sensor characteristics and their role in the study workflow.

Sensor FieldSpec 4 P4 RTK Pléiades Neo (PNEO) EnMAP
Number of bands 2151 3 (RGB) 7 246

Spectral range 350 to 2500 RGB 400 to 880 418 to 2445
Bandwidth (nm) 3t08 - 50 to 350 6to 10
Ground sampl. res. (m) 0.28 0.017 0.3 (PAN)/1.2 (MS) 30

Date of acquisition 04 March 2023 04 March 2023 04 March 2023 12 March 2024
Usage Reference Reference Reference Prediction

and high-resolution images from an unmanned aerial ve-
hicle (UAV) at a local study site. They executed a two-
step process involving supervised spatio-spectral classifica-
tion and rule-based post-processing to identify tillandsiales
from WorldView-3 satellite images. The sparse vegeta-
tion coverage and limited photosynthetic activity prevented
the authors from successfully applying calculated spectral
vegetation indices or complex models to the multispectral
feature space to accurately distinguish Tillandsia from the
surrounding bare ground. Instead, multi-scale segmentation
and object-based feature extraction were used. Using 17
spatial and spectral features, the authors successfully de-
tected and delineated the spatial patterns of tillandsiales.
However, a limiting factor of the study was the relatively
small size of the study area. To overcome this spatial
limitation, Moat et al. (2021) aimed to map desert fog
oasis ecosystems of Peru and Chile with images from the
Moderate-resolution Imaging Spectroradiometer (MODIS)
mission. However, despite the high spectral resolution, the
low spatial resolution (250m) and weak spectral signal
necessitated manual mapping of Tillandsia. The signal they
received from the Normalized Difference Vegetation Index
(NDVI) was from herbaceous plants that responded to
sporadic changes in moisture within the 7illandsia vegeta-
tion rather than from Zillandsia itself. However, based on
identifying the characteristic longitudinal growth patterns
in Google Earth and verifying them with georeferenced
herbarium specimens, they successfully managed to map
about 1900km? of fog oasis. One step further, Miku-
lane et al. (2022) used WorldView-3 satellite images and
a semi-automatic deep-learning approach to detect and
classify tillandsiales. In general, their results are consistent
with those of other authors, although the methodological
approach, using multispectral data, also revealed signifi-
cant limitations. In addition to the fact that shadows made
classification more complex, especially at steep slopes,
the authors also reported difficulties caused by the strong
similarity of the Tillandsia spectrum to the surrounding
inorganic substrate. The authors proposed utilizing hyper-
spectral images, which have more spectral bands, in higher
spatial resolution as a potential data source to differentiate
Tillandsia from other surfaces more effectively.
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3 Material and Methods

To estimate the FVC of Tillandsia landbeckii in the Ata-
cama Desert, we divided our analysis into two main parts:
(i) generating the reference and validation data using clas-
sification results of the UAV-derived ultra-high-resolution
orthomosaic and the multispectral pan-sharpened PNEO
scene (Sect. 3.2), and (ii) applying linear spectral unmixing
algorithms to the hyperspectral EnMAP scene based on two
spectral libraries (Sect. 3.3) that account for spectral end-
member variability. An overview of the data used in this
study is provided in Table 1, and the overall workflow is
illustrated in Fig. 2.

3.1 Study Area and Target Species

The coastal Atacama Desert extends west of the central
Andes between 15°0’0”S and 25°0’0”S (Hampton 2001),
crossing southern Peru and northern Chile (Fig. 3). With
mean annual rainfall <25mm and partially even <1 mm, it
is often referred to as the driest non-polar desert on Earth
(e.g., Bull et al. 2018; Eshel et al. 2021; MaBon et al.
2024). The extreme aridity results from the cold waters
of the Humboldt Current, creating a thermal inversion that
blocks coastal precipitation, intensified by the Andean rain
shadow that restricts Amazonian moisture from reaching
the Atacama Desert (Houston and Hartley 2003; Jimenez-
Rodriguez et al. 2021).

The investigated tillandsiales are located at Cerro
Oyarbide in the Tarapacad region of northern Chile, ap-
proximately 15km from Iquique airport (20°29'51”S,
70°3'23”W) and around 20km from the Pacific coast,
at an elevation of approximately 1200-1260m above sea
level. The area is characterized by steep slopes and pro-
nounced microtopography, which shape the distinct, linear
vegetation bands of Tillandsia, oriented perpendicular to the
incline (Koch et al. 2019). Vegetation cover is extremely
sparse and composed almost exclusively of Tillandsia
landbeckii. Field surveys and previous studies confirm the
absence of other vascular plants within several kilometers
of the site, with only isolated occurrences of lichens and
xerothermic, drought-resistant mosses (Koch et al. 2019).
The surrounding substrate consists mainly of bare mineral
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Fig.2 Workflow for FVC estimation of Tillandsia divided into seven steps: The process begins with step 1 and the collection of endmember
spectra and the creation of a field-based spectral library. Steps 2 and 3 involve the processing and generation of our reference data. In step 4, the
reference data is classified. Step 5 is dedicated to preparing the EnNMAP image and the image-based spectral library. Step 6 involves executing six
sparse spectral unmixing algorithms after parameter tuning. Finally, in step 7, the FVC of Tillandsia is validated against the reference data, and

regression metrics are calculated

surfaces with no developed soil or organic layer. These open
and homogeneous conditions, combined with the absence
of competing plant species, make the site an ideal setting
to isolate the spectral signal of 7illandsia and evaluate its
spatial distribution.

The unique growth form of these vascular plants, along
with roots that have no physiological function, allows them
to stabilize in the bare sand (epiarenic growth), where they
act as sand traps optimized for capturing fog moisture
(Koch et al. 2022). They gather moisture and nutrients
through specialized leaf hairs (trichomes), which give them
a greyish appearance by refracting and absorbing light and
blocking obscuring chlorophyll beneath. Another physio-
logical adaptation for efficient water uptake is its use of an
obligate CAM photosynthetic pathway, which enables noc-
turnal stomatal opening to fix carbon into malic acid when
humidity is higher, minimizing water loss and optimizing
water use efficiency (Haslam et al. 2003).

Our analysis targeted areas defined by the reference data,
focusing on a local core area (~ 0.13 km?) where the ultra-
high-resolution UAV orthomosaic was acquired for detailed
insights, and on a regional core area (~ 110 km?) encom-
passing the extent of the high-resolution PNEO satellite
scene for broader assessments (Fig. 3). This approach en-
sured a reliable evaluation of our unmixing methods at both

local and regional scales. The field campaign was carried
out in March 2023, during the austral autumn, under con-
sistently clear-sky conditions, ensuring optimal atmospheric
clarity for imaging spectroscopy observations.

3.2 Data Collection, Reference Generation, and
EnMAP Preparation

3.2.1 Field Spectroradiometer Measurements

Spectral data were measured using the pistol grip of a field-
portable FieldSpec-4 (model Hi-Res) spectroradiometer
(Analytical Spectral Devices Inc., Boulder, Colorado, USA)
positioned at nadir. The device, operating across a spectral
range of 350 to 2500 nm, provided a field of view of 0.28 m
at a height of 0.8m during measurement. Following the
manufacturer’s recommendations, the spectroradiometer
settings were optimized to match ambient solar illumina-
tion conditions, and the device was recalibrated every 10 to
15min using a white reference panel. To reduce potential
noise in the recorded spectra, spectrum averaging was set
to 3.

In total, spectral data were collected at 210 points: 120
for Tillandsia and 30 each for sand, gravel, and roots. At
each point, 10 measurements were averaged, resulting in

@ Springer



588 PFG — Journal of Photogrammetry, Remote Sensing and Geoinformation Science (2025) 93:583-609

Fig.3 Left: EnMAP data prod-
uct with dashed rectangle indi-
cating the extent of the Pléiades
NEO (PNEO) image and the re-
gional investigation area used for
estimating the FVC of Tillandsia
landbeckii. The base layer shows
a TanDEM-X digital elevation
model at 12.5m resolution. Mid-
dle right: Ultra-high-resolution
orthomosaic acquired with a DJI
Phantom 4 RTK. Top right: Pho-
tograph of Tillandsia landbeckii
in its typical growth form and
grey-silvery appearance at the
Oyarbide study site. Bottom
right: Overview map showing
the location of the study area in
the northern Atacama Desert,
Chile
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1200 spectra for Tillandsia and 300 spectra each for sand,
gravel, and roots. Due to the high interspersion of Tilland-
sia roots with the substrate, the root spectra were excluded
from the field-based spectral library, as it likely did not
represent a pure spectrum, an essential requirement for li-
brary-based unmixing. Spectral data points were selected
randomly without a predetermined sampling schema. For
additional details on processing steps, refer to Sect. 3.3.2.

