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Abstract: Grasslands cover one-third of the agricultural area in Germany and play an important
economic role by providing fodder for livestock. In addition, they fulfill important ecosystem services,
such as carbon storage, water purification, and the provision of habitats. These ecosystem services
usually depend on the grassland management. In central Europe, grasslands are grazed and/or
mown, whereby the management type and intensity vary in space and time. Spatial information on
the mowing timing and frequency on larger scales are usually not available but would be required in
order to assess the ecosystem services, species composition, and grassland yields. Time series of high-
resolution satellite remote sensing data can be used to analyze the temporal and spatial dynamics of
grasslands. Within this study, we aim to overcome the drawbacks identified by previous studies, such
as optical data availability and the lack of comprehensive reference data, by testing the time series of
various Sentinel-2 (S2) and Sentinal-1 (S1) parameters and combinations of them in order to detect
mowing events in Germany in 2019. We developed a threshold-based algorithm by using information
from a comprehensive reference dataset of heterogeneously managed grassland parcels in Germany,
obtained by RGB cameras. The developed approach using the enhanced vegetation index (EVI)
derived from S2 led to a successful mowing event detection in Germany (60.3% of mowing events
detected, F1-Score = 0.64). However, events shortly before, during, or shortly after cloud gaps were
missed and in regions with lower S2 orbit coverage fewer mowing events were detected. Therefore,
S1-based backscatter, INSAR, and PolSAR features were investigated during S2 data gaps. From
these, the PoISAR entropy detected mowing events most reliably. For a focus region, we tested an
integrated approach by combining S2 and S1 parameters. This approach detected additional mowing
events, but also led to many false positive events, resulting in a reduction in the F1-Score (from 0.65
of 52 to 0.61 of S2 + S1 for the focus region). According to our analysis, a majority of grasslands in
Germany are only mown zero to two times (around 84%) and are probably additionally used for
grazing. A small proportion is mown more often than four times (3%). Regions with a generally
higher grassland mowing frequency are located in southern, south-eastern, and northern Germany.

Keywords: earth observation; remote sensing; harvests; cutting events; grazing; pasture; meadow;
optical; SAR; PolSAR; InNSAR

1. Introduction

Grasslands cover one third of the global terrestrial surface and fulfill multiple ecosys-
tem functions, such as fodder production, carbon storage, provision of habitats, water
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filtration, and erosion control [1-3]. In Germany, one third of the agricultural area is cov-
ered by grasslands and they are usually used to feed livestock [4] for the production of
meat and dairy products. Apart from the fodder production, grasslands are important
for global climate regulation as they act as carbon sinks. On land, carbon is mostly stored
below ground in soils and, to a lesser extent, in vegetation. The storage capacity of carbon
in soils is about 34-44% higher for grasslands than for croplands, depending on the soil
depth [5]. Additionally, grasslands are potentially rich in biodiversity and they provide
important habitats for plant, insect, and bird species [4,6].

In addition to site conditions, grassland functions are determined by management [7-10].
Managed grasslands in Germany are grazed and/or mown, whereby mowing is conducted
one to six times per year, usually from mid-April to the end of October [4]. The frequency
and timing of mowing events varies in space and time and critically influences grassland
functions, such as carbon storage and biodiversity [11-13]. Usually, a more intensive use
(higher mowing frequency, earlier first mowing event, more fertilizer application, higher
stocking rates) of grassland leads to a negative impact on ecologically critical grassland
functions, such as a decline in the species richness of plants, insects, and spiders [10,14].
Socher et al. [13] showed that species richness declined by 36% when the mowing frequency
was increased from one to four times per year. The diversity in management practices
and site conditions leads to a high heterogeneity of grasslands in Germany, in particular
considering their species composition and fulfillment of functions. Therefore, information
on the number and timing of grassland mowing events is crucial in order to monitor and
model grassland functions. Furthermore, the monitoring of grasslands is required in the
framework of the Common Agricultural Policy (CAP) of the European Union [15], which
aims at a sustainable development of the agricultural sector in the EU.

Information on grassland management activities for individual parcels is usually not
available, in particular at regional to national scales. To investigate grassland dynamics
and mowing regimes at these scales, space-borne remote sensing can be applied [16]. In
particular, the potential of time series from the Sentinel-2 (S2) and Sentinel-1 (51) missions
are considered high to investigate temporal vegetation patterns, as this data is avail-
able free of charge and provides high spatial coverage and resolution along with a high
acquisition frequency.

Previous studies exploited space-borne multispectral optical and synthetic aperture
radar (SAR) imagery to investigate grassland vegetation dynamics, such as phenology,
management activities, and use intensity (for an overview see [16]). As vegetation indices
based on optical sensors show a relationship to vegetation greenness and activity; it is as-
sumed that they abruptly decrease after mowing events and increase again with vegetation
regrowth. Grassland mowing events were identified by using temporal change detection
methods relying on the normalized difference vegetation index (NDVI) of medium to high
resolution optical data, such as Landsat 8, S2, and Formosat-2 [17-20]. Courault et al. [18]
investigated Mediterranean grassland sites in France in order to model water balance and
yield. The dates of mowing events, which were an important model input, were detected
with Formosat-2 time series data for 120 homogeneously managed grassland parcels (all
mown three times) and related well to the mowing events used for validation (r> > 0.9) [18].
Kolecka et al. [19] analyzed grassland mowing dynamics on plot scale in Switzerland with
an annual time series of S2 data by detecting drops in NDVI. The results indicate that 77%
of 125 mowing events on 50 validation parcels were correctly detected. Griffiths et al. [20]
exploited a time series of harmonized Landsat 8 and S2 data at 30 m of ground resolution
to detect mowing events for the whole of Germany, whereby the quantitative evaluation of
the approach was limited by the lack of validation data. A similar approach was conducted
by Schwieder et al. [17] as they used the enhanced vegetation index (EVI) derived from
Landsat 8 and S2 data to detect mowing events with dynamic thresholds and a rule set.
This approach was tested for around 90 parcels with 214 mowing events and led to an
average F1-Score of 0.61 for an allowed time difference of 15 days between detected and
observed mowing events [17]. The latter approaches highlight that investigating all of the
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grasslands in Germany via remote sensing time series analyses leads to challenges and
difficulties due to the heterogenous nature and diverse management practice of grasslands.
The limitation of optical data to cloud-free scenes [19] and the lack of an independent
reference dataset [20] were identified as the major drawbacks by the studies.

Previous studies based on SAR data used the temporal evolution of the backscatter,
interferometric (INSAR) and polarimetric (PolSAR) features to analyze grassland mowing
dynamics. Some studies showed that mowing events in German grassland sites led to
changes (peaks) in the S1 backscatter time series [21,22]. This effect is probably based
on the increase in reflectance from soil due to the shorter grass after the mowing event.
Taravat et al. [23] detected grassland mowing events for 10 grassland parcels in Bavaria,
Germany, with an overall user’s accuracy of 85.7% (six of eight mowing events were
detected) using a classification approach based on deep learning and S1 backscatter data.
On the contrary, other research revealed inconsistent patterns of SAR backscatter behavior
after mowing events of grasslands in Estonia and Belgium [24,25] or found no significant
relationship to biophysical parameters, such as vegetation height and biomass [26,27].
Signals of INSAR temporal coherence were studied before, during, and after mowing events
of grassland sites in Estonia, based on Cosmo-Skymed [26,27], TerraSAR-X [25,28,29], and
Sentinel-1 [30,31] time series to investigate the potential of using it as feature for grassland
mowing detection. The theoretical assumption is that the coherence is higher after a
mowing event than before when both images are from after the event, as the images are
more correlated due to less motion and more similar physical properties of short grass
than long grass [31]. In general, relationships to management activities or biophysical
parameters were found [26,27], but patterns were unclear in space and time and as such
the value of including InSAR features was limited [29,30]. Recently, De Vroey et al. [24]
detected mowing events based on temporal INSAR coherence time series of S1 for grassland
sites in southern Belgium. Around 56% of the mowing events were successfully detected
with this approach, pointing to a potential of INSAR coherence to detect management
activities. Furthermore, [25,28] investigated PoISAR decomposition features of TerraSAR-X
and Radarsat-2. The authors found relationships but no direct correlations between some
decomposition parameters and the grassland mowing regime.

