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SUMMARY

Drained peatlands need to be rewetted to reduce carbon emissions. To realise this, sustainable land-use
alternatives must be implemented after rewetting. Uncrewed Aerial Systems (UAS) can aid in monitoring crop
growth and spatial heterogeneity in vegetation patterns, and hence contribute to improved management. We
monitored Typha latifolia (‘Typha’) biomass for an 8.5 ha rewetted paludiculture site in north-east Germany
using structural (digital surface model, DSM) and multispectral data (5 spectral bands and normalized
difference vegetation index, NDVI) obtained by drone surveys in July, August and September 2021. We used
in-situ harvests of Typha from 1 m? square plots as training data. Biomass for validation plots was predicted
from field measurements for the respective observation dates. The DSM’s and NDVI’s spatial resolution
(2.76 cm) were resampled to 1 m and original values aggregated into different spatial metrics (i.e., percentiles
of pixel height and NDVI values). Different regression models were separately tested for the different August
DSM and NDVI metrics as explanatory variables from August data. A normalised Typha fraction cover mask
from the multispectral data was used to exclude non-target species. To test the model for different phenological
stages, we then applied the best performing model of August to July and September. The models were
compared to non-destructive biomass predictions from linear relationships between field measurements. The
combination of DSM or NDVI metrics with the Typha mask captured the heterogeneity of Typha biomass well
(R?=0.65-0.71). Biomass overprediction for present non-target species was successfully excluded. DSM
models outperformed NDVI models for dense Typha stands due to saturation of the NDVI at 500 g m™
biomass. We were able to show biomass accumulation from July to August of up to 200 g m2. The September
model had the lowest performance (R? = 0.6), due to a weakened height-biomass relation. Further, our model
underestimated flower biomass. As single UAS surveys offer both structural and spectral information, UAS
data will contribute to precise biomass and vegetation monitoring at high spatial resolution in upcoming
rewetting efforts.
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INTRODUCTION

Peatlands are ecosystems with permanently wet soils,
in which anaerobic conditions result in a low decay
rate of biomass. Plant material accumulates, forms
peat, and thereby stores carbon (Bonn et al. 2016). A
huge global carbon stock has been formed by
peatlands, containing 450 Gt of carbon (UNEP
2022). This makes peatlands an important factor in
the context of climate change. Peatlands are drained
for agriculture, forestry and peat excavation
worldwide (Joosten 2016), leading to environmental
degradation affecting ecosystem services. As a result,
drained and, hence, degraded peatlands turn from
carbon sinks into sources: stored carbon is being
released as CO, (among other greenhouse gases
(GHQG)) (Tiemeyer et al. 2016), nutrients are being

discharged (Zak et al. 2010), habitats of endangered
species are being lost (Tanneberger et al. 2009) and
subsidence occurs due to mineralisation (Erkens et al.
2016). 12 % of global peatlands are drained, and
although they share only 0.5 % of the global land
surface, they cause 4 % of total GHG emissions due
to drainage (UNEP 2022).

In Mecklenburg - Western Pomerania, a federal
state in north-east Germany, where the presented
study was conducted, the emissions of drained
peatlands amount to almost 40 % of the total
emissions of the federal state (Uellendahl et al.
2023). Therefore, the rewetting of drained peatlands
is a key factor in mitigating climate change (Joosten
2016). New concepts for sustainable agriculture on
rewetted peatlands are necessary to replace
traditional agricultural schemes on drained peatlands.
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Plant biomass from paludiculture, i.e., agricultural
practice on peatland under permanent wet conditions
(Wichtmann et al. 2007) may, for example, be used
as fodder or in industrial production as roofing or
insulation material (Wichtmann et al. 2007, Oehmke
& Abel 2016, Geurts & Fritz 2018). By using
rewetted peatlands for paludiculture, degradation will
be stopped, new habitats will be provided, hydrology
improves, nutrient run-off is restrained and GHG
emissions will decrease in the long term (Wichtmann
et al. 2007, Ginther et al. 2020). 184 plant species
were identified as being suitable for paludiculture
(Timmermann 2003, Wichtmann et al. 2007, Abel et
al. 2013, Geurts & Fritz 2018), among them Typha
latifolia (hereinafter ‘Typha’), the target species of
our study.

Typha spp. are perennial and can grow under high
water levels with high biomass yields (Geurts & Fritz
2018). The basal plant parts are submerged, while the
long linear leaves and flowers grow above water level
(helophytes) (den Hartog & Segal 1964, Heinz 2011).
Plant height can reach more than two metres (Wild et
al. 2001). Typha produces inflorescences (also
referred to as flowers) with more than 100,000
diaspores (Coops & van der Velde 1995). Since they
have rhizomatous growth, they can spread quickly
and build dense populations within a year (Wild et al.
2001). Typha can cope with a wide range of
environmental conditions but profits from nutrient-
rich conditions increasing its shoot density and
biomass (Grace 1988, Heinz 2011, Geurts & Fritz
2018, VVroom et al. 2018).

During the last decades, Typha has been the object
of investigation of several studies that concluded it
may be a promising paludiculture crop for fodder
production in dairy (Pijlman et al. 2019), for
bioenergy (Grosshans 2014) and as insulating
material (Wichtmann et al. 2007). Research topics
were usability, plant density, water level height,
biomass yields, harvest date, nutrient removal
potential and GHG emissions, among other things
(Pfadenhauer & Wild 2001, Wild et al. 2001,
Timmermann 2003, Vroom et al. 2018, Pijlman et al.
2019, Ren et al. 2019, Geurts et al. 2020). For
instance, yields of 10-29 t dry aboveground biomass
(DAGB) Typha per ha and year can be reached in the
long-term (Grosshans 2014). Typha is harvested at
10-20 cm aboveground, date of harvest depends on
utilisation (Ndrmann et al. 2021). Studies
investigating Typha growth after rewetting showed
biomass accumulation ranging from 2 to 20t hat
depending on nutrient availability, water table depth,
duration of inundation, and stand age (Timmermann
2003, Heinz 2011, Schulz et al. 2011, Geurts & Fritz
2018).
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To prove the economic viability and the
possibility of large-scale cultivation of Typha, the
project Paludi-PRIMA (Putting Paludiculture into
Practice: Integration - Management - Cultivation,
2019-2022) puts the application of Typha as a
paludiculture crop into a socio-economic context
(Greifswald Mire Centre 2020a). For this purpose, a
pilot scheme of approximately 8.5 ha with Typha
planting was established in north-eastern Germany.
Monitoring the development of Typha and
accompanying  vegetation is  crucial  for
understanding the factors influencing Typha growth
and therefore biomass yields on the study site. A
better understanding of these factors allows land
managers to react to and enhance growing conditions.

