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Rewetting drained peatlands is crucial in mitigating climate change, but special
monitoring schemes are required to track rewetting effects. Species distribution
and condition may give indications on water level and hence rewetting success.
We mapped the fractions of seven peatland related and four non-peatland
vegetation classes, as well as their dynamics in condition from five 30 m
ENMAP images. We used neural network regression with synthetic training data
augmentation to predict peatland vegetation fractions (e.g., Phragmites australis,
Typha spp. and Carex spp.) from the hyperspectral EnNMAP stack, as well as NPV
(non-photosynthetically active vegetation), GV (green vegetation), and water
fractions from the single-dates to derive intra-annual dynamics. Patterns of
species fractions matched field observations at varying accuracies with the
highest agreement for Typha and Phragmites (MAE = 16% and 22%,
respectively). The changes in vegetation condition similarly matched field
observations (GV: MAE = 12%, Water: MAE = 14%, NPV = 21%), and in
combination with species fractions revealed class-specific trends, such as
differences in timing of the green peak (maximum GV fractions). Intraspecific
variations in green peak could be observed for the class Phragmites, indicating
differences in water level. Further, dynamics in the extent of open water areas
were apparent, highlighting the necessity of multi-temporal information.
Increasing availability of spaceborne imaging spectroscopy will enable long-
term monitoring of peatland rewetting, accounting for intra-annual variations
in vegetation and water dynamics.

KEYWORDS
EnMAP, hyperspectral, NPV, peatland rewetting/restoration, Phragmites australis,
regression based unmixing

1 Introduction

Peatlands are wet ecosystems comprising water saturated organic soils that act as large
carbon stocks (450-650 Gt) (UNEP, 2022). Approximately 12% of global peatland cover has
been subject to drainage practices leading to environmental degradation (Tanneberger et al.,
2009; Zak et al., 2010; Erkens et al., 2016) which contributes 4% of global annual total GHG
(Greenhouse Gas) emissions (UNEP, 2022). In Germany, drained organic soils are
responsible for up to 7% (UBA, 2022), and in the federal state of Mecklenburg-Western
Pomerania even up to 40% of its annual emissions (Uellendahl et al., 2023). Peatland
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rewetting and restoring is therefore crucial in mitigating climate
change (Mrotzek et al., 2020; Giinther et al., 2020).

Rewetted peatlands differ from their natural counterparts in
both abiotic and biotic factors (Kreyling et al., 2021). Drainage
reduces the characteristic self-regulatory capacity of natural
peatlands by altering the soil structure. This may lead to higher
water level fluctuations but also promotes inundation after rewetting
(Kreyling et al., 2021; Liu and Lennartz, 2019), and consequently
increased GHG emissions (Hahn et al., 2015; Franz et al.,, 2016;
Tiemeyer et al,, 2016). These rewetted peatlands are also more
susceptible to extreme weather events, such as droughts, which
may further elevate GHG emissions (Koebsch et al, 2020).
Continuous monitoring of rewetted peatlands is therefore
invaluable to track adequate water levels and vegetation
development as proxy for GHG emissions and degradation
(Minasny et al., 2023; Waard et al., 2024).

In north-east Germany, driving factors of vegetation
development after rewetting are the spatial variability of water
table depth and nutrient availability (Zerbe et al., 2013). These
factors have led to the development of a mosaic and the
dominance of tall helophytes, such as Typha latifolia, Phalaris
arundinacea, Phragmites australis, and Carex spp. (Kreyling et al.,
2021; Zerbe et al., 2013, see Figure 1). P. australis and T. latifolia
are commonly found on permanently inundated sites and are
known to thrive under nutrient rich conditions (Vroom et al.,
2018; Geurts and Fritz, 2018), while Carex spp. show varied
responses to water level but tend to grow in soils prone to
seasonal water level fluctuations (Edwards et al., 2025;
Lawniczak et al., 2010; Schulz et al., 2011). P. arundinacea,
mainly a remnant of pre-rewetting condition, grows under the
comparably driest conditions but tolerates flooding (Jensen et al.,
2024; Frick et al., 2011).

In addition to species occurrence, the presence of non-
photosynthetically active vegetation (NPV) and photosynthetically
active, green vegetation (GV) can serve as an indicator for the water
regime. In peatlands, NPV can be mainly found in the remaining
standing biomass from the previous vegetation period, or as
senescent foliage and flowers from the current year. The presence
of senescent foliage can be species-specific and vary over time, e.g.,
Carex spp. emerge early in the season while P. australis shoots
emerge comparably late (Figure 2, left). Variations in NPV shares
can even occur within the same species (Figure 2, right), probably
due to differences in microclimate and topography or genetics
(Verrelst et al., 2023; Feilhauer et al., 2013; Kuprina et al.,, 2025).
As an example, droughts resulted in a reduction in NDVI (normalize
difference vegetation index) of boreal peatland vegetation, due to an
increased share of senescent foliage (McPartland et al., 2018). This
stresses the importance of interannual, species-specific NPV and GV
variations, as well as extent and frequency of inundated areas for
understanding rewetting effects.