Apart from synergistic investigations, such as visual inspections and correlations of S1
and S2 time series over grasslands [31,32], only Lobert et al. [33] combined optical and SAR
data to detect mowing events, to the best of our knowledge. By using a one-dimensional
convolutional neural network, mowing events were detected with a classification approach
for three regions in Germany. The combination of NDVI, backscatter cross-ratio and InSAR
coherence led to the best modelling results (F1-Score of 0.84) when a deviation of 12 days
between the detected and actual mowing event was allowed. The major drawback of the
study was the lack of a comprehensive reference dataset (64 parcels and 257 mowing events
in three years), as the mowing information was only available for parcels that were mown
up to four times, with most parcels only mown one to two times [33].

The few studies that investigated the potential to map grassland mowing events with
satellite data beyond plot scale focused solely on optical datasets [17,19,20] and are therefore
limited by clouds. In addition, previous studies lack sufficient reference data, which should
include grasslands with a complete range of mowing frequencies in the studied area. In
this study, we investigated the parameters of optical and SAR sensors in order to develop a
mowing detection algorithm based on observations of a parametrization dataset, instead of
theoretical assumptions, such as those largely conducted in previous studies. We combined
information from S1 and S2 to detect and analyze the grassland mowing regime for the
whole of Germany at high spatial resolution of 10-20 m. Time series of various S1 and S2
parameters from the vegetation period (March to November) 2019 were tested in order
to design an algorithm for gap-free mowing detection. The reference dataset used for
parametrization and validation of the mowing detection algorithm was a comprehensive
and independent dataset consisting of daily images, depicted from webcams and self-
installed cameras at grassland sites all over Germany. Based on the developed algorithm,
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we created three main products, such as the mowing frequency, the dates of single mowing
events, the date of the critical first mowing event, and two quality layers for Germany.

2. Materials
2.1. Study Area
2.1.1. Germany

This study covers grasslands in Germany, which occur throughout the country. Ar-
eas covered by grasslands are especially widespread in the north-west and in the south
(Figure 1A). Grasslands often appear in regions that are unsuitable for crop growth, either
due to unfavorable climatic or site conditions, leading to a widespread grassland occurrence
in high altitudes, on steep slopes, or in areas with poor or wet soils [4]. Grassland parcels
are relatively small compared to other agricultural parcels, whereby 25% are smaller than
1.3 hectares and 50% have less than 2.9 hectares [4]. They occur on different altitudes and
moisture gradients and vary strongly in their plant species composition. Grasslands are
potentially rich in plant species and are characterized by plants with successive flowering
periods [34]. The plant species richness and the dominance of single species is determined
by the management regime and site conditions and, therefore, varies strongly across Ger-
many [34]. The same applies for grassland yields; however, the standing biomass usually
peaks at the beginning of June [35]. Grasslands in Germany are mainly mown and/or
grazed and are regularly fertilized [4]. The timing and frequency of these management
activities vary strongly, and the mowing frequency ranges between one and six times
per year. An annual mowing frequency of one to two times is considered as extensive
management, three times as moderate, and four to six times as intensive [4]. After the
mowing event, the vegetation is at times left on the parcel to dry for several days.

The Copernicus grassland high resolution layer (HRL) of 2018 [36] at 10 m resolution,
(overall accuracy was 89.9%), was used to mask areas not covered by grasslands. The HRL
includes all grasslands (natural/semi-natural) and is based on a classification with S1 and
52 data. The mowing detection approach of this study is applied to all HRL grasslands in
Germany, as natural grasslands are potentially also mown for maintenance.

2.1.2. Focus Region

A relatively high number of reference data was available for the Ammer region
(Figure 1B), which is a focus region of the SUSALPS project (https:/ /www.susalps.de/en/,
accessed on 25 March 2022). This region is characterized by humid continental climate,
according to the Koeppen-Geiger classification [37], with a wide range in sub-climates due
to an altitudinal gradient (580-2050 m a.s.l.). The occurring grasslands are pre-alpine and
alpine and are widely distributed (around 90% of agricultural area) in the focus region.
They show a broad range of management types (mown vs. grazed or a combination of
both) and intensities (e.g., zero to six mowing events per year). Therefore, grassland parcels
from the focus region are used to develop and parameterize the satellite-based mowing
event detection. In addition, the focus region is used to analyze the potential of a combined
mowing event detection based on optical and SAR data.

Three exemplary grassland parcels were picked from the focus region to show inves-
tigated parameters for all satellite data types used in this study (Section 3.2.1, Table S1,
Figures 1B and 3). These three grassland sites are characterized by relatively similar climatic
conditions (Table S1, [38]) but differ in their mowing frequency, which is three, four, and
five times per year.
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Figure 1. Distribution of grassland in Germany (A) and the focus region (B) according to the
Copernicus grassland HRL for 2018 [36], and camera positions used to derive information on mowing
dynamics to parameterize and validate the satellite-based products.

2.2. Ground Data

Daily information from 80 cameras from the year 2019 was used to parameterize
and validate the detection of grassland mowing events with satellite data. The cameras
distributed over Germany (Figure 1A) consisted of 69 public webcams (Table S2, Figure S3)
and 11 cameras, which were installed at grassland sites of cooperating farmers. All cameras
took at least daily RGB images, and several had a field of view that covered multiple (up to
eight) grassland parcels, so that reference information of overall 192 parcels was available.
These parcels and their location were determined by inspection of the webcam location, the
image field of view and high-resolution satellite products (e.g., Google Earth). Based on
this, grassland parcel polygons were created, which were further used to extract the satellite
data at each grassland parcel location. The pictures taken by the cameras allowed us to
gather information on management activities, such as the timing of the mowing events and
the presence of grazing animals. The daily RGB images from the cameras were visually
evaluated and mowing events were noted. This was conducted by looking at every camera
image per day and noting down each management activity on each grassland parcel. In
total, 536 mowing events were registered, which were used for parametrization (n = 45)
and validation (n = 491).
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2.2.1. Parametrization Data

To develop the mowing detection approach, time series of 13 parametrization sites
from the focus region were examined (Figure 1B). These reference sites show a high vari-
ety in management activities and differ in their water availability, species richness, and
appearance. Mowing frequencies on these parcels range from one to six events per year,
some are fertilized, and some parcels are additionally grazed (Table S4). The 13 differently
managed grassland parcels, recorded from nine cameras, resulted in 45 mowing events,
which were used to investigate satellite data time series and parameterize the thresholds to
detect mowing events. Data from these reference parcels were excluded from validation.

