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Abstract 46 

Grasslands deliver a variety of ecosystem services, such as the provision of biomass, carbon sequestration or 47 

water retention and with that play a key role for climate change mitigation and preservation of biological 48 

diversity. The intensity of grassland management directly impacts these ecosystem services and functions. 49 

However, spatial information on grassland use intensity is scarce. Remote sensing time series from optical 50 

and/or SAR sensors help to overcome this data scarcity, as they enable to derive dates and frequency of 51 

mowing events as a proxy of grassland use intensity. A growing number of published algorithms relate abrupt 52 

changes in remote sensing time series to grassland management activities either by defining threshold-based 53 

rules or by making use of machine/deep learning techniques. So far, the different algorithms have not been 54 

compared and, due to a lack of suitable reference data, usually not been tested for spatial and temporal 55 

transferability. We present the results of a comparison exercise based on an unprecedented set of independent 56 

reference data, containing information on more than 5,000 grassland mowing dates that were compiled from 57 

eight European countries over a five-year period. We analyzed the performance of ten mowing detection 58 

algorithms across different geographic regions, years, mowing intensity, levels of reference data quality, and 59 

method and satellite sensor domains. The overall results show that when using all available reference data, F1 60 

scores range from 0.55 to 0.74, and from 0.56 to 0.71 when only the highest quality reference data are 61 

considered. This, however, reduced the number of reference events to around 1,500 with a regional bias to 62 

Austria, Germany and Switzerland. We found that algorithm performance varies across space and time and that 63 

overall, the highest accuracies were achieved by machine learning based algorithms, although not substantially 64 

outperforming rule-based algorithms. The results do not confirm a consistently positive influence of the 65 

combined use of optical and SAR data in the prediction of mowing events, but we observed variations in 66 

algorithm performance, towards the lower and higher ends of grassland use intensity. Despite testing a variety 67 

of algorithms from different method and sensor domains, we observed a general upper limit of model 68 

performance and could not identify one single algorithm that performed best in all cases. The results of this 69 

comparison exercise can guide practitioners to choose approaches and input data which are most suitable for 70 

their specific use-case. The comparison exercise also highlights the importance of consistent, representative, 71 

and reliable reference data. We therefore recommend maintaining and extending this baseline dataset for the 72 



evaluation of upcoming algorithms, Earth Observation missions and derived products for comprehensive 73 

monitoring of grassland use intensity.  74 

1 Introduction 75 

Covering an area of 30.1 million km², grasslands account for approximately 22.8% of the global land surface and 76 

are therefore one of the world's most important ecosystems (MacDougall et al. 2026). As part of a 77 

multifunctional agriculture, grasslands provide important ecosystem services such as carbon storage, erosion 78 

control and water flow regulation (Bengtsson et al. 2019; Schils et al. 2022). Moreover, grasslands provide 79 

habitats for a wide range of animal and plant species, stressing their role in the context of biodiversity (Gossner 80 

et al. 2016; Habel et al. 2013; Petermann and Buzhdygan 2021). One of the most prominent grassland 81 

ecosystem services is the provision of biomass, though, which is used as animal fodder. 82 

Land use change, e.g., the conversion of grassland to cropland and the intensification of grassland use threaten 83 

the above-mentioned functions and the resilience of grasslands (Chang et al. 2021; Habel et al. 2013; 84 

Knozowski et al. 2023; Neyret et al. 2021). The high multifunctionality of grasslands in agricultural landscapes 85 

brings them into the focus of agricultural policies and nature conservation strategies. In Europe, for example, 86 

grassland, which is mainly used for fodder production or grazing, covers around 30% of the agricultural area. 87 

This makes them an essential component of the agricultural landscape (Eurostat 2020) and an integral part of 88 

the Common Agricultural Policy (CAP).  In general, the CAP requires farmers receiving subsidies to comply with 89 

EU standards for good agricultural and environmental conditions (GAEC), while additional voluntary eco-90 

schemes promote sustainable grassland management by, for example, providing incentives to reduce mowing 91 

frequency, delay the first cut of the season and promote extensive grazing. Furthermore, acknowledges the EU 92 