With remote sensing data, large areas can be
covered while taking spatial variability into account.
Thus, biomass has been estimated based on satellite
imagery for several decades and across various
ecosystems (e.g., Dong et al. 2003, Mutanga et al.
2012, Ullah et al. 2012, Fassnacht et al. 2021).
Wetland biomass estimation using satellite imagery
was the objective of several recent studies for
assessing and monitoring ecosystem productivity.
30 m Landsat 5 imagery was used in a time series
analysis to map the changes in Spartina alterniflora
biomass in a salt marsh. Wan et al. (2019) used
Landsat 7 and 8 imagery, covering large areas but at
rather low spatial resolution (15 m) for biomass
estimation of four different wetland species. Rasénen
et al. (2021) estimated biomass from 10 m Sentinel-2
imagery and 3 m PlanetScope in a tundra landscape.
Wetland biomass in South Africa was estimated by
Mutanga et al. (2012) on a high spatial scale (2 m
with World-View-2), while Rasanen et al. (2019)
used Quick-Bird (2.4 m), WorldView-2 (2 m) and
WorldView-3 (1.6 m) to predict biomass in arctic
tundra and peatlands.

Uncrewed aerial systems (UAS) provide data with
an even higher spatial resolution at cm-scale, while
nowadays often acquiring optical imagery with four
to five spectral bands. While already common in the
agricultural context for monitoring crop growth
(Hunt et al. 2005, Geipel et al. 2016, Willkomm et al.
2016, Poley & McDermid 2020), biomass estimation
of wetland vegetation using UAS is still relatively
new: e.g., Klemas 2013, Luo et al. 2017, Doughty &
Cavanaugh 2019, Pétzig et al. 2020, Doughty et al.
2021. Thus, biomass estimation of Typha as a
paludiculture crop has so far not been an object of
investigation.

The normalised difference vegetation index
(NDVI) is a common proxy to predict biomass.
Doughty & Cavanaugh (2019) used the UAS derived
NDVI to predict the plant biomass in coastal
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wetlands. However, the saturation of the NDVI for
high biomass or canopy with high density can be
challenging (Tucker 1977, Cunliffe et al. 2020). To
overcome these difficulties, it is recommended to use
a multi-data input combining spectral and structural
information (Luo et al. 2017, Poley & McDermid
2020, Lu et al. 2022). Spectral information refers to
the band combinations (e.g., blue, green, red, red
edge, NIR) from which different vegetation indices
(VIs) can be calculated. Structural information is
based on a digital surface model (DSM) as the height
of the surface (including vegetation) or a canopy
height model (CHM) as the true vegetation height. Lu
et al. (2022), for example, successfully modelled
Phragmites australis biomass from UAS derived
NDVI and canopy height (R? = 0.74, RMSE =
174 g m?).

Moving window analyses can account for
vegetation canopy structure at small pixel sizes. The
DSM or CHM can be aggregated to a lower
resolution while calculating different metrics such as
mean, median and maximum height values, or
different percentiles, representing spatial variability
(Poley & McDermid 2020). This also applies to VIs.
Luo et al. (2017) tested different metrics from lidar
point clouds and lidar intensity. They showed the best
result for the combination of modified soil-adjusted
vegetation index (MSAVI) and the 99th percentile of

lidar height from point clouds (R?=0.65,
RMSE =168gm?) to predict biomass for
P. australis. Using DSM metrics for biomass

prediction seems promising for Typha due to its erect
growth form. However, when predicting species-
specific biomass, combining VIs and structural
metrics might still predict biomass for non-target
species, due to similar spectral or structural
signatures. Therefore, strategies are needed to derive
both species abundance and biomass indicators from
the combined data available from common UAS.
The overarching aim of our study was to create a
regularly applicable workflow that uses a
combination of multispectral and structural UAS
information from single drone surveys for predicting
species-specific biomass. We tested different
structural DSM and NDVI metrics (from aggregating
pixels to 1 m2) as the main explanatory variable,
while accounting for the biomass of non-target
species with a Typha fraction cover mask from the
multispectral UAS imagery. Biomass varies
throughout the year and different growth stages may
result in different biomass prediction performances
since estimates depend on growth form and stage
(Doughty & Cavanaugh 2019, Poley & McDermid
2020). At the same time, reliable training data for
biomass prediction models may be scarce. Therefore,
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we tested our suggested model on UAS data from
three acquisition dates.

To achieve the overarching aim and present an
approach for an improved mapping of biomass
production of Typha on a rewetted site over time
using multitemporal and multispectral data from one
single UAS, we will address the following questions:
I) Can we describe Typha biomass at high accuracy
using regression modelling with structural DSM or
spectral NDVI metrics? 1) Can the biomass
prediction be improved by including a Typha fraction
cover mask from multispectral image data? 111) To
what extent is a model combining structural and
spectral information robust with regard to
applicability for different observation dates, and
hence for monitoring biomass development over
time? To answer these questions, we trained and
tested different regression models based on data from
the peak of the vegetation period in August. The best
model was then applied to data from July and
September of the same year to test for temporal
robustness. Non-destructive biomass prediction from
in-situ harvests served as model validation.

METHODS

Study area

The study area ‘Polder Teichweide’ is located in
close proximity to the town of Neukalen,
Mecklenburg - Western Pomerania, Germany. It is
part of the river valley Teterower Peene west of Lake
Kummerow (Figure 1). The climate is temperate with
annual precipitation 583 mm and mean air
temperature 9.2°C during the period 1991-2020 at
the nearest weather station in Teterow (Deutscher
Wetterdienst 2023).

The study area covered approximately 8.5 ha and
was rewetted and planted with Typha latifolia and
T. angustifolia in September 2019 as part of the
Paludi-PRIMA Project (Neubert et al. 2022). Before
that time, it was drained for grazing and winter fodder
production for at least two decades. In the course of
rewetting in 2019, dikes were built around the study
site, and ditches outside the dams were excavated to
prevent surrounding grasslands from flooding. The
area was levelled to 60 cm above mean sea level by
machinery, resulting in a partial removal of topsoil
and grass sod (Greifswald Mire Centre 2020b). In the
western area, more topsoil was removed in error. A
ditch stretching from north to south was filled with
organic soil (Figure 1d). The peat layer is up to 5 m
thick (Greifswald Mire Centre 2020b).

Plant species composition was heterogeneous and
a mixture of (wet) grassland species such as Holcus
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lanatus and Phalaris arundinacea and wetland/
aquatic  species including Glyceria maxima,
P. australis and Carex spp. (Seiler 2021). Major
dominant species in 2021 were Juncus articulatus in
eastern parts, T. latifolia in the west and in the
ditches, and P. arundinacea in southern parts. The
latter was a remnant from pre-project conditions and
grew in areas where topsoil had not been removed
before rewetting (Hibner 2021). P. australis was
mainly restricted to small patches at the edges, such
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as the open water body in the north-western corner
and a patch at the western edge. Carex spp. was found
in patches at the south-eastern corner, associated with
the second open water body. T. angustifolia occurred
only sparsely.