2.2.2. Validation Data for National Mowing Event Detection

Apart from the 13 parametrization reference sites, 179 grassland parcels in Ger-
many were available to validate the developed mowing detection algorithm based on
52 (Figure 1A). The visual examination of camera RGB images of these grasslands resulted
in 491 registered mowing events. Almost 50% of these grasslands were mown three to four
times per year, more than 40% one to two times, and 10% showed more than four mowing
events per year. However, due to technical problems or cloudy weather conditions, the con-
tinuous derivation of management information was limited for about half of the cameras,
resulting in 89 grassland parcels with gap-less RGB image-based validation information
and 283 mowing events, in total. The remaining 90 grassland parcels affected by these
problems were excluded from the validation of the mowing frequency (Section 3.2.2).

2.2.3. Validation Data for the Mowing Event Detection in the Focus Region

The focus region includes a subset of the cameras across Germany, resulting in record-
ings from 66 grassland parcels with, in total, 229 mowing events for validation that were
not used for parametrization (Figure 1B). All of these cameras acquired continuous daily
images. These data are used to validate the combined approach using S2 and S1 data
(Section 4.4, [39]). Validation statistics of the combined approach are compared to those
derived from using only S2 data to detect mowing events in the focus region.

2.3. Satellite Data

S1 and S2 time series data from Copernicus, which are freely accessible, were analyzed
in this study. The S2 fleet consists of two satellites (52-A and S2-B) with identical optical,
multi-spectral sensors, acquiring information in 12 bands [40]. The spatial resolutions of
these bands are 10, 20, and 60 m. The combination of S2-A and S2-B allows for a revisit
time (in Germany) between two and five days. Data of all 63 S2 tiles covering Germany
were processed from March to November 2019 (Figure 2), resulting in 3465 datasets, which
were processed. The northern hemispheric winter months, December to February, are not
included as the vegetation is inactive during this period. Due to partly overlapping S2
orbits, the data coverage is not homogeneous for Germany (Figure 2). In addition, optical
data is limited by the availability of cloud-free scenes.

S1 consists of two polar-orbiting satellites (51-A and S1-B) with identical SAR sensors,
acquiring information in C-band [41]. Radar data acquisition is independent from day-light
and atmospheric conditions. In this study, the ground-range-detected (GRD) products were
used to analyze the backscatter intensity information. In addition, based on the single-look-
complex (SLC) data, interferometric coherence (InSAR), and polarimetric decomposition
(PolSAR) parameters were calculated. The repeat cycle of S1 is six days as data from
both satellites (S1-A and S1-B) were included. All S1 products were acquired in the
interferometric wide-swath mode (IW) and in dual polarization (VV/VH). Data from
March to November 2019 was processed for RON 117 in ascending mode as backscatter
and InSAR and PolSAR features were exclusively tested for the focus area of the Ammer
region, resulting in 90 processed S1 datasets (45 S1 GRD, 45 S1 SLC).
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Figure 2. Data coverage of S2 after cloud screening and S1 for the period: 1 March 2019 to
30 November 2019 cropped to Germany, highlighting the inhomogeneity in data distribution due to
overlapping orbits and varying cloud coverage of S2.

3. Methods

To analyze the potential of several S1- and S2-based parameters to detect mowing
events, time series of these were pre-processed and their temporal profiles and reactions
to mowing events were examined. The most suitable parameters were selected according
to their relative changes after mowing events and the mowing detection approach was
developed and parameterized. The approach based on S2 only was used to detect and
validate mowing events across Germany and the combined approach of S1 and 52 was
tested for the focus region.

3.1. Pre-Processing of Satellite Data
3.1.1. Pre-Processing of Sentinel-2 Data

Pre-processed surface reflectance data and cloud information calculated with the
MAJA algorithm (version 3.3) [42] was used. Cloud screening of the S2 surface reflectance
data was performed by excluding pixels with clouds, cloud shadows, and topographical
shadows, as detected by the MAJA algorithm. This algorithm showed a relatively strict
cloud detection, which was desired here as clouds and cloud-effects are easily confused with
mowing events. In addition, all scenes were masked with the Copernicus HRL grassland
2018 [36] and only the pixels that represent grassland were retained. The near-infrared (NIR,
central wavelength = 832.8 nm), red (central wavelength = 664.6 nm), and blue (central
wavelength = 492.4 nm) bands, all in 10 m spatial resolution, were used for vegetation
index calculations. The enhanced vegetation index (EVI) was calculated for each valid
scene with the following formula [43]:

NIR — RED

EVI = 2.5 % NIR + 6 * RED — 7.5 « BLUE + 1

M

The resulting S2 EVI layers were then assembled to a time series to analyze the
temporal evolution of the EVI per pixel. The EVI time series were filtered, interpolated,
and smoothed as follows: First, negative EVI values and values above two were filtered,
as those are usually not associated with vegetated land and can be assumed as outliers.
Each time series produced at pixel level was afterwards linearly interpolated to obtain
a daily continuous time series. These time series were smoothed with a Savitzky—Golay
filter [44], with a window length of 31 days and a polynomial fit of order two, to minimize
small fluctuations.
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3.1.2. Pre-Processing of Sentinel-1 Data

Time series of S1 were processed twofold. First, just using the intensity information,
GRD images were processed by the application of the most recent orbit files, removal of
border noise and thermal noise, and radiometric parametrization. A refined Lee speckle-
filter was applied with a window size of 3 x 3. The SAR data was corrected using the
EU-DEM [45] and resampled to a spatial resolution of 10 m. Prior to the analysis, VV and
VH intensities were transformed to gamma nought and to logarithmic scale (dB).

Second, single-look-complex (SLC) imagery was downloaded for the focus area of
the Ammer region. After the application of the orbit files and the parametrization, polari-
metric features of the dual-polarization entropy/alpha decomposition were processed by
deducing the covariance matrix (C2) and the VV/VH-polarized Kennaugh matrix [46—48].
The PolSAR entropy informs on the degree of scattering randomness (i.e., depolarization)
and ranges between zero and one. Higher values are related to higher degrees of random-
ness/depolarization and vice versa [48]. The investigated Kennaugh matrix parameter
KO is a measure of the total intensity (span) of VV and VH, whereas K1 is a measure for
the difference between VV and VH. Kennaugh elements K5 and K6 describe the real and
imaginary part of the signal, but were not included in the analysis due to their limited
value in characterizing land surface properties, in particular vegetation dynamics [49].

Besides, the interferometric coherence was estimated for both channels following the
processing strategy developed in preliminary work [50]. The InSAR coherence is a measure
for correlation of two complex SAR signals. It ranges from zero to one, whereas zero means
complete decorrelation and one perfect correlation. The INSAR coherence is affected by
several types of decorrelation [51], of which the temporal correlation is of main interest
for this study as it inherits information on temporal changes in the position and physical
properties of scatters between both images [51-53] and as such might provide information
on grassland mowing events.

The time series of all SAR features (i.e., VV and VH intensities, K0, K1, entropy, VV,
and VH InSAR coherence) were smoothed using a Savitzky—Golay filter [44]. Various
parameters for the smoothing were tested and a rather strict setting with a window size of
31 days and a polynomial fit of order two was applied. In addition, the data was masked
with the grassland HRL 2018 [36] to exclude areas not covered by grassland.