3.2.2 Creating an Ultra-High Resolution Orthomosaic

We used a DJI Phantom 4 RTK (P4 RTK) (DJI, Shen-
zhen, China) for the UAV-based image acquisition. The
P4 RTK has a 1”7 CMOS sensor capturing RGB images
with 20 megapixels (Bareth and Hiitt 2023). The flight was
planned with an 80% side and 75% forward overlap cov-
ering 0.13km? and executed on 04 March 2023. The mis-
sion was conducted 50m above ground with a speed of
5m/s. However, due to the varying terrain, the actual flight
altitude fluctuated as the “Terrain Follow” mode was not
activated. Our positioning accuracy was verified by survey-
ing 13 Ground Control Points using a Topcon DGPS sys-
tem with real-time kinematic (RTK) and Global Navigation
Satellite Systems correction data. In total, 338 images were
taken in nadir view. Data processing was done in Agisoft

@ Springer

Metashape Professional version 2.1 (Agisoft LLC, St. Pe-
tersburg, Russia), resulting in a Digital Orthophoto (DOP)
with a pixel spacing of 1.74cm.

3.2.3 Generating a Pan-Sharpened Pléiades Neo Scene

Pléiades Neo (PNEO) is a high-resolution satellite constel-
lation with a daily revisit time operated by Airbus Defence
and Space. A cloud-free multispectral PNEO scene was
acquired on 04 March 2023 (12h 08 min 44s PM CLST).
The product packages include five multispectral bands with
1.2m spatial and 12-bit radiometric resolution: deep blue
(400-450nm), blue (450-520nm), green (530-590nm),
red (620-690nm), red edge (700-750nm), and near-
infrared (770-880nm). The panchromatic spectral band
(450-800nm) has a spatial resolution of 0.3 m. The scene
was delivered as the highest processing level available for
this dataset (ORTHO), orthorectified, geometrically pro-
jected to WGS84/UTM 198, and radiometrically corrected
to top-of-atmosphere reflectance. To enhance classification,
we conducted a pan-sharpening resulting in a multispectral
image with 0.3 m spatial resolution (Fig. 4).
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Fig.4 Manual pan-sharpening process. a RGB image with 1.2 m spatial resolution, b Panchromatic image with 0.3 m spatial resolution, ¢ Pan-
sharpened RGB image with 0.3 m spatial resolution

3.2.4 Hyperspectral EnMAP Data

The Environmental Mapping and Analysis Program (En-
MAP), a German hyperspectral satellite mission led by
the German Aerospace Center (DLR), was launched in
April 2022. EnMAP operates in a sun-synchronous orbit
with a descending node equatorial crossing time of ap-
proximately 11:00 AM local solar time, ensuring consis-
tent illumination conditions for acquisitions. Equipped with
a pushbroom system, EnMAP provides spectral sampling
at 6.5nm in the VIS/NIR (420-1000nm) and 10nm in the
SWIR (900-2450nm). The satellite offers a ground sam-
pling distance of 30m. To match the atmospheric condi-
tions observed in our field campaign in March 2023, we
initially acquired an analysis-ready EnMAP image (L2A)
on 16 March 2023. However, due to defects in this scene, we
had to acquire two replacement scenes on 12 March 2024
(12:36:33 PM CLST). The images are geometrically pro-
jected using the WGS84/UTM 19S5 coordinate system and
include radiometric and atmospheric correction (Chabrillat
et al. 2022).

3.2.5 Co-Registration and Classification

To ensure spatial alignment between all high-resolution
reference datasets and the EnMAP scene, we used the
pan-sharpened PNEO image as the geometric reference to
align the UAV-based orthomosaic. A true rubber sheet-
ing method (‘spline transformation’) was applied using
87 control points, primarily located on small Tillandsia
shrubs due to the absence of other clearly distinguishable
features. Although the EnMAP scene was not explicitly
co-registered, its initial alignment was deemed satisfactory.
No visible spatial shifts or misalignments were observed
relative to the PNEO image, so additional adjustment was
considered unnecessary.

In both the UAV orthomosaic and PNEO scenes, Tilland-
sia was classified using an object-based approach. The pro-
cess involved segmenting pixels into homogeneous groups
to incorporate spectral and spatial information. Higher-
than-default values for spectral and spatial detail (both
set to 18) were applied to enhance segmentation accuracy.
A support vector machine (SVM) classifier was then trained
for binary classification (7illandsia vs. No Tillandsia) for
each dataset.

Due to the nonparametric nature of the SVM classifier,
a class balance was less critical compared to a statistical
classifier (ESRI 2024). An independent validation was per-
formed using 500 randomly generated points for the or-
thomosaic and 200 for the PNEO scene, selected with an
equalized stratified random approach and manually veri-
fied for accuracy. While the UAV orthomosaic required
no further re-classification step, the PNEO scene under-
went a manual review, and misclassified areas, especially
in shady, steep, and rugged slopes, were manually reclassi-
fied where needed.

To compare the classification results with those from
the unmixing approach, a polygon grid with a 30m cell
size spatially congruent to the EnMAP scene was created
(Bareth et al. 2016). Based on the grid, zonal statistics were
derived by averaging the Tillandsia coverage of pixels from
the orthomosaic and PNEO datasets within each grid cell.
These statistics facilitate the calculation of descriptive met-
rics and histograms across specified zones (grid cells or
pixels), enabling detailed spatial analysis. The reference
Tillandsia cover fraction for each grid cell was determined
by calculating the total area of Tillandsia polygons inter-
secting each cell, summing these intersection areas, and
dividing by the total cell area. In addition, we used another
grid with 60m grid cell resolution and applied the same
methodology. This aggregation was performed to smooth
out fine-scale variability in the data and reduce the im-

@ Springer



590 PFG — Journal of Photogrammetry, Remote Sensing and Geoinformation Science (2025) 93:583-609

pact of spatial misalignments between datasets, such as the
reported EnMAP co-registration accuracy of 0.2 pixels (ap-
proximately 6 m), thereby enhancing the robustness of the
derived zonal statistics (German Aerospace Center DLR).
A similar 60m aggregation approach was recently applied
by Juola et al. (2024) to harmonize EnMAP and Sentinel-2
data for sensor intercomparison, minimizing spatial offsets
and ensuring consistent reflectance statistics across resolu-
tions. All EnMAP pixels (30 or 60m) that lay fully within
the bounds of the UAV orthomosaic (local) or pan-sharp-
ened PNEO coverage (regional) were included in the val-
idation. Pixel cells only partially overlapped by the high-
resolution datasets were excluded to avoid incomplete ref-
erence data. Consequently, the validation dataset encom-
passes every pixel for which we could derive accurate frac-
tional cover from the reference classification.

3.3 Linear Spectral Unmixing

3.3.1 Semi-Supervised Sparse Spectral Unmixing for FVC
Estimation

The spectral response captured by imaging instruments
typically represents a mixture of reflectance signals from
different materials within the instantaneous field of view.
Even high-resolution sensors may record such mixed sig-
nals when subpixel heterogeneity is present (Keshava and
Mustard 2002). These so-called mixed pixels combine
spectral information from multiple sources, making it chal-
lenging to directly identify individual materials (Adams
et al. 1986). Spectral Unmixing (SU) addresses this chal-
lenge by decomposing each measured spectrum into a set
of constituent spectra, referred to as endmembers (EM),
and their corresponding fractional abundances, which indi-
cate the proportion of each EM within the pixel (Keshava
and Mustard 2002; Verrelst et al. 2023; Zare and Ho
2014). These EMs can be derived from field or labora-
tory measurements, pure pixels, or spectral libraries, and
represent idealized signatures of distinct surface materials
(Schowengerdt 2007). SU has been widely used since the
early 1980s (Cavalli 2023) to identify and quantify subpixel
components in mixed imagery. In this study, we employed
Linear Mixing Models, which assume that the observed
pixel spectrum is a linear combination of spatially distinct
EMs, each contributing proportionally to its fractional area
(Keshava and Mustard 2002).