Biodiversity Strategy for 2030 the importance of grasslands for biodiversity conservation in agricultural 93 

landscapes (European Commission 2020), while the EU Protein Strategy emphasizes the role of grasslands in 94 

providing protein for animal feed and calls for a diversified and sustainable approach to protein production.  95 

Despite the importance of grassland use intensity indicators for monitoring and impact assessment of 96 

biodiversity, climate protection, or agri-environmental measures within the CAP, such indicators are not widely 97 

available as they are usually not reported in agricultural censuses. Satellite remote sensing-based algorithms 98 

have been shown to be a valuable way to fill this data gap, which is underlined by a steep increase in remote 99 

sensing-based developments in the past few years that focus on deriving spatially explicit information on 100 

grassland use intensity (Reinermann et al. 2020). Here, the basic rationale is that the extraction of grassland 101 

biomass, mainly by mowing, can be detected in time series of remote sensing data, as it causes a substantial 102 

alteration of the received vegetation signal. These algorithms are based either on rule-based concepts in which 103 

thresholds are utilized to identify abrupt changes in time series of remote sensing-based vegetation indices 104 

that are related to grassland management activities (e.g., Griffiths et al. 2020; Reinermann et al. 2023), 105 

originate from the field of supervised machine or deep learning (e.g., Holtgrave et al. 2023; Taravat et al. 2019) 106 



or are a combination of both (Watzig et al. 2023). Many of the algorithms use time series of either optical (e.g., 107 

Kolecka et al. 2018; Stumpf et al. 2020) or Synthetic Aperture Radar (SAR) data (e.g., De Vroey et al. 2021; 108 

Voormansik et al. 2016), while some rely on data from both data domains (e.g., Komisarenko et al. 2022; Lobert 109 

et al. 2021; Stendardi et al. 2019). In terms of spatial extent, most of the published studies have a rather local 110 

focus on a specific region for which different types of field data was available for training and validation, but 111 

there is a recent trend in upscaling the algorithms in space and time by producing multi-annual maps on a 112 

national level (e.g., Griffiths et al. 2020; Reinermann et al. 2023; Schwieder et al. 2022; Stumpf et al. 2020; 113 

Weber et al. 2024). Each algorithm describes an innovation that aims to increase predictive accuracy and 114 

robustness compared to previous algorithms. However, reliable statements about the advantages and 115 

disadvantages can only be made when algorithms are compared across different environmental conditions 116 

using a common set of standardized input features and coherent reference data.  117 

To enable insightful comparative studies, methods, data and case studies on mowing detection from satellite 118 

data time series developed in recent years were compiled in this study labelled the “Mowing Detection 119 

intercomparison Exercise (MODCiX)”. MODCiX is as a joint effort of numerous working groups researching this 120 

topic in Europe, aiming to improve area-wide monitoring of grassland use intensity. In total, a unique reference 121 

dataset with around 5600 mowing events between 2017 and 2021 on more than 3000 parcels has been 122 

compiled, representative of various grassland areas and types in Europe with varying use intensities as well as 123 

different climatic and environmental conditions. Based on these reference data and a common set of openly 124 

available satellite data (from Sentinel-1, Sentinel-2 and the Landsat series), we evaluated ten mowing detection 125 

algorithms to estimate grassland use intensity from time series of remote sensing data. This setting allowed us 126 

to identify the potential and limitations of the different algorithms based on a common set of independent 127 

reference data under a standardized validation framework. More precisely, the overall objective of this study is 128 

to identify the most robust algorithms and the related data and methods domain, which we assessed by 129 

answering the following research questions: 130 

1 a) How well do the different mowing detection algorithms perform when evaluated based on a common set 131 

of input and reference data?  132 

1 b) What differences can be observed between algorithms from different method and input data domains? 133 

2) How well do they generalize when applied across diverse regions and multiple years? 134 

3) How do environmental conditions and management intensities influence their performance?  135 

2 Data and Methods 136 

MODCiX aimed to evaluate and compare the performance of different algorithms based on a common set of 137 

input and reference data. For this purpose, participating research groups shared their available reference data 138 



on grassland management in a disclosed data environment (Figure 1, Table 1). There, the data were 139 

harmonized, anonymized, and split into training and validation data. In the next step, time series of optical 140 