3.2. Mowing Detection Approach Development

To develop the grassland mowing detection approach, time series of 13 parametriza-
tion sites were analyzed. All investigated optical and SAR variables were investigated
regarding their reaction after mowing events. In addition, the averaged values before all
mowing events (n = 45) were compared to the averaged values afterwards. Based on this,
the most suitable variables for detecting mowing events were selected and the detection
rule-set was created empirically. To determine the optimal thresholds for the detection
approach, initial values were set according to the observations made while investigating
the time series and the averaged changes after mowing events. Multiple values around
these initial thresholds were tested regarding their potential to detect mowing events. The
final thresholds were selected according to the highest accuracies achieved (Section 3.3.2).

3.2.1. Investigation of Satellite Time Series and Variable Selection

Time series of S2 and S1 features for the 13 parametrization parcels of the Ammer
region were investigated to examine their temporal behavior in relation to mowing events.
For all calculated parameters (i.e., EVI, backscatter VV, backscatter VH, INSAR coherence
VYV, InSAR coherence VH, PolSAR entropy, KO, K1) the center-pixel of the parcel, a 3 x 3
window-average around the center pixel, and the parcel-based average time series were
visually examined. There were only marginal differences between these three types of time
series for all parameters and all 13 parcels (not shown). Thus, only the center-pixel-based
data are further examined.
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Figure 3 shows the center-pixel time series of four parameters (one of each satellite
data category), including mowing dates (reference data), presence of cows, and large
data gaps of the optical time series (>25 days) for the three selected exemplary parcels
(Supplementary SI). The remaining parameters are not shown as the information is redun-
dant. Raw and smoothed values are shown to highlight the effect of smoothing, which
is needed to detect mowing events with the approach presented here. The three parcels
were mown five (RB-L), four (FE4), and three times (UGAU) in 2019. To examine the
effect of soil moisture, especially on the SAR-based parameters, precipitation recorded
by climate stations within a distance of less than 3 km are additionally shown as weekly
sums. The visual examination of the time series of S2- and S1-based parameters (Figure 3)
revealed that particularly the EVI time series shows reliable, strong drops in most cases
after grassland is mown. Some events were missed or were less strong (e.g., third event
RB-L, third event FE4, second event UGAU), which might be related to cloudy periods
(Figure 3, blue bars). Considering the SAR features, backscatter VV shows only a marginal
relationship to the mowing events. PolSAR entropy and InSAR coherence VV reveal peaks
after mowing event which, however, were less pronounced and less consistent than the
reactions visible in the EVI temporal signal.

To quantify the change in the remote sensing signals induced by a mowing event, and
hence to select the most suitable parameters to develop the detection approach, the raw and
interpolated /smoothed values before and after all mowing events of the 13 parametrization
sites (n = 45) of each parameter were plotted (Figure 4). Values of six days before and six
days after each mowing event of all mowing events were summarized as boxplots (Figure 4).
In addition, the absolute differences between the six-day periods before and after a mowing
event averaged over all mowing events (n = 45) were normalized with the 95% percentile of
each parameter of the value distributions (raw and smoothed) of the parametrization sites
to make the differences comparable among the various parameters (Table 1). Due to clouds,
the raw EVI potentially has less data points than the interpolated and smoothed EVI and
the other parameters. The EVI shows the strongest reaction, namely a drop of 0.25 for the
raw data and 0.09 for the smoothed data on average after the mowing event when the
means are compared (Figure 4, Table 1). The entropy shows an increase of 0.04 (normed)
after mowing events (Table 1). K1 is inversely related to the entropy and shows weaker
effects after mowing events (Figure 4, Table 1). In addition, the entropy should be preferred
as it has a defined value range in contrast to K1. KO and backscatter VV show almost
no reaction and the increase in backscatter VH is only marginal (Figure 4, Table 1). Both
coherence VV and coherence VH show—on average—an increase after mowing events in a
similar range as PoISAR entropy (Table 1); however, because the coherence values are all
very low (<0.4) and around the noise level, entropy is preferable (Figure 4). The EVI was
selected as the main parameter for the mowing event detection. Besides the EVI time series,
the entropy seems to be most useful regarding its potential to detect grassland mowing
dynamics (Figures 3 and 4, Table 1).

Table 1. Average absolute differences of six days before and six days after a mowing event for all mowing
events (n = 45) of all 13 parametrization sites. The differences are normalized with the 95% percentile of
each parameter of all values of the parametrization sites of raw and smoothed data, accordingly.

EVI ENT Ko K1 BS VV BS VH COH VV COH VH
Normalized difference 0.29 0.14 0.002 0.06 0.03 0.08 0.08 0.09
(Raw data)
Normalized difference 0.11 0.06 0.0009 0.02 0.008 0.02 0.06 0.06

(Smoothed data)

EVI = Enhanced vegetation index, ENT = PolSAR entropy, KO = PolSAR KO, K1 = PolSAR K1, BS VV = Backscatter
VV, BS VH = Backscatter VH, COH VV = InSAR coherence VV, COH VH = InSAR coherence VH.
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Figure 3. Time series of S2- and S1-based parameters for five (RB-L), four (FE4), and three (UGAU)
times mown grassland parcels, including information on the mowing date (vertical lines), presence

of cows, and large data gaps (>25 days) within the optical time series and weekly precipitation sums

(bottom plots).
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Figure 4. Data values of observed parameters for a period of six days before and six days after a
mowing event for all mowing events (n = 45) of all 13 parametrization sites. Left: raw data (green
boxes. Right: interpolated and smoothed data (orange boxes).

3.2.2. Rule-Set Development and Parametrization

The investigation of the time series of the reference sites (Figures 3 and 4, Table 1)
revealed clearly that the EVI is the most suitable parameter to detect grassland mowing
events as strong decreases were visible in the time series after mowing events. However,
these drops were at times not present, which was often related to missing data due to
clouds (more detail in Section 4.1). Therefore, a second mowing event detection algorithm
was developed and tested, which includes the PolSAR entropy as second parameter. Within
the combined approach (EVI + Entropy), mowing events were detected according to the
EVI time series when valid EVI observations were available; in the case of prolonged times
of missing observations, the detection using the PolSAR entropy was conducted.

EVI-Based Mowing Detection Algorithm

The examination of the EVI time series of the 13 parametrization sites show a strong
and abrupt decrease in EVI at mowing events, followed by a subsequent increase. Based
on these observations (Figures 3 and 4, Table 1), the detection of mowing events via the
EVI was derived as follows: (i) The local minima within the pixel-based EVI time series
for the growing season are localized. (ii) The EVI of the local minimum is compared to the
EVI of the previous peak (i.e., local maxima). (iii) To successfully detect a mowing event,
the amplitude of EVI between these two extrema needs to exceed a threshold 0.07 (th;).
(iv) An immediate EVI increase of at least +0.02 (thy) has to follow the local minimum as
additional condition for the mowing detection. The values for the thresholds th; and thy
were determined according to the best accuracy achieved (see Section 3.3.2), whereby for
th; a range from 0.1 to 0.15 and for thy a range from 0 to 0.05 was tested with steps of 0.01.