Maps on species abundance and vegetation condition from
remote sensing may serve as a proxy for water level and hence
contribute to assessing the effects of rewetting. So far, multispectral
spaceborne and airborne data was often used to map peatland extent
(Pflugmacher et al., 2007; Krankina et al., 2008), peatland vegetation
types (Rdsdnen and Virtanen, 2019; Steenvoorden and Limpens,
2023) and peatland species (Frick et al., 2011) at varying spatial
resolutions. However, hyperspectral information promises great
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opportunities in peatland vegetation mapping and quantification
due to capturing the distinct cellulose and lignin absorption features
in the SWIR (shortwave infrared) region at 1,730 nm, 2,100 nm and
2,300 nm (Cole et al.,, 2014; Elvidge, 1990). Field spectroscopy was
used in peatland vegetation research (Pang et al., 2022; Salko et al.,
2025; McPartland et al., 2019; Salko et al., 2024). Salko et al. (2025)
successfully predicted the fraction coverage of NPV (litter) from
spectroscopy data, but its spatial coverage and transferability are
limited. Airborne hyperspectral data has been used in mapping plant
traits, gradients and the extent of P. australis over larger areas
(Feilhauer et al., 2011; Harris et al., 2015; Kattenborn et al., 2017;
Middleton et al., 2012; Elmer et al., 2021), but airborne campaigns
are resource intensive and restricted to single regions and dates. Still,
studies using spaceborne imaging spectroscopy data, at the cost of
low spatial resolution, in peatland vegetation mapping are scarce
(e.g., Arasumani et al., 2023).

Various studies have shown that multi-temporal data is invaluable
for vegetation mapping because of the information inherent in
vegetation phenology (Dudley et al., 2015; Arasumani et al., 2023;
Pang et al., 2022) proposed using multi-temporal data when possible,
because ideal dates may vary between climate zones, peatland types,
and sites (Cole et al., 2014; Feilhauer and Schmidtlein, 2011). Further,
peatland species distribution and their condition are driven by water
availability, which varies in the course of the year. Arasumani et al.
(2023) demonstrated that multi-temporal hyperspectral PRISMA data
improves vegetation mapping accuracy on peatlands, highlighting the
importance of hyperspectral time series observations. However, in this
case, multi-temporal observations were used to improve species
mapping accuracies rather than monitoring changes in vegetation
phenology throughout a year. Existing products and initiatives, such
as the Copernicus Water and Wetness product (https://land.
copernicus.eu/en/products/high-resolution-layer-water-and-wetness)
and the Global Wetland Watch (https://map.globalwetlandwatch.org/),
provide valuable information on wetland ecosystems, but these often
offer aggregated data over broader temporal scales and may overlook
the specific dynamics of peatlands. Ongoing and upcoming
hyperspectral satellite missions (PRISMA, EnMAP, SBG, CHIME),
will increase data availability and open new opportunities to map
large-scale inter- and intra-annual vegetation phenology, water level
fluctuation and inundation. Therefore, we want to assess the potential
of the recently available EnMAP data (Environmental Mapping
and Analysis Program, Storch et al, 2023), with its high spectral
resolution and potentially high temporal resolution, for monitoring
rewetted peatlands.

Current vegetation studies using EnMAP data mainly covered
dry biotopes, such as Namibian grasslands (Bantelmann et al., 2024)
or the Atacama Desert (Reddig et al., 2025) or croplands, to map
crop traits (e.g., Flynn et al, 2026; Yilmaz et al, 2026). Unlike
croplands and dry habitats, where spectral signatures are largely
shaped by soil properties, peatland reflectance depends on water,
peat, and low growing vegetation, introducing additional
complexity. Therefore, assessing the suitability of EnMAP
imagery with intra-annual information for wetland ecosystems
is essential.

The sensor offers a 30 m spatial resolution, which risks
simplifying the small-scale heterogeneity of peatland vegetation
in discrete mapping schemes, but the high spectral resolution of
246 bands allows for a deeper insight into subpixel processes. To
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FIGURE 1

Phalaris arundinacea

Different fen peatland species in rewetted peatlands of Mecklenburg-Western Pomerania. Phragmites australis, Phalaris arundinacea, Typha latifolia
and Carex acuta grow in dominant patches. Bidens cernua, Agrostis stolonifera, and Juncus effusus often grow intermixed.

@ C. Hellmann

Phragmites australis and Carex sp, Apr 2024
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FIGURE 2

Left: Phragmites australis and Carex sp at the same time in April 2024. P. australis consisted of mainly dead shoots/aboveground biomass, while Carex
sp was already green. Right: P. australis in RGB UAV imagery visually in different senescent stages at the same point in time and only 250 m apart.

Two P. australis patches at 22 Aug 2023, 250 m apart

derive information at sub-pixel scale we used a regression-based
unmixing approach for fraction mapping using synthetic training
data (Okujeni et al., 2017; Okujeni et al., 2013), as this approach has
proven useful in vegetation studies covering various ecosystems
(Cooper et al, 2020; Reddig et al, 2025; Mandl et al., 2024;
Arasumani et al, 2023). Kowalski et al. (2022) and Kowalski
et al. (2023) successfully modelled fractions of NPV, GV and soil
with this approach for drought monitoring in Central European
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grasslands. Further, Lobert et al. (2025a) quantified year round
cropland cover and revealed spatio-temporal patterns of winter
cropland cover in Germany (Lobert et al., 2025b).