(Landsat 7-9, Sentinel-2) and SAR (Sentinel-1) data were centrally preprocessed and shared with the groups to 141 

provide a common data basis.  142 

 143 

Figure 1. Spatial distribution of study sites for which reference data were available across the 144 

biogeographical regions in Europe as defined by EEA (European Environment 2016). The 145 

different colour of the points indicate the aissigned quality level of the reference data. 146 

2.1 Reference data 147 

The reference data were acquired from different sources such as farmer reports, research facilities, field 148 

observations, satellite or webcam time series interpretation and consist of geolocations (points or polygons) for 149 

which dates of mowing events were reported (Table 1). All data were reprojected to a common coordinate 150 



reference system (EPSG:3035), column names and date formats were standardized and a unique ID as well as 151 

regional and temporal identifier attributes were assigned. Sometimes mowing events were, due to the timing 152 

of field work, reported as time periods in which a grassland was mown, rather than an exact date. In these 153 

cases, the central date of the interval was chosen as mowing date. We excluded all mowing events from the 154 

reference data that were not within the defined mowing period (15th of March to 27th of October). Parcels for 155 

which mowing events were reported at too short intervals (< 15 days) were also excluded from the analysis for 156 

the respective year. We assigned a square buffer of 30 m around the reported geolocation to all reference data 157 

that were not shared with an explicit parcel boundary (polygon).  158 

The reference data were initially acquired in different ways, e.g., by interpreting webcam imagery and satellite 159 

data time series or collecting data from farmers and thus came with different confounding factors and 160 

uncertainties. We accounted for these uncertainties by assigning quality labels to the reference data, which 161 

ranged from 1 (very certain) to 3 (confounding factors) based on the initial way of data acquisition and 162 

reported issues (Table 1). We rated farmers / grassland research facility reports as well as webcam image 163 

interpretation very high. Field data collections in which observed events were reported in intervals (due to the 164 

field campaign design) or had data gaps, as well as interpretations of confined webcam time series (e.g., by fog, 165 

clouds) were rated as quality level 2. Quality level 3 was assigned to satellite time series interpretations as 166 

these data are highly influenced by the data density of clear sky observation time series. Finally, each reference 167 

parcel was classified into a class of grassland use intensity (GLUI). Here we differentiated between extensive 168 

grassland use (1-2 mowing events; GLUI 1), semi-intensive grassland use (3-4 mowing events; GLUI 2) and 169 

intensive grassland use (more than 4 mowing events; GLUI 3). 170 

To allow the groups to train or refine their algorithms on a common data base, the harmonized reference data 171 

were split into training and validation data using a random sampling strategy that was stratified across years, 172 

regions, quality labels, and GLUI. A share of 30% of the data were provided for training purposes including the 173 

geometry as well as the mowing date information. The leftover 70% of the data remained unseen by all 174 

participants. This unbalanced split into training and validation data was chosen to have a stronger focus on 175 

model evaluation than on refinement of the individual algorithms. For the final prediction, only the geometries 176 

of the validation data without any information on the mowing dates were shared.  177 

Table 1. Distribution of reference data by country (biogeographic regions in brackets), region, year and 178 

quality label and the amount of available parcels per year. In the colunm Reported cuts the range of reported 179 

mowing events for the grasslands in the specific region is shown, indicating an intensive or extensive 180 

grassland use. The data set names refer to the sites indicated in Figure 1. 181 

Country Dataset Region Year No. parcels Reported 

cuts  

Quality 

Austria AT_all Several regions 2021 113 1-6 1 (Farmers 



(Alpine) across Austria reports) 

Belgium 

(Continental) 

BE_Dinant_Neufchateau Dinant / Neufchateu 2019 219 0-2 2 (Field surveys) 

Estonia 

(Boreal) 

EE_all Several regions 

across Estonia 

2020  

2021 

34  

34 

1-4 

1-4 

2 (Farmers 

reports) 

France 

(Atlantic / 

Continental) 

 

FR_Occitanie_Maconnais Gers / Ariege / 

Haute-Garonne / 

Jura / Ain / Saône-

et-Loire 

2017  1033 1-4 3 (Time series 

interpretation) 

Germany 

(Continental) 