When these conditions (i-iv) are fulfilled, a mowing event is detected, and the date
of the event is defined as the average date between the detected local minimum and the
previous maximum. Even though the event could have happened within the entire period
(i.e., between the dates of the local minimum and previous local maximum), the offset in
detection is minimized on average.
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EVI + Entropy-Based Mowing Detection

Although the EVI was determined to be the most suitable parameter to detect mowing
events, some events might be missed due to clouds. Therefore, a SAR-based parameter
was used to support the mowing detection when the EVI-based detection might fail due to
cloudy conditions. The visual examination of the PolSAR entropy time series showed a
relationship to the mowing regime (i.e., entropy maxima after mowing (Figures 3 and 4,
Table 1)). However, this pattern was less consistent and less reliable compared to the EVI
change after a mowing event. Therefore, the temporal evolution of the PolSAR entropy
signal is only considered for mowing detection when large gaps of the optical time series
are present. These gaps are defined as being at least 25 days long. The following procedure
was developed to detect additional mowing events with EVI and PolSAR entropy time
series: (i) When a large gap in S2 data is present, the PolSAR entropy time series of five
days before the gap until 10 days after the end of the gap (resulting in at least 40 days) is
analyzed for peaks. (ii) The shortened PolSAR entropy time series is inspected for local
maxima, which is then compared to the previous local minimum or, if no local minimum is
present, to the global minimum of the shortened time series. (iii) The magnitude between
these values needs to exceed a threshold of 0.05 (thz). The value for th; was initially set by
observations made while investigating the parametrization sites (Figures 3 and 4, Table 1).
The final value of th; was defined by determining the best accuracy for the detection
approach by checking F1-scores (Section 3.3.2) with the parametrization sites, whereby a
range from 0.03 to 0.1 was tested. When the condition is met, the mowing event is defined
as the average date between the local minimum and the local maximum. (iv) Finally, the
PoISAR entropy-based detections are compared to the EVI-based detections, and only when
they were missed, they were registered as additional mowing events. The allowed time
difference between the S1-based and the S2-based approach in that regard was 10 days
or less.

3.3. Validation Procedure
3.3.1. Validation Procedure for the Detection of Grassland Mowing Events

To examine whether mowing events were correctly detected by the satellite data-based
approach, the detected dates were compared to the validation dataset. The majority of the
detected mowing dates per parcel were combined for each mowing event to make them
comparable to the validation data that was on parcel level. A difference of up to seven
days between the detected and the actual mowing event date was accepted for a correct
detection. In addition, falsely detected mowing events by the satellite-based approach
were registered.

3.3.2. Accuracy Assessment of the Mowing Event Detection
Next to the percentage of correctly detected mowing events, the F1-Score was cal-

culated to evaluate the mowing detection approach, which is an adequate measure for
imbalanced classes [39], as follows:

. precision x recall TP

F1=2 — =
precision +recall TP + 1(FP + FN)

@

where precision is a measure of exactness and recall of completeness, TP is the number of
true positives, FP the number of false positives, and FN the number of false negatives. To
calculate the precision, the number of false positives is needed. Only grasslands (n = 89) for
which the exact mowing frequency could be depicted through the availability of gap-less
RGB images were included in the validation of mowing frequency and the F1-Score (see
Section 2.2.2).
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3.4. Uncertainty Information

An indicator for the availability of the S2 time series was derived by quantifying large
gaps (>25 days) within the EVI series. These gaps, which are usually induced by clouds,
were summed up and the spatial patterns were compared to the S2 only and the S1 and S2
combined detected mowing events.

In addition to this quality indicator derived from the S2 data availability, an indicator
for the uncertainty of each individual mowing detection based on 52 data was developed.
This indicator is composed of two parameters derived from each S2-based mowing event
detection, as follows: (i) The first parameter is defined as the data availability before and
after the event and (ii) the second parameter as the magnitude of the EVI amplitude during
a mowing event detection. The data availability around a detected mowing event (i) was
thereby determined by locating the last valid S2 scene before and the first one after the
event. The resulting time span ranged from two to several days with a maximum of around
100 days. The lower the time span, the more the mowing event detection relied on measured
52 data, and not on interpolated EVI values, increasing the detection reliability. The second
aspect of the uncertainty analysis was the magnitude of EVI decrease (ii) resulting in
a mowing detection. For each event, the gradients were calculated as the difference in
smoothed EVI values between the local maximum and minimum divided by the time
period between the local maximum and minimum. To adjust the gradients to the first
uncertainty measure—the data availability—they were multiplied by 10,000. After this
operation, the gradients (ii) ranged between 10 and around 300 and were therefore three
times larger than the data availability measure (i). The higher the gradient, the stronger
the local minimum in a shorter time, and the more certain the mowing event detection. To
derive a combined uncertainty, the data availability time spans (i) were subtracted from
the gradients (ii). This way, the importance of the EVI gradients was weighted 3 times
higher than the data availability time spans as the value range of the EVI gradients was
three times higher than the data availability information. The combined uncertainty was
divided by 300 to range around 0, with a range of [-2, 2]. The lower the value, the more
certain the mowing event and vice versa. This uncertainty information is averaged over all
mowing events to estimate an overall uncertainty for the detected mowing frequency.

4. Results
4.1. Accuracy Assessment on Parametrization Sites
4.1.1. EVI-Based Mowing Detection Algorithm

The EVI time series of the parametrization sites showed a strong relationship to
the mowing regime (Figure 5). When applying the EVI-based mowing event detection
approach to the 13 parametrization sites, 34 of the 44 mowing events were successfully
detected if a time difference of seven days between the date of detection and the actual
mowing date was allowed. Ten events were missed, and 10 dates were falsely detected
as mowing events, resulting in an F1-Score of 0.77. The amplitude of the EVI thresholds
had only minimal effects on this result as the F1-Scores remained the same for values of
0.02 to 0.12 for the first (th;) and values of 0 to 0.04 for the second threshold (th,). The
mowing detection approach based on EVI also lead to falsely detected mowing events
due to grazing activity (i.e., HF). The drop in EVI after mowing only lasted for around 10
to 14 days, highlighting that dense optical time series are crucial in order to successfully
detect mowing events.

While inspecting the time series of the parametrization sites (Figure 5), it becomes
obvious that mowing events were missed by the EVI only approach when there was no EVI
information available within the gaps induced by cloud coverage. Mowing events were
missed or the detected dates were not completely correct during, shortly before, or shortly
after cloudy periods, as local minima were not recognized (i.e., 3rd and 4th event RB-L,
2nd event UGAU, 4th event GL, 3rd event MN, and 3rd event RB1, 4th event FE2). Of the
10 missed mowing events of the parametrization dataset, eight were within cloud gaps or
shortly before or after.