Image acquisition and pre-processing

UAS surveys were conducted on a monthly basis
(Table 1), always prior to invasive sampling. A
DJI Phantom 4 Multispectral was used to gather
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zone 33 N.

Figure 1. a) Overview of the study area in north-eastern Germany. The altitude of the landscape surrounding
the study area is generally low. The low and flat area in the eastern part of the yellow frame represents Lake
Kummerow. The yellow frame indicates the extent of map b. b) The study area is adjacent to the river
Teterower Peene. ¢) Drone derived RGB orthophoto from 03 August 2021 with Ground Control Points (GCP)
training and validation plots. d) Drone derived DSM (digital surface model) from 03 August 2021. In the
course of rewetting, a former ditch stretching from north to south was filled with organic soil. Vegetation is
tall there, and on the tracks from levelling (diverting to the east).

Table 1. Overview on image acquisition, flight time in 2021 and weather conditions during the survey. Time
zone UTC+2.

Imagery date Time start Time end Peak solar elevation Clouds Wind
05 July 11.49 13.01 13.13 cloudy gusty
03 August 13.51 15.03 13.15 variable moderate
07 September 12.00 13.15 13.06 variable variable
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multispectral imagery of the study area in five
spectral bands: blue (450 nm), green (560 nm),
red (650 nm), red edge (730 nm) and NIR (840 nm).
Each band has a spectral resolution of + 16 nm except
for NIR (x 26 nm). Additionally, an RGB camera in
the same sensor system produces true colour images.
After each flight, reflectance panel images were
taken from a MAPIR Camera Reflectance
Calibration Ground Target v2. These images were
used for image calibration.

The flight altitude of 50 m resulted in a ground
sampling distance of 2.76 cm. Flight speed was
3.5 m s with a front and side overlap of 80 %. The
overall duration for the 12,000 m flight route was
about 70 min. The survey was conducted at £2 h
around solar noon to minimise shadow effects; cloud
and wind conditions varied (Table 1).

Image pre-processing relied on the workflow
described by Hibner (2021), by which multispectral
orthomosaics were created using pix4DMapper
(https:/iwww.pix4d.com/product/pix4dmapper-
photogrammetry-software/). Although an RTK (real-
time kinematic) base station was used for precise
positioning, the orthomosaics had to be
georeferenced individually using GCPs (ground
control points, Figure 1c). The orthomosaics were
masked by the study area and resampled to August
geometry, so that all data could be stacked. The
multispectral bands were used for the Typha
classification and the NDVI.

In addition to the spectral data, a DSM (Figure 1d)
for each month was processed using Structure from
Motion in Agisoft Metashape Professional (v1.8) and
the RGB and multispectral data. We compared the
DSMs from the RGB and multispectral data. The
multispectral DSM showed some artefacts we could
not explain, therefore, we opted to use the RGB DSM
which was otherwise similar. Using the height of the
GCP in the south-eastern corner (Figure 1c), the
DSM for each month was normalised to the local
administrative elevation reference system (DHHN
2016). The DSMs were then resampled to the August
spectral data and masked.

Reference information from the field were given
as mean values per m2. Therefore, we aggregated the
DSM and NDVI data to a pixel size of 1 m (~1296
pixels m). In doing so, the local variation in spectral
or structural properties could be included in the
modelling, e.g., via different percentiles (in addition
to mean or maximum values), which helps in
detecting canopy heterogeneity (Poley & McDermid
2020). Finally, we calculated different metrics from
the DSM and NDVI during the process of
aggregating to 1 m? resolution (i.e., p50, p60, p70,
p80, p90, pl00). The different metrics were
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separately tested in model performance for Typha
biomass estimation.

DSM and NDVI values were extracted at the
position of each training (in-situ harvests) and
validation plot (Figure 1c). The centre coordinate of
a plot was not always in the centre of the respective
raster cell. Hence, we used a bilinear extraction
method to get an interpolated value from the four
nearest cells.

The analyses were undertaken in the R
environment (R Core Team 2022, v4.2.2) using the
packagesterra(Hijmans 2022, v1.6-47), rgdal (Bivand
et al. 2021) and randomForest (Liaw & Wiener
2002). QGIS (QGIS Development Team 2021,
v3.22.14) was used for georeferencing, training, data
collection, visualisation and map creation.

Field data collection

Data were gathered throughout the 2021 growing
season, in the first week of July, August and
September. During each week of fieldwork two
different types of plots were sampled. Firstly, the
1 m? biomass plots with in-situ harvests of Typha,
and secondly the 4 m? not-harvested, long-term plots.
The destructive sampling (hereinafter ‘training data’)
was used for model training, while the non-
destructive sampling (‘validation data’) enabled the
use of plots for validating model performance at
multiple dates.

Training data
Typha biomass training data were harvested for each
month of observation after the UAS surveys (32 plots
in July, 12 each in August and September, Figure 1c).
The area was categorised into three Typha density
groups (low, medium and high density) and a fourth
group representing Typha growing in P. arundinacea
dominated stands. Three biomass plots per group and
month were randomly distributed across the area
using QGIS (v3.22.14). The minimum distance
between training plots was 15 m, to spread the plots
evenly across the entire area. A buffer of 3 m to
validation plots was used to avoid overlap between
training and validation plots. With this method, we
were able to cover an even distribution of the plots
along with the different main vegetation structures.
In further analyses, grouping was discarded. A plot
size of 1 m x 1 m was chosen due to heterogeneous
Typha growth. The plots had to have at least one
Typha shoot and should be in a homogenous patch of
at least 3 m x 3 m. If Typha was absent, the vicinity
was searched for a fitting plot.

The fraction cover of soil, water, moss, Typha and
accompanying (non-Typha) vegetation was estimated
in the field and the dominant species besides Typha
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were identified. Further, the numbers of Typha
shoots and inflorescences were counted. The standing
height of ten ramets was measured with a folding
ruler. All Typha biomass, such as leaves and flowers
when present, was clipped at 3 cm above surface
water level to ensure regenerative capacity (Sale &
Wetzel 1983). It was assumed that the amount of
Typha originating outside but growing into the plot
was more or less equal to the amount of Typha
originating within the plot but growing outside of it.
Therefore, only plants originating within the plot
were harvested. Biomass below surface water was
neglected. The harvested plant parts were weighed in
paper bags in the laboratory, dried for approximately
66 h at 70 °C, and weighed again. The weight of the
paper bags was subtracted. Harvested biomass was
used to model DAGB for the validation plots.