While most of these studies had a focus on rather homogenous
and comparably dry land cover types, we adapted the unmixing
approach to a landscape with heterogenous and wet peatland
ecosystems and assessed the suitability of multi-temporal EnMAP
data to map intra-annual vegetation and water dynamics in the
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FIGURE 3
Overview of the study area in north-eastern Germany. The area of interest is reduced to organic soils (Wittnebel et al.,, 2023) (left). Five EnMAP

observations were available from 2022 to 2025 (right). Pixels of five observations were used, excluding clouds and single observations. Airborne HyPlant
imagery was acquired for two subset areas (a, b). Sources: European country boundaries were derived from Eurostat (https://ec.europa.eu/eurostat/web/

gisco/overview). Water bodies were derived from Open Street Map.

context of peatland rewetting in north-east Germany. More
specifically, we asked the following research questions:

1. How accurately can we map dominant peatland species using
multi-temporal EnMAP data?

2. How accurately can we map intra-annual variability in
vegetation phenology and water inundation at a subpixel
scale using multi-temporal EnMAP data?

3. Can we observe variations in phenology patterns between or
within dominant peatland species?

To answer these questions, we first implemented regression
based unmixing with synthetic training data to predict fractions of
dominant peatland species from a multi-temporal EnMAP data
stack comprising five observations. We then quantified fractions of
NPV, GV and water for each EnMAP observation, individually. In a
last step, both products were combined to derive phenological
trends for dominant peatland vegetation as an indicator for
water level.

2 Materials and methods
2.1 Study area

The study area is located in north-east Germany, in the
federal state of Mecklenburg-Western Pomerania. The climate is
temperate with annual precipitation of 538 mm and a mean air
temperature of 9.2 °C (1991-2020) at the nearest weather station
in Teterow (Deutscher Wetterdienst, 2025). The main peatland
types found in this region are percolation mires fed by
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groundwater and close to the Peene and Trebel rivers
(Figure 3) (Succow and Jeschke, 1986). The peatlands in the
Peene and Trebel river valleys were largely drained during the
19th century for peat extraction and agricultural purposes but
many of the peatlands underwent rewetting around the year
2000 (Zerbe et al., 2013). After rewetting, a mosaic of tall
helophytes, such as Typha latifolia and Phalaris arundinacea,
Phragmites australis, and Carex spp. developed (Figures 1, 2).
The study area was restricted by ENMAP coverage to a 30 km x
50 km area (Figure 3), but these vegetation patterns are
characteristic of European fen peatlands (Kreyling et al,
2021; Zerbe et al., 2013).

2.2 Satellite imagery

We used EnMAP data for mapping quantitative peatland
vegetation types and vegetation condition. All clear (clouds less
than 10%) EnMAP L2A data for the given region (five dates within
2023-2025, Figure 3; Supplementary Table A) were downloaded via
the data access portal. Additional data preparation was necessary
(Figure 4). Clouds were masked as described in Wright et al. (2025)
due to inconsistencies of the provided cloud mask. The images were
co-registered to Landsat mean composites of +30 days around each
EnMAP scene using AROSICS (Scheffler et al., 2017) to improve
spatial alignment between all scenes. The NIR bands in the NIR-
SWIR sensor overlap region and bands affected by atmospheric
noise were removed reducing the number of bands from 246 to 195.
The EnMAP data was ordered by day of year instead of absolute
chronology, i.e., 26 April (2025), 02 May (2024), 02 June (2023),
18 August (2023), and 22 September (2024), to represent intra-
annual phenological variability. Sun elevation varied from
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EnMAP data

Additional data preparation

Endmember selection

FIGURE 4
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Workflow. EnNMAP data preparation included cloud masking, co-registration to Landsat mean composites of +30 days around each EnMAP scene,
removal of noisy bands and masking to the Organic Soils. Spectral input for synthetic training data generation was based on the stacked imagery for the
species but only single dates for the NPV-GV-Water endmembers. Model prediction for the species was then applied to the stacked data, and NPV-GV-
Water separately for each date. Class specific phenology was derived from the combination of those two products.

approximately 49°-59° across the five acquisition dates, except for
the September acquisition, where it was 36" (Supplementary Table
A). The analysis was restricted to the boundaries of the Organic Soils
mask (Wittnebel et al., 2023).

2.3 Regression based unmixing

Subpixel fractions were predicted using regression based
unmixing, a methodology successfully used in diverse vegetation
studies across various ecosystems and climate. Recent studies
covered temperate grasslands (Kowalski et al., 2022; Kowalski
et al., 2023) and croplands (Lobert et al, 2025a; Lobert et al.,
2025b), subalpine forests (Mandl et al., 2024), arctic shrublands
(Nill et al, 2022), woody vegetation in a temperate and
Mediterranean climate but also temperate peatlands (Arasumani
et al,, 2023). Further, large-scale land cover and land use changes
were mapped by Stanimirova et al. (2022) using this method, and
Okujeni et al. (2018) and Suess et al. (2018) have demonstrated its
spatial and temporal transferability. The variety of the studies
showcase the suitability of the regression based unmixing method
for our analyses.

Frontiers in Environmental Science

Since this method requires extensive training data, we used
synthetic training data generation from pure pixels (Okujeni et al.,
2013; Priem et al,, 2019; Figure 4). For training data generation,
pixels of each class representing a fraction cover of 100%
(“endmember”) were selected. The spectral profiles of the pure
pixel endmembers were then used as input for synthetic mixing.
The spectra are linearly combined, and weighted by randomly
assigned fractions, with the constraint of summing to 1 (Pham
et al., 2024). The synthetic training data can serve as input for
various machine learning algorithms (Lopatin et al., 2016; Mandl
et al,, 2024; Reddig et al., 2025). Here, we used a multi-class Neural
Network Regression to allow for multi-class regression (Specht,
1991), as proposed by Pham et al. (2024).