Remote Sens. 2022, 14, 1647 14 of 27

1.0 1.0

QGAU
0.8 0.8
0.6 0.6 ; f\
0.4 AVNg ‘ | . ‘ 0.4 /_/\ \/"
Apr May Jun Jul Aug Sep Oct Nov Apr May Jun Jul Aug Sep Oct Nov Apr May Jun Jul Aug Sep Oct Nov
10 6L ] N | 1.0 ‘ HF
"\, SN
oal VTN sl A O\ 0al/ S
Apr May Jun‘ Jul  Aug Sep‘ Oct Nov Apr May Jun Jﬁl Aug Sep Oct Nov Apr May Ju‘n Jul Aug Sep Oct Nov
10 g RBI/\ 10 FEL | 10 FE3
0.8 \/\/\ o.sfﬁ | \/__ 0.8
0.6 ; 0.6 0.6
0.4 //\- 0.4 0.4 \/ﬂ/\—/\\
‘ i 1 3 | S~
Apr May Jun Jul Aug Sep Oct Nov Apr May Jun Jul Aug Sep Oct Nov Apr May Jun Jul Aug Sep Oct Nov
10 FE2 | 1.0 oMy 1.0 RB2 ]
0.8 /\\/\ . 0.8 | J\/\/ 0.8
0.6 J\ i 0.6 ; 0.6
0.4 /J”* 0.4 f\/ ] 0.4 AV A \/_

Apr May Jun Jul Aug Sep Oct Nov Apr May Ju‘n Jul Aug Sep Oct Nov Apr May Jun Jul Aug Sep Oct Nov
1.0
¢

F — EVI {  Mowing event
0.8
Entropy Presence of cows
0.6 — Entropy during cloud ga
i Py g gap ® Detected mowing event (EVI)
0.4 \/_, Large cloud gap (>25d) ¢ Detected mowing event (entropy)

Apr May Jun Jul Aug Sep Oct Nov

Figure 5. Temporal profiles of gap-filled and smoothed EVI and PolSAR entropy for center pixels
of the parametrization grassland parcels with varying mowing regimes, including the actual and
detected mowing events as well as gaps within the optical series.

4.1.2. EVI + Entropy-Based Mowing Detection

The detection of mowing events based on peaks in PoISAR entropy within long gaps of
optical data (>25 days) lead to 12 mowing event detections (Figure 5), of which eight were
correct. Of these, five were already detected as mowing events by the S2-based approach
(3rd event FE1, 1st event GL, 1st event HF, 1st event RB2, 4th event RB-L). The detection
on the RB-L site was actually not correct based on 52, but the algorithm would not count
the S1 detection as new because it is too close to the S2 detection (<10 days). Within the
parametrization dataset, three additional S1-based detections were correct, which were
missed using the EVI-only approach (4th event FE2, 3rd event MN, 3rd event RB1). In
addition, four falsely detected mowing events occurred (FE3, UGAU, MN, MW).
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Hence, for the parametrization dataset (Figure 5), the integration of the PolSAR
entropy-based detection increased the amount of detected mowing events by three and
added four false positives (84.4% successful detections, F1-Score = 0.78) compared to the
case when only the EVI-based detection was applied. The tests with different PoISAR
entropy thresholds revealed a high sensitivity to the number of detections, as such steps
showed that weaker smoothing or smaller thresholds of the entropy increased the number
of false positives rapidly.

4.2. Mowing Detection Validation of the Focus Region

From the total of 229 mowing events located in the focus region (Figure 1B), 148 were
correctly detected (64.6%) by applying the S2-based mowing detection approach and with
an allowed difference between detection and actual event of seven days. By complementing
the detection approach with the analysis of POISAR entropy time series within larger cloud
gaps of optical data (>25 days) in the focus region, the detection of mowing events was
improved by detecting an additional 21 mowing events to 73.8% of correctly detected
events. The number of false positives increased strongly from 76 to 157 falsely detected
mowing events (Table 2) when the PolSAR entropy-based detection was applied. The
F1-Score for the focus region within the Ammer region was 0.65 when the S2 only-approach
is used and dropped to 0.61 when the combined S2 and S1 approach is used.

Table 2. Accuracy matrix of detected mowing events showing successfully detected, missed events,
and false positives for the focal region in the Ammer catchment area.

Actual Condition (Validation)

Mown Not Mown
Predicted Condition Mown 148 76
(Satellite-based detection) S2 only Not mown 81
Total 229
Predicted Condition Mown 169 157
(Satellite-based detection) S2 + S1 Not mown 60
Total 229

When comparing the actual (true) distribution of mowing frequencies among the
grassland parcels in the focus region with the detected frequencies by S2 only and the
combined approach, it becomes clear that using only EVI leads to an underestimation
and EVI plus PolSAR entropy to an overestimation of the mowing frequency (Figure 6).
The spatial pattern of the combined approach (Figure 7) reveals that adding the PolSAR
entropy-based detection to the EVI-based approach could not balance the systematic lower
number of detected mowing events in regions with lower S2 orbit coverage by the S2-only
approach (compare Figure 2).

4.3. Germany-Wide Validation of S2-Based Mowing Detection

From the total of 491 mowing events on validation parcels distributed all over Ger-
many, 60.3% were successfully detected with the S2-only approach (i.e., just using the
EVI-based detection), when the allowed time difference between detected and actual mow-
ing date was seven days. The influence of the allowed time difference on the detection
success is visualized in Figure 8. The time difference between the actual and the detected
mowing event was, on average, 2.5 days.
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Figure 6. Detected mowing frequency of grassland reference parcels within the focus region when
using S2 only and the combined approach consisting of S1 and S2, compared to the true condition.

Mowing Frequency [0 M1 02 3 04 s ENc 7

Figure 7. Mowing frequency derived from combined mowing detection approach of EVI and PolSAR
entropy time series for the focus region and two zooms (A and B) with the frequency of the combined
approach and only using S2.

For parcels with continuous validation information, in total 179 of 283 mowing events
were correctly detected (63.3%) with an allowed time difference of seven days (Table 3).
A total of 94 falsely detected events occurred (F1-Score = 0.64). Almost half of the false
positives appeared on parcels that were also grazed.
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Figure 8. Number of correctly detected and missed mowing events depending on the allowed time
difference between detection and actual mowing date.
Table 3. Accuracy matrix of detected mowing events in Germany showing successfully detected,
missed events, and false positives.
Actual Condition (Validation)
Mown Not Mown
Predicted Condition Mown 179 94
(Satellite-based detection) Not mown 104
Total 283
The mowing frequency of the validation parcels with a complete data set (n (parcels) = 89,
n (mowing events) = 283) was correct for 20% of the parcels. For 54% of these validation
parcels, the difference between the detected and the actual mowing frequency was one.
Overall, the mowing frequency was underestimated (Figure 9).
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Figure 9. Number of mowing events per year from the validation dataset and detected for grassland
parcels with continuous management information.
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4.4. Germany-Wide Application of S2-Based Mowing Event Detection

The spatial patterns of the mowing frequency on the pixel level (Figure 10) show that
many grasslands in the south-east and the very north of Germany are managed intensively
with a high frequency of mowing events. In particular, within the valley of the river Inn
in the south-eastern part of Germany (east of Figure 10c), the amount of grasslands that
are mown often (more than four times) is high. Grasslands in the north-west display a
median mowing frequency and parcels in the east and center of Germany are mown less
often. Overall, the number of grasslands that are mown zero (13%), one (38%), or two times
(33%) is relatively high in Germany (Figure 11). Intensively used grasslands that are mown
four to six times account only for about 3%. While observing the mowing frequency for
the whole of Germany (Figure 10), a systematic underestimation of the S2-based detection
approach in regions with lower S2 orbit coverage is visible.

Mowing Frequency

-0-2-5

' : 3Els6
_ Bl
0 50 100km el

| I

Figure 10. Mowing frequency 2019 on grassland with a spatial resolution of 10 m based on EVI time
series data for Germany and for three zoom regions (a, b, ¢) indicated on the map.
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Figure 11. Number of grassland pixels with detected mowing frequency for Germany in percentage.