Spectral variability, a significant challenge in SU, refers
to the differences in spectral signatures of the same mate-
rial, which can arise due to various intrinsic and extrinsic
factors. Intrinsic factors include material composition, mor-
phology, and physico-chemical variations, while extrinsic
factors relate to object size, concentration, and environmen-
tal influences such as illumination or atmospheric distortion
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(Theiler et al. 2019). These variabilities can lead to inac-
curate abundance fraction estimates and necessitate many
EMs to represent mixed pixels (Borsoi et al. 2021; Theiler
et al. 2019; Zare and Ho 2014; Zhou et al. 2020). As shown
in Fig. 5, spectral differences can be substantial, driven by
topographic effects and the precise subpixel composition
of EMs. While averaging EM variations to create a sin-
gle mean spectrum is one approach, it risks losing critical
information and underrepresenting natural variability. To
address these challenges, Sparse Spectral Unmixing (SSU)
offers a robust alternative solution. SSU manages spectral
variability by selecting a minimal set of spectral signatures
from extensive libraries, framing the unmixing problem as
a sparse regression. By accommodating multiple instances
of the same material, SSU reduces the effects of variability
while ensuring computational efficiency. Its sparsity con-
straints yield interpretable results, enhancing material iden-
tification in complex scenes (Borsoi et al. 2021; Iordache
et al. 2014; Rasti and Koirala 2022).

3.3.2 Endmember Selection and Spectral Library
Construction

To enable FVC estimation at both local and regional scales,
we applied a dual-library approach. This strategy involved
using two separate spectral libraries tailored to the spa-
tial scale and data availability: a field-based library and
an image-based library. The field-based spectral library, de-
rived from in situ spectroradiometer measurements, was ini-
tially assumed to represent the most accurate and physically
pure endmember signatures of Tillandsia and other surface
types. These spectra, measured under controlled conditions
and free from sensor-induced effects (Sect. 3.2.1), were ex-
pected to enable high-precision unmixing in the UAV-vali-
dated local area. For the regional scale, where pure Tilland-
sia pixels are absent and spectral variability is higher, we
constructed an image-based spectral library from visually
homogeneous areas in the EnMAP scene. To support end-
member identification, we used high-resolution PNEO im-
agery as visual guidance, a common technique in spectral
unmixing when higher-resolution data are available (Adams
and Gillespie 2006).

The implementation of this approach involved two dis-
tinct spectral libraries. In the context of sparse spectral un-
mixing (SSU), such libraries are commonly referred to as
bundles. These bundles include multiple spectral variants
of the same material, allowing the unmixing algorithm to
identify the best-matching signatures for each pixel (Borsoi
et al. 2021). For clarity, we continue to use the term spectral
library throughout this manuscript.

The first, referred to as the field-based spectral library
for local-level unmixing, was created from in situ spec-
tra measured during our field campaign (Sect. 3.2.1).
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The initial processing step involved adjusting the spec-
tral resolution to align with that of EnMAP. Afterward,
we removed bands affected by strong atmospheric water
absorption (1294-1472nm and 1810-1940nm), excluded
erroneous bands (424-454nm, 734-801 nm, 895-982 nm,
1139-1187nm, and 2400-2445nm), and removed bands
missing in the EnMAP image (1780-1967nm). A Sav-
itzky-Golay filter was then applied for smoothing and
noise reduction using a 7-band window and a second-
degree polynomial. The resulting library consisted of 147
remaining bands.

The second library, the image-based spectral library used
for regional-level unmixing, was constructed by manually
extracting five representative EMs from the EnMAP im-
age. Given EnMAP’s moderate spatial resolution, truly pure
pixels are unlikely to exist. However, to approximate this
condition, we used the high-resolution PNEO imagery to
identify spatially homogeneous areas corresponding to the
dominant surface types. These visually consistent patches
were then matched to the corresponding EnMAP pixels,
which we assumed to be spectrally dominated by a single
material. For each surface type, 25 EnMAP spectra were
collected to capture spectral variability (Fig. 5). Due to
the narrow and fragmented growth pattern of Tillandsia,
no EnMAP pixel was found to be dominated solely by the
plant. Consequently, the Tillandsia EM from the field-based
library, resampled to EnMAP spectral resolution, was in-
corporated into the image-based library. All preprocessing
steps followed the same procedure as for the field-based
library.

3.3.3 Parameter Tuning and Implementation

Our unmixing workflow was performed using Python
(v3.10.0) and a newly developed, open-source package
called HySUPP (‘HyperSpectral Unmixing Python Pack-
age’) by Rasti et al. (2024). The package offers various
unmixing methods with options for fine-tuning model pa-
rameters. We applied all six sparse representation-based
algorithms provided by the package to estimate the FVC
of Tillandsia. Parameter tuning was conducted via dedi-
cated .yaml configuration files to optimize the performance
of each model. We iterated through multiple parameter
combinations in a loop, evaluating model outputs based on
a combination of visual agreement with the reference data
and quantitative accuracy metrics, including the coefficient
of determination (R?), mean absolute error (MAE), and
root mean square error (RMSE). Details of the selected
parameters and settings are provided in Table 2. The two
best-performing models for the local and regional scales
were selected based on overall accuracy, as detailed in the
following Sect. 3.4.

3.4 Accuracy Assessment

For the machine-learning classification, we used a confu-
sion matrix to derive standard accuracy metrics, including
overall accuracy, user’s accuracy, producer’s accuracy, and
the Fl-score (Congalton and Green 2019). These metrics
were computed separately for both classes (Tillandsia and
non-Tillandsia) and for each data source, allowing for class-
specific and source-specific assessment of classification per-
formance.
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Table2 List of unmixing algorithms from the HySUPP package, used for FVC estimations (based on and adapted from Rasti et al. (2024)).
Columns three and four indicate the “best” parameters determined for our unmixing approaches at local and regional scales based on iterative

testing and prior research.

Acronym *Algorithm *Parameter (local) *Parameter (regional) Authors
SUnSAL Sparse Spectral Unmixing by AL _iters: 1000 AL _iters: 1000 Bioucas-
Variable Splitting and Aug- lambd: 1072 lambd: 1073 Dias and
mented Lagrangian positivity: true positivity: true Figueiredo
tol: 107 tol: 1073 (2010)
CLSUnSAL Collaborative Sparse Unmixing AL _iters: 1000 AL _iters: 1000 Tordache
by Variable Splitting and Aug- lambd: 1073 lambd: 103 et al. (2014)
mented Lagrangian mu: 0.1 mu: 0.1
tol: 107 tol: 107
S?WSU Spectral-Spatial Weighted Sparse ~ Lambd: 10~ Lambd: 1073 Zhang et al.
Regression for Hyperspectral (2018)
Image Unmixing
MUA Fast Multiscale Spatial Regular- Beta: 2 Beta: 7- 1073 Borsoi et al.
SLIC ization for Sparse Hyperspectral lambdal: 107 lambdal: 107! (2019)
Unmixing lambda2: 107 lambda2: 1073
slic_reg: 1072 slic_reg: 5- 1073
slic_size: 5 slic_size: 3
SUnCNN Sparse Unmixing Using Unsu- Exp_weight: 0.99 Exp_weight: 0.99 Rasti and
pervised Convolutional Neural Ir: 1073 Ir: 1073 Koirala
Network niters: 1000 niters: 8000 (2022)
noisy_input: false noisy_input: false
SUnAA Sparse Unmixing using Archety- T: 500 T: 500 Rasti et al.
pal Analysis low_rank: false low_rank: false (2023)

*For detailed information on the algorithms and their parameter tuning, please refer to the documentation of the HySUPP package and the

corresponding authors in the last column.

To evaluate the accuracy of FVC estimates, we applied
regression-based metrics such as Mean Absolute Error
(MAE), relative MAE (tMAE), Root Mean Square Error
(RMSE), Mean Bias Error (MBE), and the coefficient of
determination (R?). MAE was the primary indicator due to
its robustness to outliers, while rMAE allowed comparison
across scales. All metrics except MBE were computed for
both raw predictions and adjusted values obtained after
applying an Ordinary Least Squares (OLS) regression to
assess linear agreement. For clarity, we denote raw metrics
with the subscript pre (e.g., MAE,., Rgre) and regression-
adjusted metrics with post (e.g., R2. ). All pre metrics
were calculated directly between the raw model predictions
and the reference values, without applying any regression
fitting. Negative Rgre values indicate that the raw model
predictions performed worse than predicting the mean ref-
erence FVC, typically due to high variance or systematic
bias. MBE was only calculated for raw predictions, as
OLS adjustment inherently removes mean bias. This dual
evaluation was chosen to ensure both statistical robustness
and interpretability, and is further supported by Cooper
et al. (2021), who emphasized the importance of includ-
ing observed vs. predicted comparisons for transparent
model assessment. The significance of regression slopes
was tested using two-sided t-tests, with p-values less than
0.001 considered significant.
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4 Results
4.1 Classification Accuracy of Reference Datasets

The classification results of the UAV-based orthomosaic
and the pan-sharpened PNEO image serve as the essen-
tial reference foundation for validating the EnMAP-derived
FVC estimates. Both datasets were classified independently
using an object-based approach, as described in Sect. 3.2.5,
and were spatially aligned through prior co-registration pro-
cedures.