Validation data

The validation plots were examined simultaneously
to the UAS surveys. From 80 long-term vegetation
plots measuring 1 m x 4 m, 22 plots were randomly
selected as validation plots and revisited every month
(Figure 1c). The number of validation plots visited
varied from 17 in June and 12 in August to 8 plots in
September, due to time constraints. A few plots were
sampled only once throughout the whole vegetation
period. Plot orientation was south-north and each
validation plot was divided into four 1mx1m
subplots. At each subplot, the same metrics as for the
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training plots, apart from Typha harvests, were
recorded. Further, field data were supported by
comprehensive photo documentation. To achieve
consistency between image and reference data, the
training and validation plots were positioned
according to plot markers visible in the orthomosaics
in QGIS.

Biomass for the validation plots was predicted
non-destructively. Thus the validation plots, which
were spatially independent from the training data,
could be reused throughout the vegetation period.
The model to predict biomass for these validation
plots was based on the in-situ harvests from the
training plots using linear regressions (Figure 2). The
harvested biomass data were pooled for the field
model because the observation dates had no influence
on biomass. This way, the data set was increased to
56 plots in total.

We tested several independent variables (mean
height, number of shoots, mean height + number of
shoots, mean height + number of flowering shoots,
number of shoots + number of flowering shoots).
Different transformations of DAGB as dependent
variable (natural logarithm, square root and no
transformation) were also tested. The y-intercept was
set to 0, expecting no biomass for zero shoots,
flowers, and/or height for the validation plots.

The final model (Table 2) was chosen using R2j.,
and leave-one-out cross-validation (LOOCV) with
MAPE (mean average prediction error) and RMSPE

training data
DAGB

—)l linear regression I—)

field model

validation
LOOCV, RMSPE, MAPE

response: field DAGB
explanatory: shoots, flowers

— \ 4
validation data

shoots, flowers

- validation data N
_’@—’ predicted field DAGB —> UAS model validation |

————— 1
|

Figure 2. Workflow for non-destructive biomass prediction for the validation plots. Different response
variables (transformations of field DAGB) and explanatory variables were tested. In dark grey the final product
(predicted field DAGB) that will be used for final UAS model validation (dashed lines). DAGB = dry
aboveground biomass, LOOCV = leave-one-out cross-validation, MAPE = mean absolute prediction error,

RMSPE = root mean squared prediction error.

Table 2. Regression equation for the final field model based on flowers and shoots. DAGB = dry aboveground
biomass, MAPE = mean absolute prediction error, RMSPE = root mean squared prediction error. MAPE and
RSMPE based on leave-one-out cross-validation. fl = no. flowers, sh = no. shoots.

Regression equation R2.j.

p-value

MAPE (g m?) RMSPE (g m?)

DAGB = 33.08fl + 4.79sh 0.90

<0.01

56.0 81.6
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(root mean squared prediction error) (Figure 2). Non-
destructive biomass prediction was used to validate
UAS biomass.

Data analysis

Typha classification
In the literature it is recommended to combine
spectral metrics, e.g., NDVI (or other VIs), and
height metrics (Luo et al. 2017, Poley & McDermid
2020, Lu et al. 2022). However, for mixed vegetation
stands, a non-stratified approach based on NDVI and
height metrics will achieve a similar range of biomass
for all species and not just the target species. Thus,
we created a Typha classification from multispectral
data (blue, green, red, red edge, NIR). The Typha
classification was then used to estimate the share of
Typha per 1m?2 pixel and thus disentangle the
fraction of Typha and non-Typha biomass. The
resulting Typha fraction cover mask (FC) was in the
end used to mask the final biomass model and was
applied to the raster. The masked biomass map was
compared to the respective unmasked biomass map.
Typha was mapped at the original resolution of
the multispectral data (2.76 cm) and tested for three
different input data sets, i.e., August only (5 bands),
average reflectance for the three months of
observation (5 bands) and a stack of all months (15
bands) (Figure 3). The resulting Typha classifications
were named according to their input data (claug,
Climean, Clstack). The study area was classified into three
classes: Typha, non-Typha, and water. 225 points
were sampled using QGIS (v3.22.14) as training data,
comprising 130 non-Typha, 71 Typha and 24 water
points. We used the randomForest package (Liaw &
Wiener 2002) based on Breiman (2001), with ntree =
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500 (Beyer et al. 2019). The three resulting
classifications were spatially filtered: isolated pixels
of a given class that were surrounded only by pixels
of a different class were assigned to the different
class.

The best classification was chosen based on the
out of bag (OOB) error, accuracy assessment with
independent validation points, and expert knowledge
during visual assessment of class distributions. For
the accuracy assessment and final confusion matrix,
50 points per class (150 in total) were randomly
sampled as validation points from the Clmean, to which
the actual classes were assigned. For the FC, the final
best classification was aggregated to one metre while
calculating the share of Typha pixels m (Figure 3).
We used a min-max normalisation for the final,
normalised Typha fraction cover mask (FCnom). The
thresholds for the minimum and maximum values
were tested iteratively and adjusted according to
Typha density cover in different regions using
knowledge of the study site. Typha with a fraction
cover of < 3 % and thus only 300 cm? was most likely
to be Typha overestimation. Therefore, the final
threshold for the minimum values was set to 3 %
(< 3% fraction cover = non-Typha). A density of
59 % was already representative for dominant Typha
stands because their erect growth form results in
comparably large cover fractions of shadow. At such
densities, no relevant biomass from other plant
species was observed. Thus, all values > 59 % were
set to 100 %, to keep high Typha densities and thus
high Typha biomass.

Model fitting and validation
We tested different models to predict standing
biomass above the water level from DSM and NDVI

Multispectral data

MS Jul —> MS mean — |
i i E Clmean ™1 aggregate to 1m
MS Aug ——>»{ MS Aug »| random Forest H+>» clayg | ! y
. ! L ! FCmean
MS Sep | —> : Cletack | ! v
MS stack — ' ! normalis ation
FCnorm

Figure 3. Workflow for Typha fraction cover (FC) mask. Final product (FCrom) in dark grey. The dotted line
represents the influence of the validation on the classification to be aggregated (MS = multispectral,
cl = classification, AccAss = accuracy assessment, OOB = out of bag error, norm = normalised).
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UAS metrics (Figure 4). We built simple linear
regression models for August with different
transformations of biomass (natural logarithm,
square root and no transformation) since simple
linear regression models are commonly used for
biomass prediction (Doughty & Cavanaugh 2019,
Cunliffe et al. 2020, Réaséanen et al. 2020, Doughty et
al. 2021, Résénen et al. 2021, Cunliffe et al. 2022).
Regarding vegetation height, Cunliffe et al. (2022)
proposed to set the y intercept to zero, reflecting no
biomass for zero height. We deviated from this
approach because our target was a model which is
effective within our data range. Nevertheless, this
may result in negative biomass prediction. To take
non-linear trends into account, we further tested a
power regression equation and a 3™ degree
polynomial model. The models were derived
separately for each DSM and NDVI metric (p50, p60,
p70, p80, p90, p100) as predictor variable and DAGB
as the response variable and afterwards applied to the
respective DSM or NDVI raster. The resulting maps

PREDICTION OF TYPHA LATIFOLIA PALUDICULTURE BIOMASS FROM UAS DATA

were then multiplied with the FCnom (Figure 4).