2.3.1 Endmember selection species fractions

The final selection of class-wise training data to quantify
peatland species abundance was based on dominant vegetation
patches found in the area of interest. Although some peatland
related classes may comprise different species, we refer to this
approach as species mapping. The endmembers were manually

frontiersin.org
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TABLE 1 Species mapping target classes and number of selected endmembers (n).

Peatland relation Class Species/Groups n

Peatland related Phragmites P. australis 10
Typha T. latifolia, T. angustifolia 8
Carex C. acutiformis, C. riparia, C. acuta 11
Phalaris P. arundinacea 4
Wet grassland Bidens cernua, Agrostis stolonifera, Juncus effusus, Iris pseudacorus 6
Shrubs Mainly Salix spp. 19
Water Permanent water 6

Non-peatland related Trees Deciduous and needle-leaf trees 14
Other vegetation Cropland and managed grassland 20
Artificial Urban settlements 7

selected for single species, groups of species and groups (Table 1).
The classes Phragmites, Typha, Carex, and Phalaris occasionally
appeared in patches larger than single pixels (30 m x 30 m). The
Wet grassland class included a mixture of non-dominant peatland
vegetation (Figure 1) but can also grow intermixed with the
previous mentioned classes. Phalaris and Wet grassland had
the smallest sample, since large, homogeneous patches were
scarce. A permanent “Water” class was included (at least four
out of five times water) to separate permanent water from
dynamic water changes. Dynamic changes in water area were
then considered from the interannual NPV-GV-Water fractions.
The class “Artificial” is rare within the Organic Soils mask and
mainly found at the edges as urban settlements. Spectral
variability within each class had to be considered during
endmember selection, e.g., different species for Wet grassland
or Carex. The regression based unmixing approach has been
shown to be capable of dealing with multi-modal and
heterogeneous classes (Cooper et al., 2020; Schug et al., 2020).
As such, remaining vegetation types were grouped in the class
Other vegetation, i.e., croplands and mown grasslands. Croplands
and grasslands exhibit variations in timing of harvesting and
which had to be
endmember selection.

mowing events, considered in the

2.3.2 Endmember selection NPV-GV-
Water fractions

The endmember selection for NPV, GV and Water was inspired
from recent studies (Kowalski et al., 2022; Tian et al., 2023) based on
Guerschman et al. (2009) in which pure endmembers (i.e., GV, NPV
and soil) are located at the vertices of a triangular feature space using
two different indices (commonly NDVI versus SWIR). Our adapted
methodology replaces soil with water and constructs the feature

space using hNDVI (hyperspectral Normalized Difference
Vegetation Index, Oppelt, 2002) versus CAI (Cellulose
Absorption Index, Nagler et al, 2000) as proposed by

Guerschman et al. (2009). The hNDVT is an adaptation of the
NDVI, a commonly used vegetation index to hyperspectral data,
and CAI is a common index in NPV cover estimation from imaging
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FIGURE 5
CAI-hNDVI feature space based on 63,221 pixels from typical
rewetted peatlands, for all dates. The location of the final endmembers
were marked with a red triangle. 35 points are located outside of this
plot and were ignored (low CAIl from solar panels close to
peatlands, very high hNDVI > 50 over water).

spectroscopy data (Daughtry et al., 2004; Nagler et al., 2003). The
feature space (Figure 5) was built from representative peatland areas
(63,221 pixels, from all dates) with typical peatland vegetation types,
excluding trees and shrubs (Kowalski et al., 2023). The final NPV
endmember was selected for maximum CAIl, and the GV
endmember for maximum hNDVI value. The Water endmember
was selected as the pixel closest to 0 for both indices. Water showed
unrealistic hNDVI values, ranging from negative values up to values
larger than 1. A simple threshold was used to separate Water from
the final GV endmember (reflectance at 1,211 nm > 0.2). The final
pixels were manually investigated for representativeness and
homogeneity.
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2.3.3 Spectral library and synthetic training data

Two different spectral libraries were built from the endmembers.
For the species endmembers (Supplementary Figure A), the spectral
information was based on multi-temporal information, i.e., the
stacked EnMAP imagery. The input image varied for the NPV-
GV-Water endmembers (Supplementary Figure B), based on the
timing of maximum GV, NPV and water fractions (i.e., June, April,
and May, respectively).

Using the pure endmember spectral profiles, we generated
with  multi-label
following the spectral mixing approach described by Okujeni
et al. (2013) and the workflow proposed by Pham et al. (2024).
The procedure consisted of the following steps:

synthetically mixed spectra information

1. Endmember selection: We randomly selected 2, 3, or 4 pure
endmember pixels from the endmember pool (endmembers
from the same class could be selected multiple times).

2. Fraction assignment: We assigned a random fractional
abundance between 0 and 1 to each selected endmember,
with the constraint that the fractions summed to 1.

3. Synthetic data: We generated the synthetic spectra as the
linear combination of the selected endmember spectra

The

synthetic spectra were used as input features (Figure 4),

weighted by their assigned fractions. resulting
and the corresponding fractions served as regression

targets for training a multi-class regression model.