Classification accuracies for both datasets are sum-
marized in Table 3. The UAV orthomosaic classification
achieved high performance for both classes (7illandsia/non-
Tillandsia), with overall accuracy scores of 0.91 and 0.92
and an F1-score of 0.92. Slightly lower producer’s accuracy
for the non-Tillandsia class suggests minor omission errors.
The PNEO classification yielded similarly strong results,
with overall accuracy scores of 0.96 and 0.95 and an F1-
score of 0.96. Slightly lower user accuracy for the Tilland-
sia class indicates occasional commission errors, likely
caused by spectral confusion in shaded or topographically
complex areas.

Given that these high-resolution classification results di-
rectly underpin the reference dataset used for validating the
EnMAP-based unmixing outputs, their accuracy and relia-
bility are essential. The spatial patterns of Tillandsia were
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Table 3 Classification accuracy metrics, including overall, user’s, producer’s accuracy, and Fl-score for Tillandsia and non-Tillandsia classes
based on P4 RTK orthomosaic and PNEO data sources. The error matrix and derived metrics provide insight into classification reliability across
classes, with F1 scores indicating balanced accuracy performance for each dataset.

Class Data Source User’s Accuracy Producer’s Accuracy Overall Accuracy
Non-Tillandsia P4 RTK Orthomosaic 0.9663 0.8687 0.9148
Tillandsia P4 RTK Orthomosaic 0.8829 0.9703 0.9244

F1-Score P4 RTK Orthomosaic 0.9196

Non-Tillandsia Pléiades Neo 0.9798 0.9327 0.9557
Tillandsia Pléiades Neo 0.9307 0.9792 0.9544

F1-Score Pléiades Neo 0.9550

Fig. 6 Classification results for Tillandsia across reference datasets: a ultra-high-resolution orthomosaic; b, ¢ aggregated to 30 and 60 m using
polygon grids and zonal statistics; d pan-sharpened PNEO image; e, f aggregated to 30 and 60 m using polygon grids and zonal statistics.

clearly captured in both datasets, as shown in Fig. 6. Sub-
plots A and D illustrate the original classifications (blue-
colored band structures), while subplots B/C and E/F dis-
play the same information aggregated to 30 and 60 m spa-
tial resolution, respectively, using grid-based zonal statis-
tics. To ensure visual comparability between reference and
predicted values, the maximum cover fraction in the ag-
gregated reference maps was scaled to match the highest
Tillandsia abundance predicted by the models.

4.2 Results of Local FVC Estimation Using Field-
based Spectra

Model accuracy for the local FVC estimates based on the
field-based spectral library is shown in Table 4, Table 5 (see
Appendix), and Fig. 7 for both 30 and 60m resolutions.
Following the evaluation scheme described in Section 3.4,
all metrics are reported in both pre-fitted and post-fitted
form. Visual results are provided in Figs. 8 and 9.

Across all local models and both resolutions, MAE,.
values varied from 3.1 to 19.6%, with an overall average
of 11.1% (Fig. 7). These values quantify the raw predic-
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Fig.8 Normalized fractional cover maps for the three EMs Tillandsia, sand, and gravel (rows), obtained by applying six unmixing algorithms
(columns) to the EnMAP image. Only EnMAP grid cells fully covered by the reference orthomosaic were included to ensure conservative validation
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tive accuracy before regression fitting. The corresponding
MAE,. values spanned from 14.4 to 98.6%, highlighting
variability in performance across evaluated models and res-
olutions. MBE indicates an overall trend toward overesti-
mation, ranging from —1.7 to +19.6%, with most models
showing a substantial positive bias. Notably, SUnSAL was
the only model exhibiting a near-zero bias, slightly under-
estimating FVC at 30 m resolution.

SUnSAL emerged as the most robust model in terms of
raw predictive performance. It achieved the lowest MAE,
values (4.4% at 30m and 3.1% at 60m), low RMSE. val-
ues (5.7 and 4.3%, respectively), and an almost negligible
bias (MBE=<1% at 30m). Unlike models that benefit pri-
marily from post-hoc regression fitting, SUnSAL provided
reliable predictions directly from the unmixing process. Al-
though its Rgost values were moderate (0.52 at 30m and 0.57
at 60m), they are arguably more meaningful than those of
other models, as they reflect explained variance under min-
imal systematic bias.

In contrast, MUA SLIC performed best after post-fitted
regression evaluation. Although its raw predictions were
less accurate (MAE of 11.0% at 30m and 10.1% at 60m,
both with substantial positive bias), it achieved the highest
R;ost values (0.58 and 0.62) and the lowest MAE, values
(3.9 and 2.9%). This indicates that the algorithm effectively
reproduces the overall variance structure of the reference
data, but lacks precision in its direct predictions.

Among the least accurate models, SUnCNN and SUnAA
produced the weakest results. Both models showed severe
overestimations (MBE > 17%), negative R;%re values, and
RMSE,,. values exceeding 18%, indicating that their ap-
parent Rgost values (approaching 0.5) are driven largely by
regression fitting rather than intrinsic predictive power.

Upscaling to 60m resolution led to performance im-
provements in most models, primarily through reductions
in MAE,. and MBE. This smoothing effect likely results
from decreased spatial misalignments and subpixel vari-
ability. However, it did not compensate for the structural
weaknesses of the poorest-performing models. As shown
in Fig. 7, SUnSAL, CLSUnSAL, and S*WSU occasionally
failed to capture low FVC values (0 to 10%) in the refer-
ence data, resulting in false negatives. In contrast, SUnCNN
and SUnAA frequently produced false positives, assigning
10 to 30% FVC to areas without observed Tillandsia pres-
ence. These tendencies are also reflected in the marginal his-
tograms above the scatter plots, where most models, except
SUnSAL, exhibit shifted predicted distributions indicative
of systematic overestimation.

These quantitative findings align with the spatial predic-
tions and associated residual patterns visualized in Figs. 8
and 9. The FVC maps in Fig. 8 illustrate the spatial distribu-
tion of the three EMs (Tillandsia, sand, and gravel) derived
from the field-based spectral library across all models at
30m resolution. While all algorithms successfully capture
the general banded structure of Tillandsia, the predicted
abundance levels vary markedly between models.

The corresponding residual maps in Fig. 9 highlight
these discrepancies. SUnSAL shows the fewest over- or
underestimations, whereas SUnCNN and SUnAA clearly
overpredict FVC across large parts of the scene. In many
locations where the reference data indicates no Tillandsia
presence, these models assign FVC values between 10 and
30%, resulting in widespread false positives.

Overall, SUnSAL stands out as the most reliable model
for generating unbiased and directly interpretable predic-
tions, without the need for post-hoc regression evaluation.
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Fig. 10 Scatter plots of reference (x-axis) versus predicted (y-axis) fractional cover of Tillandsia for the six unmixing algorithms in the regional
area. Upper panels show 30m pixels (n=120,726); lower panels show the same scene aggregated to 60m grid cells (n=30,267). The grey dashed
line denotes perfect 1: 1 agreement, while the solid line is the ordinary-least-squares fit for each algorithm. Marginal histograms placed above
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ranges and skewness

By contrast, MUA SLIC demonstrates limited accuracy in
its raw outputs but performs well in post-fitted analyses, in-
dicating a strong ability to reproduce overall variance pat-
terns despite lacking precise predictive accuracy.

4.3 Results of Regional FVC Estimates Using Image-
Based Spectra

In contrast to the unified analysis of the local models,
the evaluation of regional models was divided into two
parts to account for residual skewness (Fig. 16; see Ap-
pendix) and to enable a more targeted interpretation. Sec-
tion 4.3.1 presents the results based on all EnMAP pixels,
while Sect. 4.3.2 focuses on pixels with confirmed 7illand-
sia presence (FVC> 0), where the assumption of normality
was restored (Fig. 17; see Appendix). This separation al-
lows for both a scene-wide assessment of detection capacity
and a focused evaluation of model accuracy in vegetated ar-
eas.

4.3.1 Regional Model Results Assessment Including All
Reference Values

An overview of model accuracy metrics for the regional
models, based on the image-based spectral library and using
all pixels from the EnMAP scene, is presented in Table 6,
Table 7 (see Appendix), and the scatterplots in Fig. 10 for
both 30 and 60 m resolutions.

Across all regional models and both resolutions (exclud-
ing SUnCNN and SUnAA due to poor or invalid results),
the MAE,,. ranged from 0.9 to 1.2%, with an overall av-
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erage of 1.0%. The corresponding rMAE,,. varied between
1.9 and 3.1%. The MBE was near zero for all models,
demonstrating the absence of systematic over- or underes-
timation in the raw predictions. However, the Rgre values
remained low to moderate, with the best-performing models
(SUnSAL, CLSUnSAL, and MUA SLIC) reaching values
between 0.33 and 0.41 across both resolutions. This indi-
cates that, despite low absolute errors, the models explained
only a limited portion of the variance in the reference data.
This is likely due to the strong class imbalance in the scene,
where the majority of pixels exhibit zero vegetation cover,
thus constraining the overall variance that can be captured
by the models.