The timing of the first mowing event of 2019 (Figure 12) shows that grasslands in the
south-east are mown early. Many grasslands are mown around the 1st of June, which is an
ecologically critical date. For many plant species it is advantageous when the grassland
parcel is mown around this date and therefore, this is also coupled to subsidiary payments
in some federal states in Germany. These high-resolution maps show information on the
pixel level and the parameters are not bound to parcel extents, which can vary during
the year through partially differentiating use. However, single grassland sites are well
distinguishable (Figures 10 and 12a—c).

;l _§ ‘ ":
First Mowing Event
15.4. 1.6. >15.7.

0 50 100 km

|
[ — 105 152 196 DOY

Figure 12. First mowing event on grassland in 2019 with a spatial resolution of 10 m with the
EVI-based detection for Germany and for three zoom regions (a, b, ) indicated on the map.
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On county level, the spatially aggregated information on intensively used grassland
(mown four to six times), extensively used grasslands (mown zero to two times), and on
the first mowing date reveal general patterns for Germany (Figure 13). The maps show the
relative amount of grassland use intensities based on the entire grassland area per county
(“Landkreis”) in percentage. In particular, the grasslands in the south-east and the very
north are intensively used (Figure 13A) and the grasslands in the center and north-east
more extensively used (Figure 13B). The timing of the first mowing event reveals that—in
addition to the areas of higher grassland mowing frequency in the south/south-east—the
grasslands in western Germany are mown mainly before June 1st (Figure 13C). The number
of available S2 scenes (i.e., due to overlapping swaths) seems to have the strongest influence
on the extensively used grasslands (mown one to two times) (Figure 13B).
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Figure 13. Fractions of grasslands within counties, which are used intensively (mown four to six
times; (A)), extensively (mown zero to two times; (B)), and mown before the ecologically critical 1st
of June (C).

The spatial patterns of the data availability and uncertainty information of the focus
region partly overlap (Figure 14). The western part of the focus region, which is covered
by only one S2 orbit swath, shows higher uncertainty (Figure 14B) and many cloud gaps
(Figure 14A). The uncertainty shows higher values at field borders (Figure 14B).
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Figure 14. Quality information for the S2 dataset 2019 represented by the number of large gaps (A),
and uncertainty information of the mowing frequency, estimated from the gradient and data avail-
ability of the detected mowing events (B) for the focus region (Ammer region) and a zoom region
indicated on the map.

5. Discussion
5.1. Relationships between S1 and S2 Parameters and Mowing Events
5.1.1. The Relationship of S2-Based EVI to Mowing Events

In this study, the mowing events were detected through the analysis of S1 and S2
time series with the purpose to generate map products of the grassland mowing regime in
Germany. The EVI time series shows a good relationship to the mowing event patterns.
This is in accordance with other research, where significant drops (around 0.2 to 0.5) in raw
NDVI time series data were found after mowing events in central Europe [18-20]. Here, we
revealed that the exact threshold of the drop within the time series of the vegetation index,
which is necessary to detect a mowing event, was not that important, as the successful
detection of mowing events for the parametrization sites was almost equal for an EVI
threshold range of 0.1 (from thresholds of 0.2 to 0.12 for th;). The thresholding mechanism
to detect mowing events is, therefore, sufficiently robust for a transfer to other grasslands,
which show a temporal pattern of EVI drops, followed by increases after mowing activities.
The major limiting factor of the S2-based grassland mowing detection is the data availability,
which is limited by orbit and cloud coverage. Only when dense optical time series are
available, mowing detections are successful, especially because the effects of the events
are only visible for a short period of time (10 to 14 days). In particular in central Europe,
grasslands occur mainly in moist [54] regions—in Germany, these are often mountainous or
coastal areas (Figure 1). These regions potentially experience relatively high cloud coverage
during the year, which makes remote sensing-based grassland monitoring more difficult
than in regions with less cloud cover.

In order to minimize the risk of missing mowing events due to data gaps, one solution
might be to include more satellite datasets into the detection approach. The inclusion
of SAR-based data, which was investigated within this study, is discussed in the fol-
lowing paragraphs. However, it might be also useful to add optical data from different
sources [17,20,33]. Additional optical data (e.g., Landsat, PlanetScope) has the potential to
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fill up the time series and reduce the amount of critical data gaps. However, one obstacle of
combining optical datasets from multiple sources is the need of harmonization. Especially
when short-lived temporal patterns on the pixel scale are investigated, spectral differences
within the time series arising from variations in radiometry, spatial resolution or acqui-
sition geometry of the sensors are problematic. In addition, the spatial resolution might
be reduced by adding data with lower resolution, as usually is the case for the combined
dataset from S2 and Landsat 8, which has a spatial resolution of 30 m. Lastly, all optical
satellite data have the same limitation in the appearance of clouds. If the mowing event
happens during cloudy conditions and the brief local minimum within the optical time
series is therefore not recorded, no additional optical dataset can lead to an improvement.

Another valuable observation from the examination of the parametrization parcels
within this study are the temporal patterns of grazing events, as the occurrence of cows
was tracked with the cameras, next to the mowing event. For extensive parcels, which are
grazed and only mown once, single grazing events lead to a less abrupt and long-lasting
decrease in EVI (Figure 5: HF). Nevertheless, these grazing events were at times confused
with mowing events, as an EVI decrease was detected by the algorithm (e.g., Figure 5: HF).
As this gradient of EVI decrease is part of the uncertainty layer, which was developed
within this study (Section 3.4, Figure 14), this layer might be used to filter grazing events,
which were falsely detected as mowing events in a post-processing approach. However,
in the cases of the parametrization parcels, the number of cows was relatively low. It is
assumed that parcels that are grazed with higher stocking rates show a faster EVI decrease,
and the grazing event would be harder to differentiate from a mowing event.

5.1.2. The Relationship of S1-Based Backscatter to Mowing Events

To complement the mowing detection, SAR-based parameters were investigated
within this study. The S1 VV and VH intensities show only small and not consistent
reactions to the mowing regime. Some studies found an increase in the temporal backscatter
signal after mowing events [21,22,55], which, however, could not be confirmed in this study
(Section 3.2.1). Our results are thus in line with other studies that did not find a visual
or statistical relationship between SAR backscatter and the mowing regime [27,31]. The
reason that the backscatter signal only rarely shows a reaction after mowing events might
be that the effect of scattering mechanisms is different than anticipated. Initially, it was
assumed that the backscatter increases after mowing events as these provoke a shift from
volume scattering of large and dense canopies to surface scattering from short vegetation
and soil [56]. However, in many cases the mown grass remains on the parcel for several
days for drying. This might result in volume scattering and a missing immediate increase
in the backscatter.

5.1.3. The Relationship of S1-Based InSAR Coherence to Mowing Events

Regarding InSAR, the VV coherence and VH coherence revealed a relationship to the
mowing regime within this study. However, the temporal signal seems to be additionally
influenced by other drivers than the grassland management as peaks unrelated to mowing
events are visible, which is in accordance with the findings of previous studies ([26,27]
for COSMO-Skymed; [29] for TerraSAR-X; [31] for S1). In addition, the value ranges of
the coherence parameters are close to the noise level [57], making an inclusion of these
parameters into a mowing detection algorithm less reliable. A potential explanation for the
relationship between the InNSAR coherence signal and the grassland mowing regime is that
vegetation growth, an increase in density, and motion of vegetation cause a decorrelation
(e.g., [31]). Therefore, a continuous decrease in INSAR coherence is assumed during the
growing phase. After a mowing event, the coherence potentially abruptly drops, when the
image pair consists of one image from before the event and one from afterwards. Or—with
both images from after the mowing event—the coherence increases due to more stable
influence from the soil and less from the vegetation. Besides mowing events, precipitation
is assumed to strongly influence the coherence signal as an increase in plant and soil
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moisture is a reason for increased decorrelation. However, the growth phase probably
additionally influences these effects [31], as the effect of drivers on the INSAR coherence
signal probably varies with different phenological stages, e.g., [49]. In addition, the INSAR
coherence is special as it already consists of a comparison of two images. As the effects of
potential drivers can influence both or only one image, general assumptions are additionally
complicated. It is needed to differentiate between the reactions of the signal when the
precipitation event, for example, happened before, during, or after the 12-day comparison
period of the acquisitions.