DE_BioDiv_Explo 

(Vogt et al. 2025) 

Schorfheide-Chorin 

/  

Hainich-Dün / 

Schwäbische Alb 

2017  

2018  

2019  

2020  

2021  

98 

90 

99 

91 

104 

1-5 

1-4 

1-4 

1-3 

1-4 

1 (Farmers 

reports) 

 

Germany 

(Continental) 

 

DE_all Several regions 

across Southern 

Germany 

2019  110 1-5 1 (Webcam 

interpretation) 

Germany 

(Continental) 

 

DE_Lindhof Lindhof 2018  7 1-3 1 (Farmers 

reports) 

Germany 

(Atlantic) 

DE_Muenster_Steinfurt Münster / Steinfurt 2021  86 1-5 2 (Field surveys) 

Germany 

(Atlantic) 

DE_Riswick Riswick 2017  

2018  

2019  

6 

7 

2 

3-4 

1-4 

4 

2 (Farmers 

reports) 

Germany 

(Continental) 

 

DE_Elbe Elbe 2020  17 1-3 1 (Farmers 

reports) 

Italy 

(Alpine) 

IT_Bolzano Bolzano 2017  

2018  

2019  

2020  

19 

164 

156 

199 

1-4 

1-4 

1-4 

1-5 

2 (Webcam 

interpretation) 

Sweden 

(Boreal) 

SE_Vaesterbottens  Västerbotten 2018  

2019 

11 

8 

1-2 

1-2 

2 (Field surveys) 



Switzerland 

(Alpine) 

CH_all 

(Weber et al. 2023) 

Several regions 

across Switzerland 

2020  

2021  

30 

32 

0-6 

0-5 

1 (Webcam 

interpretation) 

2.2 Satellite data 182 

2.2.1 Optical 183 

Analysis ready time series of optical satellite data were created using the Framework for Operational 184 

Radiometric Correction for Environmental monitoring (FORCE; (Frantz 2019), which enables data download, 185 

preprocessing, tiling and data harmonization of different sensor types. For the analysis, all available satellite 186 

data for the regions with reference data (Table 1) of the Landsat 7, 8, and 9 as well as Sentinel-2 A and B (S2) 187 

missions with a cloud cover of less than 70% were downloaded and organized in a 30 km × 30 km tiling scheme. 188 

Revisit frequencies of the sensors range between 5 days (S2) and 16 days (Landsat). All data were preprocessed 189 

to Level 2, which includes the correction of atmospheric and topographic effects as well as cloud masking using 190 

the FORCE Level 2 Processing System. In a final step, analysis ready time series stacks were generated for each 191 

tile which included all available observations for all common bands of the different missions (i.e., blue, green, 192 

red, near infrared, shortwave infrared 1 and 2) as well as the Normalized Vegetation Index (NDVI, Tucker 193 

(1979)) and the Enhanced Vegetation Index (EVI, Huete et al. (2002)).  194 

2.2.2 Synthetic Aperture Radar 195 

SAR data from the Sentinel-1 (S1) A and B constellation provides imagery in VV and VH polarization. Between 196 

the launch of S1B in 2016 and its failure in late 2021, the S1 constellation collected data in a 6-day interval 197 

between acquisitions from the same orbit over Europe. We derived 6-day interferometric coherence from 198 

Single Look Complex (SLC) data and the gamma naught backscatter coefficient (γ0) from Ground Range 199 

Detected (GRD) data. For the GRD scenes, calibration was applied to convert digital numbers to physically 200 

meaningful radar backscatter, followed by radiometric flattening, to correct for incidence angle effects and 201 

terrain induced illumination, yielding γ0 (Small, 2011). We selected a single relative orbit for each tile that 202 

covers all respective parcels (Figure 2). This selection ensured a consistent acquisition geometry for the time 203 

series. We chose only ascending orbits (afternoon local acquisition time) to minimize the impact of morning 204 

dew on the SAR acquisitions. All available scenes from March to October were accessed through the 205 

Copernicus Data and Exploitation Platform - Deutschland (CODE-DE; Benz et al. 2020) and the Copernicus data 206 

and information access service CREODIAS. The data were processed using the Sentinel Application Platform 207 