In terms of raw performance (i.e., prediction vs. refer-
ence), SUnSAL achieved the best results, with the lowest
MAE,. values (0.9% at both 30 and 60m) and the low-
est IMAE,,. values (1.9 and 2.1%). CLSUnSAL followed
closely (MAE.: 1.0 and 0.9%; tMAE,.: 2.2 and 2.5%),
while MUA SLIC showed MAE,. values of 1.1 and 1.0%
(tMAE,: 2.3 and 2.5%), and SZWSU reached 1.2% at
both resolutions (rMAE,.: 2.6 and 3.1%). RMSE,. values
ranged from 2.0 to 3.1% across all models, with the lowest
errors observed for CLSUnSAL (2.2% at 30m and 2.0% at
60m).

After applying a linear regression fit, the Rgom values in-
creased noticeably, reaching values between 0.43 and 0.48
for the best-performing models (SUnSAL, CLSUnSAL,
and MUA SLIC). This improvement reflects a stronger
linear association with the reference data. However, these
gains did not correspond to improved predictive accuracy:
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Fig. 11 Fractional vegetation SUnSAL
cover (FVC) of all six EMs
(rows) on the regional scale
for all sparse spectral unmixing

algorithms (columns)

Black
surface Gravel Sand

Red
surface

White
surface

Tillandsia

while RMSE,, values decreased slightly, both MAE,,.« and
rMAE, increased.

Among all models, SUnSAL and CLSUnSAL demon-
strated the most balanced performance across evaluation
modes (pre- and post-fitted) and spatial resolutions. SUn-
SAL achieved the lowest MAE,,. values (0.9% at both 30
and 60m) and maintained low RMSE,. values (2.6 and
2.3%), with negligible bias and Rgost values of 0.43 and
0.47. CLSUnSAL performed similarly, with MAE,,. values
of 1.0 and 0.9%, RMSE,. values of 2.2 and 2.0%, and the
highest RpoSl value of 0.48 at 60m resolution.

Visual interpretation of fraction patterns in Fig. 11 re-
veal a high degree of agreement with the PNEO classifi-
cation (Fig. 6e). The spatial distribution of the EMs (sand,
gravel, red and white surface) was consistent across SUn-
SAL, CLSUnSAL, S?WSU, and MUA SLIC, with notable
differences only for the black surface in certain areas. For
Tillandsia, the best-performing models produced similar
spatial patterns, with most false positives occurring in the
northwestern, northeastern, and southwestern parts of the
scene (Fig. 12). In contrast, the central region showed slight
underestimation of Tillandsia cover, despite confirmed pres-
ence in the reference data.

CLSUnSAL

?g

S2WsU MUA SLIC

SUNRCNN

SUnAA

To account for the dominance of zero-reference pixels
in the full-scene analysis, the following section presents
a separate regression using only pixels with FVC>0 to
evaluate model performance in confirmed Tillandsia areas.

4.3.2 Fractional Cover Estimation in Confirmed Tillandsia
Areas

An overview of model accuracy metrics for the regional
models, based on the image-based spectral library and re-
stricted to EnMAP pixels with FVC>0, is provided in
Table 8 and Table 9 (see Appendix). The corresponding
scatterplots are shown in Fig. 13 for both 30 and 60 m res-
olutions.

Across all regional models and both spatial resolutions,
the average MAE,,. after masking was 3%, with individ-
ual values ranging from 1.8 to 3.7%. The corresponding
RMSE,,. averaged 4.6%, spanning from 4.0 to 5.5%. Rel-
ative errors (rMAE,.) ranged from 4.7 to 8.0%, and Rfm
values improved substantially compared to the full-scene
results, reaching up to 0.72 (Rgost) in the best case. These
results indicate a notable gain in interpretability and con-
sistency across models, with reduced prediction variability
and improved statistical fit after masking.
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Fig. 13 Scatter plots of reference (x-axis) versus predicted (y-axis) fractional cover of Tillandsia for the six unmixing algorithms in the regional
area. Only pixels with confirmed presence of Tillandsia (i.e., reference cover >0) were included. Upper panels show 30m pixels (n=9,912); lower
panels show the same scene aggregated to 60 m grid cells (n=3,617). The grey dashed line denotes perfect 1: 1 agreement, while the solid line is the
ordinary-least-squares fit for each algorithm. Marginal histograms placed above every scatter plot depict the frequency distributions of reference
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CLSUnSAL achieved the best overall performance, with
the lowest MAE,,.. values (2.7% at 30m and 1.8% at 60m),
minimal IMAE,. (6.0 and 4.7%), and RMSE,,. values of 4.0
and 2.8%, respectively. The model exhibited no systematic
bias and the highest Rgom values of 0.64 (30m) and 0.72
(60m), confirming its high predictive stability and linear
consistency. These results highlight CLSUnSAL as the most
balanced and accurate model for estimating the fractional
cover of Tillandsia under masked conditions.

The second-best performer was SUnSAL, with slightly
higher MAE,,. values (3.4 and 2.4%), tMAE,,. between 7.3
and 6.0%, and strong Rgom values of 0.56 and 0.62. Al-

though it showed minor over- and underestimation tenden-

@ Springer

cies (MBE=0.01), its predictions were generally reliable
across both spatial resolutions. MUA SLIC and S?WSU
followed closely, each with MAE,,. values of around 3.5 to
3.7% at 30m and 2.5 to 2.6% at 60 m. While their absolute
errors remained competitive, both models showed higher
rMAE,.. values (up to 8.0%) and slightly lower Rgom values,
suggesting less consistent scaling performance, especially
in higher FVC ranges.

By contrast, SUnCNN performed poorly in terms of raw
prediction accuracy, with the highest MAE,,. values (4.1
and 3.0%) and extreme rMAE,. values of up to 16.5%.
Despite achieving surprisingly low MAE,. values after re-

gression adjustment (1.4 and 1.3%), the corresponding Rgre
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Fig. 14 Comparison of the fractional cover of Tillandsia landbeckii based on the classification of the pan-sharpened PNEO scene (a) and the
unmixing of the EnNMAP scene using the CLSUnSAL algorithm (b). Subset images (A1-A3 and B1-B3) offer a more detailed comparison of

spatial patterns and classification discrepancies at 30 m resolution

values remained strongly negative (—6.69 and —4.89), re-
flecting a lack of agreement with the reference data before
correction. SUnAA completely failed to estimate FVC and
was excluded from analysis. Overall, most models bene-
fited from spatial aggregation, with improved performance
at 60m resolution in nearly all metrics.

To further illustrate the spatial plausibility of the CLSUn-
SAL predictions, Fig. 14 presents a visual comparison be-
tween the EnMAP-derived FVC and the reference FVC
based on the classification of the pan-sharpened PNEO
scene.

While panel A shows the FVC derived from an ob-
ject-based classification of PNEO data, panel B displays
the unmixing-based results obtained from EnMAP using
the CLSUnSAL algorithm. Overall, the spatial patterns of
Tillandsia are broadly consistent across both datasets. How-
ever, localized differences are clearly visible in the subset
images (A1-A3 and B1-B3). In panel B1, the EnMAP-
derived FVC appears slightly overestimated in the central
vegetated band relative to the PNEO-based reference. Con-
versely, panel A2 shows a fragmented spatial pattern that
contrasts with the more continuous distribution in B2. In
panel A3, a gap in the classification corresponds to a clearly
defined patch in the EnMAP result (B3), suggesting that
Tillandsia was either missed by the object-based classifi-
cation or occurred below the 5% threshold applied during
reference generation. These differences may also reflect lo-
cal mismatches in georeferencing, subpixel mixing effects,

or uncertainties in the spectral separation of bright surfaces
and vegetation.

5 Discussion

This study set out to evaluate the potential of EnMAP
hyperspectral imagery for detecting and quantifying the
fractional vegetation cover of Tillandsia landbeckii in the
hyper-arid Atacama Desert. As a key structural variable,
FVC provides crucial insights into vegetation productiv-
ity, physiological condition, and response to environmental
change (Liang and Wang 2020), particularly in water-lim-
ited ecosystems such as those dominated by tillandsiales.
Tillandsia has long posed a challenge for satellite-based
remote sensing due to its spectral similarity to bare ground,
absence of characteristic chlorophyll absorption features
in the visible and near-infrared spectrum, and low frac-
tional cover. Based on these constraints, we have considered
Tillandsia effectively “invisible” to multispectral satellite
sensors. To overcome this limitation, we applied multiple
sparse spectral unmixing algorithms and explored the re-
sults of two distinct spectral libraries respective to their
individual modeling context: a field-based library derived
from in situ spectroradiometer measurements and an image-
based library extracted directly from the EnMAP scene.
These libraries were designed to accommodate different
spectral conditions and to explore their respective suitability
for FVC estimation in local and regional modeling scenar-
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ios. Validation was supported by a high-resolution reference
dataset designed to enable consistent, multi-scale compari-
son of subpixel vegetation estimates.