For validation, biomass predictions from UAS
data were compared to biomass modelled from field
data for the validation plots (Figure 2, Figure 4). For
these data pairs, RMSE (root mean squared error) and
MAE (mean average error) were calculated.
Scatterplots were evaluated visually and by fitting a
linear regression and 1:1 line. The model with a
regression function closer to the 1:1 line is considered
better, when RMSE and MAE are comparable
between the investigated models, since the errors
from over- and underestimation tend to balance out.

To test the temporal transferability of the
approach, the best model from August was applied to
the respective July and September DSM metrics and
validated with the non-destructive biomass
prediction from field data for the respective months.
Biomass development was evaluated by calculating
the DAGB differences between August and July
prediction rasters and between September and
August prediction rasters.

»
>

exctract DSM metrics

model fitting August UAS model

' training plots

P50, p60, p70,
'p80, p90, p100

i @ DSM p50

. p50 ' i

response: field DAGB

explanatory: DSM metric
Y

| predict

Biomass maps DSM metric

_________________

FCnorm

Y

exctract

UAS biomass
A \alidation plots

validation plots

UAS biomass
UAS biomass

predicted field DAGB

R2, RMSE, MAE, linear equation

Figure 4. Workflow for the biomass prediction maps, exemplary for DSM. For the NDVI models, DSM metrics
were exchanged with NDVI metrics. Model fitting and model predictions are applied to each DSM percentile
separately. Model fitting and prediction were repeated for each model type (simple linear regression, power
regression equation and 3" degree polynomial model) and the different transformations of DAGB (DSM =
digital surface model, BM = Biomass maps, FCrom = normalised Typha fraction cover mask, DAGB = dry
aboveground biomass). Final products in dark grey. (Please note: The workflow for the FCnom Was described
in Figure 3 and for the non-destructive biomass prediction for the validation plots in Figure 2.)
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RESULTS

Typha classification
The classification of Typha, non-Typha and Water
resembled the situation on the ground. Typha
appeared at different densities with the highest
densities towards the very west of the area. Water
was visible, especially in the south-east, where
elevation was lowest. Non-Typha vegetation
appeared both in patches and intermixed with Typha
and included, e.g., Juncus spp. in the east, Carex spp.
close to the open water in the south-east,
P. arundinacea in the south-west and P. australis at
the north-western edge (Figure 5). However, Typha
was overestimated for small patches of plant shadows.
Validation showed the best result for Clmean With
an overall accuracy (OA) of 80 % (OOB error =
16.44 %) compared to clag (OOB error = 13.78 %,
OA =75 %) and Clstack (OOB error = 9.33 %, OA =
73.3 %). Further, the errors of omission (26.7 %) and
commission (34 %) for Typha were more balanced
for clmean and the error of omission was the lowest
overall. The F1 scores were generally highest for
Clmean @nd the three classes Typha, non-Typha and
Water (0.7, 0.72 and 0.99, respectively). The F1 for
Claug Was higher (0.75) only for non-Typha.

Mapping August biomass

Overall, model fitting of the linear regression and the
August DSM training data was best for the p50 DSM
(R%s0=0.83), although the difference to the other
percentiles was rather small (e.g., R%g = 0.81). The
NDV!I training data on the other hand explained 35—
62 % of the variation in the data (R? = 0.35-0.62),
with increasing performance for higher percentiles.
For p100 DSM (R%,100 = 0.54), outliers - particularly
for greater DSM heights yet lower DAGB values -
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had a negative influence on the model regression
quality (R?) for all model types, which was similar to
p100 NDVI. Thus, p100 was discarded in further
analyses, and figures from here were restricted to
p50, p70, and p90. For NDVI, p80 was used instead
of p70 because p80 NDVI performed better
(R2p7o =0.48, Rngo = 055)

The Typha biomass maps for August followed the
biomass patterns on the ground. Generally, high
biomass was found in the north-western parts and low
biomass in the eastern parts (1a and 5a in Figure 6).
Further, the former ditch stretching from north to
south was overgrown by tall Typha plants and, thus,
high biomass. Typha biomass was overestimated
where non-Typha species were found. Applying the
Typha fraction cover mask (FCnom) to the biomass
prediction improved the predicted biomass for non-
Typha areas. For the DSM, predicted intermediate
biomass improved to low biomass in large areas,
especially west of the ditch stretching from north to
south and in the south-western region (1b in
Figure 6). The NDVI predictions improved
especially in a large area in the centre of the study
area (5b in Figure 6).

Validation — August biomass

In general, model performance was best for the p90
DSM and p80 NDVI and, in both, biomass prediction
was improved by using the min-max normalised
Typha mask (FCnom). Performance of the DSM
models increased with increasing DSM percentiles,
and was best for a simple linear regression and p90
DSM (y = -558 + 5.6X, RMSEpgo: 136 g m?, MAEo:
109 g m?). The FCnom performed best with the p90
DSM reducing prediction errors (RMSEggomasked:
115 g m2, MAEggomasked: 86 g m™2) (Figure 7). Further,
theregression linesgot closer tothe 1:1 line, compared
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Figure 5. a) Original Typha classification, based on the average reflectance of the months July to September
across the bands (Clmean). b) Normalised fraction cover mask of Typha (FCnom), With thresholds from 3 %

(< 3% =no Typha) and 59 % (> 59 % = 100 %).
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to the respective original biomass. Especially the
overestimation of low biomass improved with the
FChom. However, similar trends to the original
predictions were observed such as the overestimation
of high biomass and the underestimation of
intermediate biomass, although the slope of 1
indicates that the error was more balanced out in both
directions.

In comparison, the p80 NDVI model (y = -2973 +
4116.2x, RMSEps: 109 g m2, MAEps: 88 gm?)
performed best among all NDVI models and was
improved by the FChom (RMSEpgomaskes: 103 g m?,
MAE psomasked: 74 g m™2) (Figure 7). Overestimation of
low biomass improved with the mask, although the
trend remained. The regression line with a slope < 1
indicated an underestimation of high biomass, which
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was opposed to the DSM models. Further, biomass
saturated at approximately 500 g m?2. We therefore
show the multitemporal transferability only for the
p90 DSM model.

Multitemporal application
Harvested Typha biomass varied over time and
ranged from a minimum of 2gm=2 in June to a
maximum of 741 gm2 in August (Table 3, Field
DAGB). The predicted UAS biomass for the training
plots, on the other hand, were generally lower and
ranged from -153 gm™ original and -114 g m?
masked, to a maximum of 526 g m™ for both.