In this study, we developed two models: one for the species
fractions with ten classes and one for NPV-GV-Water fractions with
three classes. For each model, we generated 128,000 synthetic
training samples following the recommendation of Pham et al.
(2024). These samples were used to train multi-class Neural
Network Regression (NNR) models. The input data had a two
dimensional shape (X1, X2), where X1 denotes the number of
EnMAP spectral bands and X2 represents the number of
acquisition dates in the EnMAP stack. The NNR architecture
comprised two hidden layers with 512 neurons each. The output
layers contained 10 and 3 units, corresponding to the predicted
fractions of the 10 and 3 target classes for each model, respectively.
Model parameters were optimized using the L1 loss function (mean
absolute error) during training. For more detailed information we
refer to the Supplementary Tables B,C.

All analyses were undertaken with R (v4.2.2, R Core Team, 2022)
using the packages ferra (v1.8, Hijmans, 2025). Synthetic training
data generation, and NNR training and the classification of HyPlant
data for validation were done with python using PyTorch.

2.4 Validation

The EnMAP species maps were validated with species fractions
derived from airborne imaging spectroscopy data (HyPlant), while
UAV derived NPV-GV-Water fractions were used to validate the
EnMAP NPV-GV-Water maps. RMSE, MAE and scatterplots with a
fitted linear regression, as well as visual interpretation of the maps,
were used for validation. As observed by Reddig et al. (2025), the
high number of classes and class-wise scarce occurrences resulted in
a high density of predicted fractions close to 0. To avoid a positive
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bias of the validation metrics, the metrics were calculated from a
random subset of the complete data set for all species classes and
NPV-GV-Water fractions. For this, the HyPlant- and UAV-derived
fractions were grouped into 10-percent bins, and for each bin the
maximum sample (35 for HyPlant and 51 for UAV) was randomly
drawn (e.g., 35 samples within 0%-10%, 35 within 11%-20%, etc.).
We repeated this process 100 times to avoid random effects and
from all 100 random draws, a mean fitted linear regression, R’
RMSE and MAE values were calculated (Supplementary Table D).
Since the deviation between the 100 random draws were small, we
show and discuss MAE, and RMSE values for one random subset.
Although our validation utilizes classifications from high spatial
resolution imagery instead of direct field measurements, it could be
considered verification, but this approach is not uncommon (Gray
et al., 2018; Tian et al., 2023; Reddig et al., 2025).

2.4.1 HyPlant species fractions

EnMAP species fractions were validated using a discrete
classification of imaging spectrometer data from the airborne
HyPlant (Rascher et al, 2015).
Acquisition date was 27 August 2024; spatial resolution of the

imaging spectrometer
imagery from the broad band dual channel (380-2,500 nm) was
2.6 m. The top-of-canopy reflectance was calculated according to
Siegmann et al. (2019). The LiDAR (RIEGL Laser Measurement
Systems GmbH, Austria) sensor was flown in parallel providing a
digital terrain model (DTM) and digital surface model (DSM). A
normalized DSM (nDSM) was calculated and used in the
classification process.

Wetland, non-wetland and water land cover classes were first
separated in a general classification by combining the Google
Satellite Embeddings (Brown et al., 2025) dataset in 2024 with
the HyPlant data and nDSM. Detailed classifications within each
of the general classes were then performed using only the
HyPlant data and nDSM, separated by the subset areas. Both
classification steps utilized a three-model ensemble of neural
networks with three hidden layers. Training, validation, and test
data, derived from manual labelling and expert knowledge, was
randomly split three times and the majority voted value per pixel
was assigned as the output. The final outputs combined the
classifications within the wetland and non-wetland groups, and
water from the general classification. Species fractions were
calculated from a resampled HyPlant classification to match
the EnMAP grid.

2.4.2 UAV NPV-GV-Water fractions

Multispectral UAV acquisitions were undertaken within 6 days
of the EnMAP acquisitions for two subplots in region b (Figure 3).
The usage of an RTK (real-time kinematic) base station and
SAPOS® (https://sapos.de/) for precise real-time positioning
resulted in an XY-accuracy of 3 cm (based on 21 ground control
points). Detailed information on the sensors and mission settings
are summarised in Table 2. Speed and overlap varied between the
two drones. Image pre-processing was done in Pix4DMapper (v4.9.
0) and Agisoft Metashape Professional (v1.8.4 and v2.1.3).

The final eight orthomosaics were used in their original
resolution (3 cm-6 cm) and a discrete classification scheme.
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UAV Type Sensor Center wavelengths  Acquisition Height [m Front Side
dates above overlap overlap
starting [%] [%]
point]
DJI Quadrocopter | Altum-PT 475 nm (Blue), 560 nm (Green), | 25 April 2025 70-80 5 80 70
M300 (MicaSense) 668 nm (Red), 717 nm (Red 08 May 2024
edge) and 842 nm (Near 08 June 2023
Infrared) 22 August 2024
Trinity Fixed wing RedEdge-M 475 nm (Blue), 560 nm (Green), | 20 September 2024 | 70-80 Approx. 16 | 62 80
F90+ (MicaSense) 668 nm (Red), 717 nm (Red
edge) and 842 nm (Near
Infrared)

Manual decision trees were built for each orthomosaic to predict
NPV, GV and Water. Shadow was treated as water, and open peat
was treated as NPV, since it comprised dead organic plant
material, and was spectrally similar to NPV when dry. A
random subset was drawn of 50 points for NPV and GV and
15 points for Water and each orthomosaic for a separate
validation. Each point was visually assessed and assigned to
one of the three classes. The overall accuracy ranged from 76%
to 95% and F1 scores of 73%-100%. The classifications were
resampled to the EnMAP grid while calculating the respective
fractions of NPV, GV and Water.