While the performance of individual algorithms varied,
the overall findings underscore the effectiveness of sparse
spectral unmixing on hyperspectral EnNMAP scenes for de-
tecting Tillandsia and estimating its fractional vegetation
cover. The following subsections discuss the influence of
different spectral libraries, identify key limitations, explore
opportunities for improvement, and reflect on broader im-
plications for remote sensing of low-signal vegetation in
dryland ecosystems.

5.1 Field-Based Spectral Library for FVC Estimation

Among all algorithms tested, SUnSAL delivered the most
accurate raw predictions, with a MAE,. of 4.4% and
a Rgre of 0.41 at 30m resolution. After aggregating to
60m pixel resolution, the performance improved further
(MAE;.=3.1%, R? . =0.43), which we attribute primarily
to the smoothing effect of spatial aggregation outlined in
Sect. 3.2.5. By increasing the grid cell size, spatial mis-
matches and subpixel variability were reduced, thereby
enhancing agreement with the reference data. This finding
aligns with earlier studies that showed how coarser reso-
lutions can help mitigate co-registration errors and spatial
uncertainties in validation datasets (e.g., Cooper et al. 2021;
Juola et al. 2024; Schwieder et al. 2014).

However, most local models exhibited a systematic ten-
dency to overestimate the FVC of Tillandsia. This was re-
flected in consistently positive mean bias errors (MBE=3.9
to 19.6%) across nearly all models and negative Rgre values,
indicating a fundamental mismatch between predictions and
reference data, as outlined in Section 3.4. These biases con-
tributed to inflated error metrics, particularly in models with
larger overall deviations. One likely explanation for this
systematic overestimation lies in the combination of low
fractional abundance and the nature of the spectral library
used for unmixing. Although Tillandsia’s characteristic ab-
sorption features, especially in the SWIR domain, likely en-
abled its distinction from other EMs, its actual contribution
to the pixel-level reflectance was often marginal compared
to dominant surfaces such as sand or gravel. These mate-
rials exhibit higher overall reflectance than Tillandsia (see
Fig. 5), which likely suppresses its apparent spectral sig-
nal and amplifies overestimation in the abundance retrieval.
This interpretation is consistent with previous findings from
sparsely vegetated environments (e.g., Cooper et al. 2021;
Schwieder et al. 2014), particularly in cases involving low-
biomass shrubs, and aligns with the growth form of Tilland-
sia, which typically occurs in narrow bands only 30-60 cm
in height, 20-40cm in width, and 2—4m in length (Rundel
et al. 1997).

@ Springer

Beyond the influence of low fractional abundance, a sec-
ond potential explanation for the observed overestimation
relates to the nature of the field-based spectral library. While
our in situ measurements provided spectrally pure EMs un-
der controlled conditions (see Sect. 3.2.1), they may not
have adequately captured the variability and sensor-specific
characteristics present in the EnMAP scene. Notable dis-
crepancies, for instance, in the sand EM spectrum, suggest
that the mismatch between field and image conditions intro-
duced scaling inconsistencies during the unmixing process.
In such cases, the field-based spectra may reflect conditions
not represented in the satellite scene, thereby introducing
systematic errors into the unmixing output (Borsoi et al.
2021). Furthermore, the EnMAP scene was acquired ap-
proximately one year after the field campaign, although it
was during the same seasonal period. While phenological
dynamics in Tillandsia are assumed to be relatively stable
and not subject to significant short-term variation, interan-
nual differences in soil moisture, atmospheric properties,
or illumination conditions may nonetheless have affected
the spectral signal of both vegetation and background sur-
faces. This temporal gap introduces an additional layer of
uncertainty and exemplifies the broader challenge of apply-
ing externally acquired spectral libraries to satellite data,
especially when environmental or sensor conditions differ
(Borsoi et al. 2021).

Notably, several models showed substantial improve-
ment after post-fitting, suggesting that much of the bias in
raw predictions was systematic rather than random. This
highlights the potential for enhancing accuracy through
improved spectral matching, internal consistency between
image and EM characteristics, or refined algorithm tuning,
rather than relying solely on statistical correction. This
is exemplified by the MUA SLIC model, which achieved
stronger post-fitted performance (MAE,.x=3.9 to 2.9%;
R§0S1=0.58 to 0.62) despite poor raw predictions. In this
case, the substantial bias (MBE=10.1 to 10.8%) could
likely have been mitigated through better spectral align-
ment or model design, resulting in lower MAE,,. values
without post hoc adjustment.

Despite these limitations in raw prediction accuracy, sev-
eral models nonetheless reproduced the spatial patterns of
Tillandsia abundance reasonably well. Two factors likely
contributed to this: first, the limited spectral diversity within
the local study area allowed for stable unmixing using
a compact spectral library with only three EMs. This aligns
with the principle of minimizing EM complexity to enhance
numerical stability in linear unmixing models (Adams and
Gillespie 2006). Prior field knowledge further supported
the accurate identification of ground materials and reduced
spectral ambiguity. Second, the high spectral resolution of
EnMAP, particularly in the SWIR domain between 1000
and 2450nm, was likely critical for distinguishing 7illand-
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Fig. 15 Convex Hulls representing the two most significant absorption features of 7illandsia compared to the background EM after continuum
removal. The convex hulls represent the upper envelope of spectral data created by connecting local maxima with straight-line segments. This
geometric construct normalizes reflectance spectra, allowing for a clearer comparison of absorption features. By isolating key absorption bands in
the Tillandsia spectrum, the convex hull highlights the distinctiveness of its spectrum compared to other EMs. Panel a highlights the 1400-1800 nm
range, sensitive to lignin, water, starch, and sugar, while Panel b focuses on the 2000-2200nm range, prominently associated with lignin and

cellulose. Spectra were obtained using an ASD FieldSpec 4

sia from spectrally similar substrates. Unlike multispec-
tral sensors, which lack the resolution to capture narrow
absorption features, EnMAP provides dense spectral sam-
pling and captures subtle features related to vegetation con-
stituents such as water and lignocellulose (Asner and Heide-
brecht 2002; Dennison et al. 2019; Guerschman et al. 2009),
thereby enhancing the detection of both photosynthetic and
non-photosynthetic vegetation. In our view, this capability
was essential for discriminating low-signal Tillandsia veg-
etation in a setting where the plant often contributes only
marginally to the overall pixel reflectance.

Although not the central focus of this study, an ex-
ploratory analysis of the collected field spectra based on
convex hull normalization provided important support for
our interpretation. It confirmed the presence of distinct
SWIR absorption features in Tillandsia, including a pro-
nounced water absorption signal at ~1450nm and a lig-
nocellulose peak around ~2090nm (Fig. 15), features not
observed in the other EMs. The water absorption feature
is particularly noteworthy, as 7illandsia may be one of the
few vegetation types exhibiting such a signal in the hy-
per-arid Atacama Desert (Pinto et al. 2006; Rundel et al.
1997). However, some of these informative spectral regions
(e.g., 895-982nm and 1294-1472nm) were excluded from
the unmixing process due to known artifacts in the EnMAP
scene (Sect. 3.3.2). Retaining these bands through improved
atmospheric correction in future analyses may enhance un-

mixing accuracy. The lignocellulose absorption feature, in-
dicative of dry or non-photosynthetic plant tissue (Verrelst
et al. 2023), was clearly present in the Tillandsia EM spec-
trum (Fig. 15b) and was reliably captured by EnMAP. This
is particularly relevant because, despite its ability to photo-
synthesize, Tillandsia lacks the characteristic spectral sig-
natures of green vegetation, such as the green reflectance
peak, red chlorophyll absorption, and red-edge slope (see
Sect. 1). As a result, traditional multispectral sensors have
failed to detect the species reliably in previous studies (e.g.,
Mikulane et al. 2022; Wolf et al. 2016), primarily due to
their spectral limitations in the VIS/NIR domain.