For July and September, the areas of high and low
biomass matched the August prediction (Figure 8)
when the linear p90 DSM August model was applied

la

Predicted biomass [g m-2]

|

0 750

Figure 6. 1: Comparison between the original biomass prediction (always a) for August with the p90 DSM
linear regression model (y =-558 + 5.6x) and the masked biomass prediction (always b). Highlighted areas
(2-4 from west to east) show the influence of the Typha mask on the original biomass prediction. 2: Exclusion
of Phragmites australis as a non-target species. 3: Masking resulted in Typha biomass underestimation.
4: Exclusion of Phalaris arundinacea as a non-target species. 5: Comparison between the original (a) p80
NDVI linear regression model (y =-2973 + 4116.2x) and b) the respective masked biomass prediction
(DSM = digital surface model, NDVI = normalized difference vegetation index).
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Figure 7. Validation plots for different August DSM and NDV1 metrics (p50, p70, p90) and a linear regression,
with and without masking. Please note that for NDVI the p80 metric is shown. Predicted field biomass based
on shoots and flowers from pooled July, August and September data (DSM = digital surface model, NDVI =
normalized difference vegetation index, DAGB = dry aboveground biomass, 1:1 line in black, fitted regression
line in blue). n = 46.

Mires and Peat, Volume 31 (2024), Article 18, 20 pp., http://www.mires-and-peat.net/, ISSN 1819-754X
International Mire Conservation Group and International Peatland Society, DOI: 10.19189/MaP.2023.CM.Sc.2455998

1



C.Hellmann et al. PREDICTION OF TYPHA LATIFOLIA PALUDICULTURE BIOMASS FROM UAS DATA

Table 3. Field ground-truth data (min = minimum, mean, and max = maximum) of the training plots for July,
August and September and their respective UAS original and masked biomass predicted from the final p90
DSM model (DAGB = dry aboveground biomass).

Min DAGB (g m?) Mean DAGB (g m?) Max DAGB (g m?)
Jul Aug Sep Jul Aug Sep Jul Aug Sep
Field 2 7 19 143 200 176 725 741 347
UAS original | -153 -63 -130 107 200 111 526 515 283
UAS masked | -114 -21 -64 78 145 82 526 515 250
July : . September
T " a
% X ¥
\
’ : \ = Predicted biomass [g m-2]
' [ T
0 750

1a ib

Biomass change

[g m-2]
m
< -200 > 200
4b
43:'I
]
2m ‘
| e |

Figure 8. Top: Biomass maps for July (left) and September (right) predicted from the p90 DSM August model
(y = -558 + 5.6x) with Typha mask. Bottom: Comparison of biomass development from July to August
(always a) and August to September (always b) for (1) the whole study area. Highlighted areas (2—4 from west
to east) show different changes in biomass. 2: Increase in biomass from July to August (a) in a dense Typha
stand with high Typha biomass but a decrease from August to September (b). 3: Increase in biomass at an open
water body for both, from July to August and August to September. 4: Increase in biomass from July to August
(a) and a decrease in Typha biomass resulting from harvested Typha in August (DSM = digital surface model).
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to July and September. The development from July
to August indicated an increase in biomass especially
for the areas in which Typha was dominant (2a in
Figure 8), but a decrease in biomass for almost the
same areas from August to September (2bin Figure 8).
An increase in biomass was observed for the ditch
stretching from north to south (1a and 1b in Figure 8)
and close to open water bodies (3a and 3b in Figure 8).
Typha biomass harvested in August was visible in the
September prediction (4a and 4b in Figure 8).

Validation - multitemporal application

The validation of July p90 DSM data resulted in
RMSE and MAE values comparable to August, for
both, with and without masking (RMSEpgo su:
135¢ m2 and MAEpgo jui: 99 g m2, RMSE pgomasked_ul
119 g m2, MAEpgomasked_aui: 84 g m?2). In July, the
slope of the linear regression was low (0.6; Figure 9)
while having a comparably high y-intercept (original:
59.2, masked: 33.7), indicating overestimation of low
biomass and underestimation of high biomass. Model
performance for September was slightly better
(RMSEpgo_SepZ 124 g m‘z, MAEpgo_SepZ 98 g m‘2,
Figure 9). An improvement was again visible for the
masked biomass prediction in the mean average error
(MAEpQOmasked_Sep: 929 m-2) because the
overprediction of low biomass was reduced.

July September
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Figure 9. Validation plots for July and September,
with the p90 DSM August model (y = -558 + 5.6x),
original and masked (DSM = digital surface model,
DAGB =dry aboveground biomass, 1:1 line in black,
fitted regression line in blue). For July n = 58, for
September n = 30.
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DISCUSSION

Predicting Typha biomass for August

Our Typha classification and biomass prediction
maps matched the heterogeneous growth patterns and
spatial distribution of Typha, as observed and
measured (2-741 g m?) during fieldwork, well. The
maximum values of harvested and predicted biomass
were mainly observed in the western parts, where
Typha was dense and dominant (high fraction cover
and tall Typha plants). Low Typha biomass was
predicted for the eastern parts, where fraction cover
and height were accordingly low. Non-Typha was
dominant in these parts (i.e., Juncus spp.). The
comparably low total biomass of 1.16tha?
(2-20 t ha* after rewetting shown in Timmermann
2003, Heinz 2011, Schulz et al. 2011, Geurts et al.
2020) predicted from the masked August model is
supported by unfavourable growing conditions.
Delayed planting in 2019, herbivory and high water
level fluctuations in 2020 resulted in low Typha
development. For some parts in the western area, on
the other hand, where water tables were generally
higher, biomass yields of approx. 5-6 t ha™* could be
reached.

Various studies have shown that comparisons
between field measurements and heights derived
from lidar or SfM can have a positive (Madec et al.
2017, Cunliffe et al. 2020) or negative (Wang et al.
2009) bias. Thus, we tested a linear regression
between the extracted DSM heights for the plots and
the respective in-situ Typha measurements, which
proved significant (R? = 0.64, p < 0.05 for August).
In our case, a slope < 1 indicates a negative bias, thus
underestimation of tall plants. Nevertheless, since the
negative bias is identical for model training and
model application, DSM heights can be used for
mapping and in the end the DSM constitutes a proxy
for vegetation height in biomass prediction.

The usability of the DSM is further supported by
our analysis. The DSM metrics showed a significant
(p <0.05) linear relationship (R2=0.54-0.83 for
August) to biomass training data. The NDVI metrics
were significant as well (p <0.05), but with less
explanatory capacity (p <0.05, R?=0.35-0.62).
Further, the linear regression without transformation
proved the most stable compared to the power
regression model and the square root transformation
(comparisons not shown). This confirms the findings
of Cunliffe et al. (2020), who were able to find a
linear relationship between harvested biomass for
shrub vegetation and UAS derived height (R? = 0.90)
in a tundra landscape. Mean canopy height proved to
predict biomass at species level well throughout
different non-forest ecosystems (Cunliffe et al.
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2022). Aggregating the height distribution into
metrics, which served as model input, proved helpful
to account for canopy structure. DSM metrics
outperform NDVI metrics where vegetation height
was low but NDVI values were high, which applied
to Juncus spp. in the eastern area. With DSM
percentiles starting from 50 % (p50), smaller
fractions of low vegetation height within the
aggregated 1 m? plots were neglected. NDVI values
of vital but small plants on the other hand are still
high resulting in high biomass values.