3 Results
3.1 Species fractions

The species maps show heterogeneous vegetation patterns.
Phragmites was the most dominant, often found along river
edges and open water bodies in linear, narrow structures, but
some dominant clusters were also visible. Carex and Typha were
mapped in large patches. A visual comparison of the distribution of
the three classes (Figure 6) reveals a good agreement with the
HyPlant fractions, despite some inconsistencies in the
distribution of Typha with overestimation of low fraction values.

Of the peatland related classes, Typha showed the highest
accuracy (MAE = 16%, RMSE = 20%), with decreasing accuracy
for Phragmites, Carex, and lowest accuracies for Phalaris and Wet
grassland (MAE = 22-42%, RMSE = 28-51%, Figure 7). Shrubs,
Trees and Water showed matching distribution patterns in the
plots (MAE = 18-19%, RMSE = 22-25%,
Supplementary Figure C).

validation

3.2 NPV-GV-Water fractions

Similar to heterogenous species distribution patterns, peatlands
showed heterogeneous phenology patterns over the course of a year.
April had the highest fractions of NPV, June and August showed the
lowest NPV fractions but in turn the highest GV fractions. Further,
mapped Water fractions were high in April and May but low in June
and August (Figures 8a,b).
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Different phenological trends were visible from the spectral
information and fraction maps, such as early greening
(Figure 8c) with strongest vegetation signal in June and a
flooding event observed in May, which was typical for areas with
Carex. Late greening was observed, e.g., for Phragmites, with
strongest vegetation signal in August. Other vegetation, such as
croplands and managed areas showed pronounced changes in GV
and NPV fractions. These trends do not represent a single year, as
data from multiple years were treated as one. Permanent open water
bodies showed high water fractions throughout the observation
period (Figure 8c).

Scatter plots with UAV derived validation data on NPV, GV
and Water fractions showed the highest accuracy for GV (MAE =
12%, RMSE = 16%) and lower accuracies for Water and NPV,
respectively (Figure 9). NPV and Water were often confused
where wet or dry peat was mapped as Water in the EnMAP
fractions but NPV in UAV imagery, especially in May and June.
Therefore, when discussing phenological trends, GV trends
should be considered more reliable than Water and NPV
which need to be discussed with care.

3.3 Species phenology

By combining the species and NPV-GV-Water fraction maps,
variation in phenology between species became apparent. The
peatland classes showed varying trends, such as late greening of
Phragmites (Figure 10). Also, small-scale patterns of temporal
variations in the timing of maximum GV values were visible for
Phragmites (Figure 11). Carex showed early greening while Typha
displayed a general steady increase in GV (Figure 10). Phalaris and
Wet grassland shared similar trends, although they had the lowest
mapping confidence and should be discussed cautiously. Other
vegetation showed the highest GV fractions but also large
deviations of GV and NPV, potentially due to differences in
management strategies.

The Water class from the species mapping included permanent
open water bodies. As such, the water fractions were generally high
over the course of the vegetation period and the change in water
fractions small. Although a green peak in August was observed
coming from dried up edges of open water bodies and lake like
structures with vegetation growth. In turn, the change in Water
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FIGURE 6

Species fractions for ENMAP and HyPlant and three exemplary peatland classes (Phragmites, Typha and Carex). The location of the subset regions a
and b are shown in the top left. Grey color: outside of the organic soils (Wittnebel et al., 2023). Water bodies were derived from Open Street Map..

fractions over time varied between the species classes. Phragmites,
Typha, Shrubs and Trees showed similar trends with high water
fractions at the beginning of the season but a decrease over time. In
contrast, Carex, Phalaris, Wet Grassland, and Other vegetation
showed less inundation overall.
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4 Discussion

We were successful in using multi-temporal EnMAP data for
mapping dominant peatland species and intra-annual vegetation
and water dynamics. By using a multi-temporal hyperspectral data
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FIGURE 7

Validation scatterplot for a random subset. A subset was randomly drawn for each class and 10-percent bin of the HyPlant data. Blue dashed line =
regression line for the random sample. Black line = 1:1 line. Color scale indicates data density: blue = low density, yellow = high density.

stack, we leveraged the class specific phenological variation for
species mapping. NPV, GV and water fractions were predicted
for each date, which in combination with the species fractions
revealed distinct phenological trends for the different dominant

peatland vegetation types.

4.1 Species fractions

The mapped species fractions generally matched the observed
spatial patterns. Phragmites and Carex were mapped with moderate
confidence (MAE = 22-28%), but their spatial extents corresponded
well with observed patterns (Figure 6). Typha was mapped with
smaller errors (MAE = 16%) where it was the dominant species
(approx. > 70%), but was substantially overestimated where it was
sparse or absent, particularly in areas of high water-level fluctuation.
Phalaris and Wet grassland showed no correlation between
predicted and observed fractions (R* = 0-0.07), potentially due to
the inherently rare occurrence of both classes in our study area,
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which limited the availability of representative endmember samples.
For the class Water, six endmembers were sufficient representative
to achieve good accuracies (n = 6, R> = 0.66, MAE = 18%). Similarly,
Okujeni et al. (2013) showed good performance for the grass class

with only a small number of sample size (n = 5), although the study

was based in urban context and the only other vegetation class was

trees. In other mapping studies, greater numbers of endmembers
were used (Cooper et al., 2020; Okujeni et al., 2018; Mandl et al.,

be found.