5.1.4. The Relationship of S1-Based PolSAR Decomposition Parameters to Mowing Events

PolSAR decomposition parameters were, until now, only investigated with TerraSAR-X
and Radarsat-2 regarding their relationship to grassland mowing [25,28]. Similar to our
results, these studies found an increase in PolSAR entropy after mowing events, which was
inconsistent. The increase in PoISAR entropy might result from a shift in the orientation of
the scatters. While growing grass is probably more vertically oriented, mown grass on the
ground is horizontally oriented, which results in a higher depolarization.

5.2. Spatial Patterns of Detected Mowing Events in Germany

The mowing frequency map of Germany based on S2 carries high-resolution manage-
ment information. Even though the approach is conducted on a pixel basis, the extents
of single grassland parcels are visible, indicating the robustness of the approach. The
advantage of a pixel-based detection algorithm is that the mowing event detection is not
disturbed when the parcels are not completely mown within one day or when they are
partly used for grazing for some days or weeks. The analysis of the mowing event detection,
and in particular the investigation of the camera-based reference information, showed that
some parts of parcels are sometimes not mown or are used differently.

The spatial patterns of the mowing frequency reveal that grassland parcels in the
very south, the south-east, and the north of Germany are mown more often than in other
parts of Germany in 2019. This general pattern is in accordance with detected mowing
frequencies of Germany in a recent study [17]. The pattern might be related to more
moisture availability and hence increased growth rate and biomass there. In fact, the
regions with high proportions of grasslands mown four to six times per year in the south,
south-east, and north and the more intensively used grasslands in North Rhine-Westphalia
(north-west of Germany), characterized by a large proportion of grasslands mown before
1st of June, show similar climatic conditions [54]. These are characterized by average
temperatures of more than 10 °C for at least five month per year and relatively high
precipitation rates of 1000 to 1500 mm per year [58]. However, grassland management is
not only determined by site conditions, such as climate, but can have multiple reasons. The
accessibility, soil quality, and the individual decisions of farmers play a role as well. The
investigation of the timing of the first mowing event shows that many grassland parcels are
mown around the 1st of June. The timing of the first mowing event plays an important role
for richness and distribution of grassland species and the species richness is higher when
grasslands are mown rather later in spring/beginning of summer (around 1st of June). For
many naturally occurring grassland plant species, mowing before June leads to a local
extinction [4,6] as they are unable to reach the phenological stage enabling reproduction.
The spatial pattern of the timing of the first mowing event relates to the mowing frequency
as grasslands that are mown more often are also mown earlier (see [59]).

Apart from local management patterns, the national maps of mowing frequency and
the timing of the first mowing events based on S2 indicate an influence of the availability
of optical data. When comparing these maps to the amount of valid optical observations
(Figure 2), fewer mowing events were detected in the regions that are only covered by one
52 orbit. The reason for that is that with only one orbit coverage, the probability of valid
observations is half and hence the probability of missing harvests increases. This becomes
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also visible within the quality layer created within this study that represents the amount of
large data gaps due to cloud cover (Figure 14).

5.3. Importance and Drawbacks of Optical and SAR Data Fusion

Selected parameters based on S1 and S2 often show visible effects of mowing activities
within their temporal profiles and combining indicators from both sources—optical and
SAR—might be advantageous in order to guarantee a more complete mowing detection by
reducing missed events due to clouds. Voormansik et al. [31] found no strong correlation
between INSAR coherence and NDVI for grasslands. This either indicates that S1 and
S2 time series are influenced by multiple and potentially different drivers other than the
mowing regime, or that they should be rather used as complementary information for
mowing detection.

Here, we applied and discussed an empirical threshold-based combination of S1 and
52 mainly to fill cloud-induced gaps and retrieve potentially missed mowing events. S1
information is only used when S2 data is not available as the effects of the mowing events
visible within S1 parameters were not as consistent and straightforward as they are for
S2. The approach of filling periods of unfavorable atmospheric conditions limiting optical
observations with SAR data is used in various fields, for example for the detection of
surface water [60]. However, within this study, the combined approach (S2 + S1) did not
improve the grassland mowing detection as the increased number of successful detections
was accompanied by a rise in false positives. Lobert et al. [33] combined S1 and S2 data in
a deep learning classification approach (convolutional neural network) to detect mowing
events. The model based on NDVI, backscatter cross-ratio, and InSAR coherence led to the
best results (F1-Score = 0.84). The NDVI time series consisted of data from S2 and Landsat 8,
and the approach was only tested for areas with overlapping S2 orbits (compare Figure 2).
The time series of valid NDVI was, therefore, presumably relatively dense and it is yet to
be tested if the SAR data are a valuable source for regions with less continuous optical data
information within their approach.

Here, the PolSAR entropy was identified in a comprehensive comparison of seven
SAR-based parameters as the best S1-based indicator to complement the mowing detection
approach conducted with S2 EVI. Adding PolSAR entropy to a deep learning classification
model for mowing detection might improve the results and has still to be investigated in
future research. Adding additional potential drivers, such as precipitation, might improve
the performance of SAR-based parameters to detect mowing events.

6. Conclusions

Our analyses show that with dense optical time series, diverse grassland mowing
regimes in Germany can be successfully characterized by the derivation of mowing dates
and mowing frequency. However, cloud gaps and lower S2 coverage are potentially
problematic, in particular as the reaction of the vegetation index is usually only detectable
for a short time period (10 to 14 days).

e  The detection of grassland mowing events is possible with optical data; however, only
if dense time (period < 10 to 14 days) series are available;

e A pixel-based approach is possible and advantageous as parcels are at times not
used homogenously;

o  The temporal signal of INSAR and PolSAR parameters for mown grasslands are
inconsistent and do not reveal a clear relation to mowing events. Most probably
they depend on additional drivers (i.e., moisture), for which general assumptions are
difficult to make;

e Complementing the optical mowing detection approach based on EVI time series by
the PolSAR entropy, led to an increase in detected mowing events by 9.2%. However,
more false positives also occurred, resulting in a drop of the F1-Score (F1-Score = 0.65
for 52 only, F1-Score = 0.61 for S2 + S1);
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e Use intensity and timing of the first mowing event of grasslands in Germany are
heterogeneously distributed with more often mown parcels in the south/south-east
and the north;

e In Germany, 13% of grasslands are not mown at all and a majority is only mown one
(38%) to two times (33%), which might be grazed as well. Only 3% of all grasslands
are mown four to six times, according to our analysis.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/1s14071647/s1, Table S1: Description of exemplary sites, Table S2:
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sites, Figure S5: Pre-processing flowchart of S1 and S2 parameters, Figure S6: Comparison of values
before and after mowing events for all investigated parameters.
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