Higher DSM percentiles showed improved model
performance: with p90, the Typha heights of plants
that were higher than the accompanying vegetation of
the same plot were considered better even when they
did not constitute the majority of the area. At the
same time, individual outliers were neglected.
Further, high biomass was less overestimated by the
p90 than by the p50 model, reducing RMSE and
MAE. These findings confirm Luo et al. (2017),
where high percentiles of lidar point clouds resulted
in the highest accuracies in estimating P. australis
biomass (Rz2=0.58). Furthermore, Poley &
McDermid (2020) stated that metrics, apart from
mean and maximum variables, are better suited to
describe heterogeneous canopy and thus biomass,
depending on target species. This can be further
supported by our study, where the p100 DSM metric
resulted in low model performance due to less
stability with regard to outliers. Intermediate biomass
levels were underestimated in our DSM maps, e.g.,
east of the ditch (see 1a in Figure 6), where the NDVI
maps were more reliable (see 5a in Figure 6). In these
parts, vegetation height was comparatively low while
shoot and flower count were intermediate, resulting
in low DSM biomass. Typha stands of low height and
intermediate shoot count showed NDVI values that
were better correlated to biomass.

Structural and spectral information could not
account for flower weight. The UAS models relied on
height or greenness, but the fieldwork showed that
the number of flowers had a positive influence on
absolute biomass while not being related to either
plant height or greenness. Therefore, the observed
underrepresentation of intermediate Typha biomass
occurred where Typha height and shoot count were
intermediate but flower count was relatively high.
The predicted field biomass for validation, on the
other hand, was based on shoots and flowers and thus
took into account the higher biomass resulting from
flowers. This limitation appeared in the validation
scatterplots (Figure 7, 300-400 g m field biomass
compared to 25-110 g m? DSM and NDVI biomass).
The effect of flowers might be smaller for developed
Typha stands where plants are taller and, hence, the
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contribution of flowers to the total biomass is
smaller. Flights at lower altitudes would give a higher
resolution for the RGB orthophoto. Object detection
using Al could be tested (Zaidi et al. 2022) to get, for
example, a flower count per area. Nevertheless, our
aim was to test the combination of different data sets
that could be derived from an affordable single UAS
survey at reasonable altitude per observation date.

When flower and shoot counts were intermediate
but Typha very tall, on the other hand, high biomass
was overestimated by the DSM model (field
prediction: 400-550 g m?, UAS prediction: 550—
700 gm?, Figure 7). The offset of high DSM
biomass compared to biomass modelled from field
data might result from the field prediction model
itself - after extensive testing, only shoots and
flowers were used as explanatory variables, as they
proved most accurate statistically (lowest MAPE and
RMSPE in LOOCV). To better account for high
biomass resulting from tall plants, plant height would
be needed as input variable for these ranges.

Improving predictions with Typha mask

The biomass distribution across the study area was
better represented by the masked biomass than for the
original biomass map. Large areas of non-Typha
vegetation as well as overestimations in areas of
mixed vegetation composition could be excluded
successfully, for DSM and NDVI models, resulting
in smaller errors and a more even distribution of over-
and underestimation.

The Typha fraction cover mask (FCnorm) from the
5-band multispectral sensor detected non-Typha
species reliably for large areas and was able to
improve the prediction, where strong biomass
overestimation resulted from the presence of non-
target  species (DSM  RMSEygp = 136 g m?,
RMSEpgomasked =115 g m2 and MAEpgo =109 g m‘2,
MAEpsomasked = 86 g M2, Figure 7). This also applied
to NDVI, although less pronounced (NDVI
RMSEpgo =109 g m=2 to RMSEpBOmasked =103 g m'2).
Overestimation of Typha biomass could be reduced
where species such as Carex spp. or P. arundinacea
reached similar heights to Typha. Especially
P. arundinacea was dominant west of the ditch
stretching from north to south and in the south-
western region. In these parts with heterogenous
vegetation, Typha fraction coverage and, hence, the
values of the FCnom, were relatively low and
consequently the biomass prediction reliably
improved (4a and 4b in Figure 6). Further,
P. australis, as a tall growing plant, could be
excluded successfully with the FCnom (22 and 2b in
Figure 6). For the NDVI model, P. arundinacea was
already excluded in the original maps, because
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advanced senescence of the species resulted in lower
NDVI values, and thus low biomass, compared to
healthy Typha stands. Nevertheless, the FCnom
improved the prediction for a large area in the middle
of the study site where Juncus spp. were dominant.

However, errors of the fraction cover map might
be propagated to the final biomass map. The F1
scores for Typha and non-Typha of 0.7 and 0.72,
respectively, indicate some confusion between the
two classes. The shadow of P.australis was
misclassified as Typha, visible as the elongated patch
at the south-western edge (Figure 6). The min-max
normalisation, on the other hand, improved the errors
of the fraction cover mask in dense Typha stands. In
the western parts where Typha was dominant,
shadow coverage was high due to the erect growth of
Typha. As a result, cover fraction values of 100 %
could not be reached. With a maximum value of 59 %
for the min-max normalisation, we ensured to keep
these areas as pure Typha stands with high biomass
predictions. Only small areas were negatively
affected by the mask in high density areas because of
high shadow fractions (3a and 3b in Figure 6). As the
positive effects clearly outweigh the negative ones,
and RMSE and MAE were improved, the idea of
incorporating a species mask from the same UAS
proved successful.

The wusage of a species-specific mask in
combination with a DSM is advantageous over the
NDVI. All NDVI models showed a strong saturation
effect at a biomass value of 500 g m, which was to
be expected from literature (Tucker 1977, Cunliffe et
al. 2020). Thus, a biomass increase or high biomass
in general might be hard to detect, especially for
dense Typha stands. Non-target species with similar
NDVI signatures to Typha could be excluded with
the FCnom. The DSM maodel performance was also
slightly weaker for high biomass (maximum values
Table 3, NDVI not shown), especially when plants
were tall and fraction cover and flower count high.
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But the validation scatterplots and prediction maps
showed no saturation effect as such (slope = 1),
which is preferable.

To overcome these saturation effects, we further
tested a combination of all ten DSM and NDVI
metrics (p50-p90) with a machine learning algorithm
(Random Forest). Although the validation results
were promising, with an R2 of 0.69 for the masked
model and comparably good RMSE and MAE values
(107 g m? and 79 g m?, respectively), the validation
scatterplots indicated a strong over- and
underestimation of intermediate biomass (results not
shown).