10

2024; Reddig et al., 2025). In the case of Phalaris and Wet grassland,
the low number of samples (n = 4 and 6, respectively) appears small
given the spectral variance within and spectral similarity between the
two classes (Supplementary Figure A). This limitation likely
increased confusion, however the use of synthetic training data
relies on pure pixel endmembers, which in this case can hardly

While Arasumani et al. (2023) reported better MAE values
(14%-20%), our study included a greater number of vegetation
classes (eight, to our knowledge the largest used with regression-
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stacked and the band names indexed.

(a, b) NPV, GV and Water fractions over the course of the year for the same subset areas as in Figure 6. In white, areas outside of the organic soils
(Wittnebel et al., 2023). (c) Spectral change of four exemplary pixels representing dominant vegetation types and their respective phenological
development derived from NPV-GV-Water fractions over the course of the year, sorted by month. For the visualization of the spectra, the images were

based unmixing, so far). This increased complexity likely
contributed to higher MAE values due to potential class
Salko et al. (2025)

in fraction

showed variable
from field
spectroscopy data for six peatland species, underlining the

confusion. similarly

performance species predictions
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challenges of peatland vegetation mapping. Mapping multiple,
spectrally similar vegetation classes in peatlands therefore differs
from previous mapping applications that typically involve fewer
classes or more general land cover types (Reddig et al., 2025; Cooper
et al,, 2020). Integrating Synthetic Aperture Radar (SAR) data to
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FIGURE 9

Validation scatterplot for GV-NPV-Water fractions. A subset was randomly drawn for each class and 10-percent bin of the HyPlant data. Blue dashed
line = regression line for the random sample. Black line = 1:1 line. Color scale indicates data density: blue = low density, yellow = high density

incorporate textural information could improve class separability
(Dabrowska-Zielinska et al., 2012; Dabrowska-Zielinska et al., 2014),
though adapting the current spectral unmixing methodology would
be necessary.

4.2 NPV-GV-Water fractions

The interplay between peat and water resulted in limitations in
NPV mapping. GV fractions were reliably predicted, a result backed
up by Kowalski et al. (2022) and Kowalski et al. (2023) in grasslands
(MAE =7.18% and 6.54%). Tian et al. (2023) similarly predicted GV,
NPV, and Soil fractions for different land-cover types (grassland,
cropland, forest) using single-date Sentinel-2 RGB indices, validated
against UAV-derived fractions. They observed varying performance
across GV and NPV fractions, likely due to single-date limitations.
However, direct comparison is not feasible, as their validation was
conducted at the land-cover type level rather than class-wise. Bare
peat fractions were not included in our study, as its occurrence in
peatlands is tied to water dynamics rather than vegetation
phenology. High water level fluctuation and inundation, which is
common in rewetted peatlands (Kreyling et al., 2021; Zerbe et al.,
2013; Liu and Lennartz, 2019) was also observed in our study rea.
lustrated well by the permanent Water class (Figure 8); open water
bodies dry out in August, revealing bare peat which becomes
overgrown by vegetation (Beyer et al, 2021), increasing the
fraction of GV until it is again inundated in the next wet season.
NPV fractions were less reliably predicted (MAE = 21%) than by
Kowalski et al. (2022) and Kowalski et al. (2023) with MAE = 13.7%
and 15.38%. Peat, when saturated, resembles water spectrally, while
dry peat may resemble NPV, affecting overall NPV prediction
accuracies. This highlights the necessity of multi-temporal
information and water dynamics in monitoring rewetted peatlands.

Inundation events were most reliably detected in areas of low
vegetation. High water fractions for Phragmites, Typha, and Shrubs
indicated inundation events in the beginning of the vegetation
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period, despite comparably dry conditions (Supplementary Figure
D). The high water fractions, however, may likely reflect the
presence of shadows due to the low canopy density in April and
May, revealing shaded areas of water, peat, NPV, GV or a mixture of
all. Shadow effects are large in the early and late season, due to the
low sun elevation angles (Supplementary Table A). A dense
vegetation canopy late in the season can counteract shadow
effects, resulting in more reliable water predictions in September
compared to April and May. In turn, areas of lower, denser
vegetation (e.g., Carex, Figure 12) cast less shadow and therefore
yield a more reliable prediction of inundated water area extent
throughout the year, as observed for the peak in May. In future
studies, the effect of shadow as an additional endmember and its
influence on the water class should be tested.