While we did not empirically evaluate Sentinel-2 or
Landsat-8/9 for mapping Tillandsia, we assume that these
features are likely only partially captured by the broad
SWIR bands of these multispectral systems, which typ-
ically offer just two wide bands (e.g., ~1610nm and
~2190nm) with bandwidths of 90-180nm (European
Space Agency ESA; U.S. Geological Survey USGS). Such
coarse sampling may obscure narrow absorption features,
effectively diminishing the separability of Tillandsia from
background substrates. EnMAP, on the other hand, pro-
vides a spectral sampling interval of ~10nm, enabling the
detection of these subtle reflectance changes. While these
initial findings are promising, further quantitative analyses
are needed to confirm the specific role of these absorption
features in improving FVC estimates and species-level de-
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tection of Tillandsia, particularly in light of their potential
to overcome the limitations of conventional multispectral
approaches.

These findings support a broader insight into the limita-
tions of using externally acquired EM in image-based spec-
tral unmixing. While field-based spectra offer high spectral
fidelity and are typically regarded as physically pure, their
application to satellite data can be impaired by differences
in atmospheric conditions, illumination, and sensor char-
acteristics. This observation aligns with previous studies
emphasizing the limited transferability of ex situ spectral
libraries in the presence of spectral variability (Borsoi et al.
2021). To address these limitations, we complemented the
local analysis with a second, image-based spectral library
tailored to the characteristics of the EnMAP scene. This
dual-library approach enabled a structured comparison be-
tween externally measured and scene-derived endmembers,
which is examined in the following section.

5.2 Image-based Spectral Library for FVC
Estimation

The regional-scale regression metrics appear favorable, but
closer inspection reveals several statistical limitations. As
presented in Sect. 4.3.1, the regional models yielded rel-
atively low absolute errors across the full EnMAP scene,
with MAE,,. values below 1.2% and negligible mean bias.
However, these seemingly strong metrics must be inter-
preted with caution due to substantial class imbalance in
the dataset. The vast majority of pixels in the reference data
contain no Tillandsia, resulting in a heavily zero-inflated
distribution. This disproportionate frequency of background
pixels affects the overall variance structure and biases the
residual distribution, thereby distorting regression metrics
such as MAE, RMSE., and Rgre. Moreover, many FVC
values cluster around very low percentages (<5%), as seen
in the scatterplots (Fig. 10). In the low-FVC range, even
moderate overestimations contribute little to global error
metrics, potentially masking larger errors in ecologically
relevant areas with non-zero Tillandsia cover.

This distortion is confirmed by the residual histograms
(Fig. 16; see Appendix), which reveal a skewed and het-
eroscedastic error distribution. Such characteristics indicate
violations of key assumptions of linear regression, most no-
tably the normality and homoscedasticity of residuals (Gel-
man and Hill 2007; Knief and Forstmeier 2021), which
are not met in our case. A particularly striking example is
the frequent prediction of positive Tillandsia cover in pix-
els where the reference indicates complete absence (FVC=
0), resulting in a characteristic “string-of-pearls” pattern in
the scatterplots (Fig. 10), where predicted values cluster
vertically along the y-axis. These false positives are not
randomly distributed but show clear spatial patterns, partic-
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ularly in the northwestern, northeastern, and southwestern
parts of the EnMAP scene (Figs. 11 and 12). A likely ex-
planation lies in spectral confusion, where the models may
misinterpret mixed signals from dark surfaces or shaded ar-
eas as the weak and often ambiguous spectral features of
Tillandsia, a problem already noted in earlier studies involv-
ing shadowed terrain (Mikulane et al. 2022). This confusion
may be further amplified by limitations in the spectral li-
brary, particularly at the regional scale, where the number
and diversity of surface materials increase.

Therefore, a key challenge lies in the ability of the spec-
tral library to adequately represent the wide range of sur-
faces present in the EnMAP imagery. Its composition and
completeness critically affect model reliability, as insuffi-
cient representation of spectral diversity can lead to system-
atic misclassification and degraded unmixing performance.
In our case, EMs were manually extracted based on vis-
ual interpretation of color and topographic uniformity, us-
ing the PNEO image as a high-resolution reference. While
this approach is generally considered robust (Borsoi et al.
2021) and accounts for spectral variability to some extent,
it may not fully capture all relevant surface types, partic-
ularly those that are less prominent or spatially heteroge-
neous (Pervin et al. 2022). These limitations are especially
relevant for algorithms like SUnAA, which assume that all
materials of interest can be expressed as convex combi-
nations of known EMs (Rasti et al. 2023). While this as-
sumption held at the local scale, where the set of EMs was
well defined and limited to three classes, it likely broke
down at the regional level, where spectral variability and
unknown surface types increased. This mismatch could ex-
plain why SUnAA performed, albeit with notable overesti-
mation, at the local level but failed to generalize regionally.
Expanding the spectral library, especially by incorporating
less obvious or spectrally complex EMs, therefore repre-
sents a promising path forward. A more comprehensive and
representative library may help reduce false positives, im-
prove material separability, and ultimately strengthen un-
mixing performance at larger spatial scales. To support
this goal, future studies could complement manual EM
selection with automated or semi-automated EM extrac-
tion techniques. Approaches such as the Pixel Purity In-
dex (PPI), N-FINDER, or Iterative Error Analysis (IEA)
have proven useful for identifying spectrally pure pixels in
complex scenes and could help reduce subjectivity in li-
brary construction (Chakravortty 2024; Plaza et al. 2011,
2002). While fully automated methods remain challenging
in natural, heterogeneous environments (Kale et al. 2019;
Keshava and Mustard 2002; Plaza et al. 2012), integrating
algorithmic tools with expert knowledge may improve re-
producibility and increase the likelihood of capturing spec-
trally subtle or spatially limited surface types. In this way,
spectral libraries can be made more robust and transferable.
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5.3 FVC Estimation in Confirmed Tillandsia Areas

To address the statistical limitations outlined in Sect. 5.2
and to assess model performance under ecologically mean-
ingful conditions, we conducted a second regression anal-
ysis using only pixels with confirmed Tillandsia presence
(i.e., reference FVC> 0; see Sect. 4.3.2) and subplots A1/B1
and A2/B2 in Fig. 14. This targeted evaluation reduced the
influence of the dominant zero class, restored key regres-
sion assumptions, most notably, residual normality and ho-
moscedasticity, and enhanced the interpretability of the re-
gional model results. By focusing on the vegetated portion
of the EnMAP scene, we could more directly assess each
model’s ability to estimate FVC across the actual range of
observed Tillandsia cover (Fig. 6e, f), rather than evaluat-
ing their ability to predict absence. As discussed earlier,
most models incorrectly predicted Tillandsia cover for pix-
els that were classified as bare ground in the reference data,
leading to systematic false positives in specific areas of the
scene. This misclassification likely stemmed from an insuf-
ficient number and diversity of EMs in the spectral library,
which failed to represent the full spectral heterogeneity of
the region.

By leveraging our high-resolution reference dataset
and excluding misclassified pixels from the evaluation,
the masked analysis removed a major source of spectral
confusion and enabled a more ecologically meaningful
assessment of model performance in FVC estimation. It re-
vealed the actual predictive power of the unmixing models
in areas with confirmed Tillandsia presence. We success-
fully identified the core distribution zones of Tillandsia
and explained 58% of the variance in the reference FVC
(prediction vs. reference) and 64% after linear regres-
sion adjustment at 30m resolution (MAE=2.7). At 60m
resolution, the models explained even up to 72% of the
variance (OLS regression vs. reference), with a correspond-
ing MAE, of 1.9%. While these MAE values are slightly
higher than those from the unmasked analysis, they are no
longer distorted by zero-inflation and thus provide a more
realistic and ecologically valid measure of model accuracy.
Comparable MAE values have been reported by Cooper
et al. (2021), who observed that classification accuracies
were highest when distinguishing between vegetation and
non-vegetation, and emphasized that such results are con-
sistent with other studies applying hyperspectral data to
estimate FVC (e.g., Dennison et al. (2019)). This sup-
ports our interpretation that the spectral contrast between
Tillandsia and bare ground is sufficiently strong to be cap-
tured by hyperspectral sensors, enabling FVC estimates of
promising accuracy, provided that validation is carried out
under ecologically meaningful conditions.