To conclude, a model based on DSM metrics
proved helpful in dense stands with tall Typha plants.
This will become even more relevant in the
paludiculture  context, where high biomass
production of tall paludiculture crops is targeted and
management effects shall be monitored for such
stands. NDVI based models would saturate on such
stands and, therefore, DSM based models should be
considered. The mask showed good accuracies for
our study area, where Typha distribution is
heterogenous and intermixed with non-target species,
and is recommended for future applications. The
denser Typha stands in subsequent years can be
expected to lead to even higher classification
accuracies.

Model transfer to July and September

Harvested biomass of the training plots and measured
height and shoot development for all plots indicated
a biomass accumulation over time (Figure 10).
Maximum biomass harvested in September was
comparably low (Table 3), because the plots were
situated in sparser parts of the dense Typha area in
the west. Nevertheless, biomass increase was
observed from August to September (Figure 10). The
relative number of flowers remained the same
throughout the months.

height [cm] no. shoots no. flowers DAGB [g m~?]
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Figure 10. Development of height, number of shoots and number of flowers from July to September for the
training and validation plots combined. Dry aboveground biomass (DAGB) development from July to

September for the training plots only.
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An increase in biomass from July to August was
observed for the DSM biomass (Figure 8). High
biomass and low biomass areas generally coincided
with August biomass distribution. High changes in
biomass were mainly observed for areas in which
Typha became denser or taller. Changes of +200 g m
from July to August resulted from a change in DSM
height of roughly +30 cm. In areas where Typha
density and biomass were low, small or no changes
in biomass were found, which coincides with the
evidence from the field. New shoots developing
during the vegetation period (Figure 10) were mainly
found in close vicinity to older Typha shoots. It can
be concluded from this that rhizomatous growth was
the main driver for the spreading of Typha in the
study area in 2021.

The development of UAS biomass from August to
September, on the other hand, showed a drop in
biomass, which was opposed to field biomass and the
evidence from fieldwork (Figure 10). In our
prediction, an increase in biomass from August to
September occurred only on areas where open water
was overgrown by Typha (north-western and south-
eastern areas, 3a and 3b in Figure 8). The dominating
decrease in biomass resulted from the DSM
development over time. The DSM indicated a
decrease in height from August to September, which
cannot be confirmed by the field data (Figure 10).
These discrepancies might arise from the differences
in what the height represents - the field height
represents the mean of ten random Typha shoots per
plot, while the DSM height represents the (respective
percentile) height of all vegetation parts. As the
Typha leaves have a tendency to bend with increasing
senescence, this might result in lower DSM metrics
and, consequently, lower biomass predictions.
Moreover, the underestimation of September
biomass may be reduced by lower quality of the
DSM, which may have suffered from more shadow
fractions due to lower sun elevation as well as
decreased contrast due to starting senescence.
However, the experimental setup in the field does not
allow investigation of this matter and, further, quite
labour-intensive experiments would be required.
Still, the general applicability and model
performance proved appropriate for the in-situ
training plots for August, where harvests were clearly
detected in the September map as true biomass
decrease.

The height-based model proved more stable with
regard to model transferability. Transfer of the p80
NDVI still resulted in a clear underestimation of high
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biomass for both months. The transfer to July was
even more problematic than to September, because
NDVI1 values were comparably low for reasons we do
not understand and, thus, predicted biomass was low
for all validation plots (RMSE =339 gm?,
MAE = 265 g m?).

To conclude, the multitemporal applicability of
the height-based model relies on observable
development of plant growth. This further supports
the assumptions that model performance is dependent
on the growth stage (Poley & McDermid 2020) and
that more training data are needed.

Methodological considerations

Despite the presented strength of the approach and
the clear positive effect of using DSM metrics and a
species mask, several limitations need to be
considered. The surface of the study area was flat,
since it was levelled before rewetting. If regional
elevation differences exist, normalisation of the
underlying DSM using a digital terrain model could
be considered. Further, the DSM was generated from
RGB data only, using structure from motion, which
can be a challenging approach for reconstructing the
real top of vegetation (Madec et al. 2017). Lidar data
might yield more variance for tall plants and thus
would be interesting to test for improved model
performance. We neglected the biomass below the
water level, which in terms of paludiculture is
separate from the yield. With regard to root biomass
as an indicator for carbon accumulation (Schwieger
etal. 2021), it would be further interesting to estimate
below ground Typha biomass. Lopatin et al. (2019),
for example, already showed an improvement in
below ground carbon stock estimation in a Chilean
peatland from combining plot-based field
information with UAS proxies.

A plot size of 1mx1m was chosen, due to
heterogeneous Typha growth, although smaller plot
sizes of 0.25mx0.25m are mentioned in the
literature (Doughty & Cavanaugh 2019, Résénen et
al. 2019, Cunliffe et al. 2020, Doughty et al. 2021,
Réasanen et al. 2021, Cunliffe et al. 2022). As a result,
when plot area and raster cells had a small mismatch,
larger areas (two or more raster cells) might be
affected by, e.g., biomass change. In future research,
when addressing heterogenous vegetation structures,
it is recommended to sample plots of smaller sizes
than 1 m? because, with UAS data, small scale
differences can be captured well. Moreover, reduced
plot size could increase sample size while keeping the
labour requirement similar.
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CONCLUSION

UAS data has great potential in bridging the gap
between small and larger scale landscape analyses
(Doughty et al. 2021, Lu et al. 2022); with satellite
imagery, large areas can be covered but spatial
resolution is low, while UAS imagery covers small
areas yet offers high spatial resolution. From one
single drone survey using an affordable UAS,
different data sets can be derived: structural data
(DSM) from the RGB as a proxy for vegetation
height, and multispectral data for species-specific
stratification. Biomass prediction from a DSM
showed good accuracies when biomass increase
correlated with an increase in height. DSM-based
models could account better for high biomass than
NDVI-based models. The combination of structural
and spectral data, e.g., with a species mask, is
especially recommended when the distribution of the
target species is heterogeneous and it is intermixed
with non-target species. A species mask outperforms
results from vegetation indices alone, where different
species show similar spectral signatures. Problems
can arise from changes in overall plant appearance
such as fructification, where comparably heavy plant
parts cannot be detected from height or spectral
signatures. This affects model transfer over time. Our
approach worked well for one paludiculture target
species, T. latifolia, and can be assumed to be directly
transferable to many others, as its emergent
macrophyte growth form is shared with other
potential paludiculture crops such as P. australis,
P. arundinacea, Carex spp. and many others. It could
be promising to test the workflow for these species;
this research could yield valuable insights for
optimising the contributions of paludiculture to
global efforts in climate change mitigation.
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