4.3 Class-wise phenology

Differences in Phragmites (P. australis) phenology became
apparent after combining the species fractions with NPV-GV-
Water fractions. The maximum GV fractions indicated different
peaks in GV for Phragmites, primarily in August but also as early as
June (Figure 11), a pattern which could be observed in field
observations (Figure 2, right). This variation might be due to
phenotypic plasticity of P. australis in response to water table
depth and fluctuation (Song et al., 2021; Vretare et al, 2001),
which ware possibly caused by the above average precipitation
events in July and August 2023. A direct link, however, is
difficult to prove given the dominant role of groundwater levels
in fen peatlands, and particularly the water level of the adjacent
Peene river in this case (Timmermann et al., 2006). The temperature
was within average range (Supplementary Figure D), but we cannot
account for differences in micro-climate which may result in
different phenological expression. Further investigations would be
necessary, for example, on detailed groundwater levels, nutrient
loads and local temperature.
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Mean NPV, GV and Water fraction +standard deviation over time for the different classes. Minimum species fraction cover was 70% to ensure high
fraction coverage and thus reliable trends. Red = NPV, Green = GV, Blue = Water. Other Veg. = Other Vegetation.
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Differences in timing of GV peak for Phragmites >50%. The location of the subset regions a and b are shown in the top left. Sources: Water bodies
were derived from Open Street Map. VHR imagery was acquired on 21 April 2023 and provided by the GeoPortal. MV (https://www.geoportal-mv.de/

portal/).
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FIGURE 12

shadow in April, than Carex.

Left: P. australis NPV early in the season, and GV in summer. Right: Carex sp NPV early in the season and GV in summer. Phragmites casts more

Carex sp, Apr 2025

Ny 5

Carex sp, Jul 2024

If a class comprised different species, such as the Carex class,
the separation of different phenological expressions enabled to
further split the class on the species levels. The variety in
phenology of the different Carex species was captured in the
endmember data set, e.g., high share in NPV for C. acuta but low
NPV fractions for C. acutiformis and C. riparia. With a simple
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thresholding based on the NPV value in September, the Carex
group could be split in C. riparia and C. acutiformis (low NPV) vs.
C. acuta (high NPV, Figure 13). However, intra-specific
differences in phenology would be neglected with this method,
e.g., C. acuta with high GV and C. acutiformis with high NPV
in September.
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(A) Mean NPV, GV and Water fractions +standard deviation over time for two different phenological trends in the Carex class (Carex > 70%). The
different trends were separated based on simple thresholding of NPV values (threshold value = 50% NPV in September 2024). The different phenological
trends are representative for C. acuta vs. C. riparia/acutiformis. (B) Top C. acuta on 20 September 2024, bottom C. acutiformis on 20 September 2024,
which is similar to C. riparia.

4.4 Methodological considerations

The temporal offset of the validation data to the EnMAP
imagery needs to be considered in the validation process. The
HyPlant species fractions were based on a single acquisition in
2024, while species fractions from EnMAP were based on multi-
temporal imagery from 2023 to 2025. Thus, differences in weather
and vegetation phenology over time can reduce prediction
accuracies. Further, vegetation patches, e.g., P. australis and
Typha spp., may expand within the 3 years of observation
(Packer et al, 2017; Heinz, 2011). These changes on the
ground may explain the model error (MAE >15%) to some
extent and increase uncertainty of our results. Due to the
limited data availability and the fact that we had to join scenes
from 3 years to generate a multi seasonal time series, we could not
investigate how spatial-temporal changes are represented in
results from subsequent years. Such investigation would be
worthwhile when a higher data density per years is given.
Moreover, the maximum offset between UAV imagery and
EnMAP imagery for the NPV-GV-Water validation was 6 days.
An offset of 8 days between two UAV acquisitions already showed
large differences in NDVI and the extent of inundated water areas
(Supplementary Figures E,F). Thus, the offset of a few days
between UAV and EnMAP may result in overestimation or
underestimation of EnMAP of NPV, GV, and Water fractions.
Additionally, the validation with independent classifications from
high spatial resolution data is no direct ground truth but provides
continuous data for comparably large areas.

Data density plays a key role in monitoring peatlands over
time. Here, we used data from three consecutive years, but
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combined them as if they were from a single vegetation
period. For species mapping, the combination may be even
better than single year information due to the included
seasonal variation (Arasumani et al., 2023; Wolff et al., 2025;
Pang et al.,, 2022). However, regarding phenological variations,
wet and dry periods from multiple years may become intermixed
(Wolff et al., 2025), so observed trends may not be absolute and
cannot be generalized. Upcoming hyperspectral
missions (SBG, CHIME) would further increase the temporal
resolution than just EnMAP alone, enabling annual species

satellite

distribution maps and true single year phenological patterns.
Systems with higher temporal information, such as Landsat and
Sentinel-2 already offer high temporal resolution but are
delivered with the expense of decreased spectral resolution.
However, testing the transferability on multispectral systems
and larger areas is necessary. Further upcoming superspectral
sensors may be promising for global monitoring schemes
(Dennison et al., 2023).

5 Conclusion

This research showed the suitability of utilizing multi-
temporal imaging spectroscopy data (EnMAP) for mapping
dominant peatland vegetation and detecting intra-annual
changes in vegetation condition and water dynamics in a
rewetted peatland landscape. Observed
phenological patterns, particularly differences in peak green-

variations in

up timings for Phragmites australis, suggest the potential for
using remote sensing data as a proxy for underlying hydrological
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gradients driving peatland vegetation communities. However,
limitations remain. The high number of vegetation classes and
the inherent spectral similarity of peatland vegetation impacted
the accuracy of species fraction predictions. The presence of
shadow as well as wet open peat affected NPV and water
predictions. Despite these limitations, we represent with this
work a significant step toward utilizing spaceborne imaging
spectroscopy data for monitoring rewetted peatlands on
larger scales. The demonstrated ability to track seasonal
changes in vegetation and water dynamics provides a basis
efforts
understanding the drivers of carbon cycling in these critical

for assessing the success of rewetting and

ecosystems.
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