This achievement becomes particularly evident when
visually comparing the Tillandsia distribution pattern from

our reference data (Fig. 6e) with the model results in
Figs. 11 and 14. The (un)covered area of Tillandsia is
clearly captured by the models CLSUnSAL, SUnSAL,
S?WSU, and MUA SLIC, where its characteristic spatial
spread also matches the Tillandsia field classified earlier
by Mikulane et al. (2022). Although subplot A3 of Fig. 14
shows an apparent gap in the classified reference map,
caused by the applied visualization threshold omitting ref-
erence FVC values below 5%, the overall spatial pattern
remains highly consistent. The corresponding predictions
in subplot B3 indicate low but non-zero cover, reinforcing
the notion that the models slightly overestimate FVC in
the lower range rather than the reference, omitting actual
vegetation. Despite minor local discrepancies, the spatial
consistency between the EnMAP-based predictions and the
high-resolution PNEO reference supports the reliability of
our model outputs. While most of these differences likely
stem from subpixel mixing or minor classification uncer-
tainties, small spatial mismatches between the EnMAP
scene and the reference data cannot be entirely excluded.
Although the alignment appeared visually consistent and
was supported by zonal aggregation, the spline-based co-
registration lacked quantitative accuracy metrics such as
RMSE, and the use of Tillandsia patches as control points
may have introduced slight positional uncertainties, partic-
ularly in shaded or topographically complex areas.

The findings presented in this study demonstrate that
even a plant long considered “invisible” to satellite remote
sensing, due to its low spectral contrast, lack of chlorophyll
absorption, and sparse spatial structure, can be made visible
through the use of high-resolution hyperspectral data and
sparse spectral unmixing. Remarkably, this was achieved
using only spectral information, without relying on struc-
tural, morphological, or contextual features. Based on a de-
liberately small and interpretable spectral library, we could
estimate both the spatial distribution and FVC of Tilland-
sia landbeckii across regional scales. This is a crucial step
toward quantifying vegetation abundance in extreme envi-
ronments, highlighting the potential of spectral unmixing
to derive ecologically meaningful variables in data-scarce
regions. Since FVC is a key input for estimating above-
ground biomass and understanding the dynamics of vege-
tation, our results pave the way for large-scale assessments
of Tillandsia FVC estimates and their role in fog-dependent
ecosystems of the Atacama Desert.

6 Conclusion

This study demonstrates, for the first time, that the fog-
dependent species Tillandsia landbeckii, long considered
undetectable by multispectral satellite sensors, can be reli-
ably identified and quantified using spaceborne hyperspec-
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tral imagery. By applying semi-supervised sparse spectral
unmixing to EnMAP data, we estimated the subpixel frac-
tional vegetation cover (FVC) of Tillandsia solely based on
spectral information, thereby overcoming key limitations
of conventional classification approaches on multispectral
satellite scenes. Our results confirm that hyperspectral data,
particularly in the SWIR domain, provide sufficient spec-
tral detail to distinguish 7illandsia from spectrally similar
background materials, even at low fractional cover.

A key contribution of this work is the implementation of
a dual-library strategy that combines field-based and image-
derived endmembers in two distinct modeling scenarios.
Field spectra provided high spectral purity and were well
suited for local analysis under controlled conditions, while
the image-based library enabled reliable FVC estimation at
the regional scale due to its radiometric compatibility with
the satellite data. This approach highlights a fundamental
trade-off in spectral library design and underscores the im-
portance of tailoring endmember selection to the spectral
and spatial characteristics of the target application.

Validation using ultra-high-resolution reference data and
stratified regression analyses confirmed the accuracy of our
FVC estimates across spatial scales. Targeted evaluation in
confirmed Tillandsia areas helped mitigate statistical distor-
tions caused by zero-inflated data and provided ecologically
meaningful accuracy measures. These results demonstrate
the operational feasibility of EnMAP for monitoring sparse
vegetation under realistic desert conditions.

Building on these findings, future work will focus on
extending the mapping of Tillandsia across the entire At-
acama Desert and estimating its above-ground biomass.
These efforts will be supported by improved ground-truth
data collection and sampling strategies, including the use
of a UAV-based narrow-band camera (Jenal et al. 2019)
to target the Tillandsia-specific absorption features, thereby
refining spectral analysis. Incorporating structural plant data
using advanced tools such as SLAM LiDAR systems will
enhance biomass estimation by providing detailed three-
dimensional insights into the plant morphology.

In sum, this study presents a transferable framework for
the remote sensing of low-signal vegetation in extreme en-
vironments. Our results show that hyperspectral imaging
enables the reliable detection of Tillandsia landbeckii, thus
making this previously undetectable species visible.
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7 Appendix

Table 4 Pre- and post-fitted regression metrics for model performance in the local area at 30 mresolution, with all error metrics expressed in

percent; the best model is highlighted

Model Area MAE (pre) MAE (post) rMAE (pre) rMAE (post) RMSE (pre) RMSE (post)
30 m SUnSAL Local 4.4 4.3 14.4 14.1 5.7 54

CLSUnSAL  Local 9.7 6.7 31.9 22.0 11.4 8.0

S*WSU Local 8.0 6.7 26.4 22.1 9.8 8.1

MUA SLIC Local 11.0 39 36.3 13.0 12.1 5.2

SUnCNN Local 19.3 6.0 63.4 19.6 20.7 7.6

SUnAA Local 17.3 5.6 57.0 18.5 18.7 7.2

Table5 Pre- and post-fitted regression metrics for model performance

percent; the best-performing model is highlighted

in the local area at 60 mresolution,

with all error metrics expressed in

Model Area MAE (pre) MAE (post) rMAE (pre) rMAE (post) RMSE (pre) RMSE (post)
60 m SUnSAL Local 3.1 2.8 15.3 14.3 4.3 3.7

CLSUnSAL  Local 7.7 4.9 38.5 24.8 9.2 5.7

S*WSU Local 6.0 5.3 30.3 26.7 7.4 6.4

MUA SLIC Local 10.1 2.9 50.7 14.6 10.8 39

SUnCNN Local 19.6 54 98.6 27.3 20.7 6.6

SUnAA Local 17.5 52 88.1 26.2 18.7 6.4

Table 6 Pre- and post-fitted regression metrics showing model performance for regional areas at 30 m resolution. All error metrics are expressed
in percent. The best model is highlighted.

Model Area MAE (pre) MAE (post) rMAE (pre) rMAE (post) RMSE (pre) RMSE (post)
30m SUnSAL Regional 0.9 1.4 1.9 2.9 2.6 2.5

CLSUnSAL  Regional 1.0 1.3 2.2 2.9 2.2 2.1

S’WSU Regional 1.2 1.6 2.6 3.6 3.1 2.9

MUA SLIC Regional 1.1 1.5 23 32 2.7 2.5

SUnCNN Regional 1.2 1.0 2.0 1.7 2.7 1.7

SUnAA Regional - - - - - -

Table 7 Pre- and post-fitted regression metrics showing model performance for regional areas at 60 m resolution. All error metrics are expressed
in percent. The best model is highlighted.

Model Area MAE (pre) MAE (post) rMAE (pre) rMAE (post) RMSE (pre) RMSE (post)
60m SUnSAL Regional 0.9 1.2 2.1 2.9 2.3 2.2

CLSUnSAL  Regional 0.9 1.1 2.5 3.0 2.0 1.8

S’WSU Regional 1.2 1.5 3.1 4.0 2.8 2.6

MUA SLIC Regional 1.0 1.3 2.5 33 2.4 2.2

SUnCNN Regional 1.2 1.0 3.6 3.1 2.4 1.6

SUnAA Regional - - - - - -
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Table 8 Pre- and post-fitted regression metrics showing model performance for regional areas at 30 m resolution with masked data. All error
metrics are expressed in percent. The best model is highlighted.

Model Area MAE (pre) MAE (post) rMAE (pre) rMAE (post) RMSE (pre) RMSE (post)
30m SUnSAL Regional 3.4 3.6 7.3 7.8 5.1 4.8

CLSUnSAL Regional 2.7 2.7 6.0 6.1 4.0 3.7

S*WSU Regional 3.7 3.8 8.0 8.2 54 4.9

MUA SLIC Regional 3.5 3.6 7.5 7.8 5.1 4.7

SUnCNN Regional 4.1 1.4 14.6 5.1 6.7 2.2

SUnAA Regional - - - - - -

Table 9 Pre- and post-fitted regression metrics showing model performance for regional areas at 60 m resolution with masked data. The best model

is highlighted.
Model Area MAE (pre) MAE (post) rMAE (pre) rMAE (post) RMSE (pre) RMSE (post)
60m SUnSAL Regional 2.4 2.7 6.0 6.7 4.0 3.8
CLSUnSAL Regional 1.8 1.9 4.7 5.0 2.8 2.7
S*WSU Regional 2.6 2.9 7.0 7.6 4.2 39
MUA SLIC Regional 2.5 2.7 6.3 6.9 4.1 3.7
SUnCNN Regional 3.0 1.3 16.5 73 5.0 1.9
SUnAA Regional - - - - - -
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Fig. 16 Residual plots for six models at 30m (top) and 60 m (bottom) resolution. Residuals (reference—prediction) are plotted against reference
cover fraction. Density is shown via hexbin shading; marginal histograms display residual distributions
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