(SNAP) and the built-in Graph Processing Tool (GPT). A detailed description can be found in Lobert et al. (2021). 208 



 209 

Figure 2. Map of S1 relative orbits used for the different study areas. 210 

To process γ0, GRD data were first filtered for border and thermal noise, followed by calibration and 211 

radiometric flattening. A 3 × 3 boxcar filter was applied afterwards to reduce speckle before the images were 212 

terrain corrected and resampled to a 10 m spatial resolution that matched the optical data. Here, we used the 213 

Copernicus digital elevation model (DEM) GLO-30 (Copernicus 2023). Finally, the γ0 values were scaled to 214 

decibel range (dB). 215 

Interferometric coherence was derived by first updating exact orbit positions and co-registering each 6-day 216 

image pair using back-geocoding. We then calculated the coherence in a two pixel (azimuth) by ten pixel 217 

(range) window to obtain an approximately square pixel size. Finally, the coherence images were terrain 218 

corrected and resampled to a spatial resolution of 10 m based on the GLO-30. 219 

2.3 Algorithms 220 

In this exercise, a total of ten algorithms were compared, which were developed and published at different   221 

institutions (Table 2). Additionally, two algorithms (NINA_ML and TICNN) were tested with different input data 222 

(optical only and optical + SAR), so that we in total compared twelve predictions. To ease interpretation, the 223 

algorithms were assigned to different groups based on the technical concept (ML: machine / deep learning, 224 

RBA: rule-based) and input data domain i.e., optical (OPT) and SAR. A brief description of each algorithm and 225 

the settings used for this comparison exercise can be found in the supplementary material. 226 

  227 



Table 2. Overview of compared algorithms in MODCiX in alphabetical order. 228 

Institution Acronym Concep

t 

Input Spatial unit Reference 

Universität für 
Bodenkultur Wien  

BOKU RBA Optical Parcel  (Watzig et al. 2023) 

Walloon Agricultural 
Research Centre 

CRA RBA Optical Parcel unpublished 

German Aerospace 
Center 

DLR 
RBA Optical Pixel 

 (Reinermann et al. 

2023) 

EURAC Research EURAC RBA Optical Pixel unpublished 

National Institute of 
Geographic and Forest 
Information 

IGN 
ML 

Optical + 

SAR 
Parcel 

 (Garioud et al. 

2021) 

Norwegian Institute for 
Nature Research 

NINA_RBA RBA Optical Pixel unpublished 

NINA_ML 
ML 

Optical + 

SAR 
Pixel unpublished 

NINA_ML_OP

T 
ML Optical Pixel unpublished 

National Observatory 
of Athens 

NOA 
ML 

Optical + 

SAR 
Pixel 

 (Tsardanidis et al. 

2025) 

Thünen Institute 

TICNN 
ML 

Optical + 

SAR 
Parcel 

 (Lobert et al. 2021) 

TICNN_OPT ML Optical  Parcel  (Lobert et al. 2021) 

TIRBA 
RBA Optical Pixel 

 (Schwieder et al. 

2022) 

2.4 Evaluation 229 

All participating groups handed in their predictions of mowing dates for each reference geometry. The 230 

predictions were then related to the validation data based on the unique MODCiX IDs. All mowing dates that 231 

were reported in the reference data were compared to the predicted dates of mowing events, to identify true 232 

and false positives as well as false negative predictions. A predicted mowing event was considered correct if it 233 

was within a time frame of 12 days around the reported reference date, which matches the interval of two 234 



Sentinel-1 acquisitions and is comparable to the tolerance values used in Schwieder et al. (2022) and Lobert et 235 

al. (2021). Based on true and false predictions, the performance measures recall (producer’s accuracy; Eq. 1), 236 

precision (user’s accuracy; Eq. 2) and F1-Score (Eq. 3) were calculated per region, year, quality label and level of 237 

GLUI. Additionally, the mean absolute error (MAE) and the bias were derived for the number of predicted 238 

mowing events and the related dates. The latter statistic allows to assess the temporal offset between 239 

predictions and the corresponding reference events. 240 

𝑹𝒆𝒄𝒂𝒍𝒍 =
𝑻𝒓𝒖𝒆 𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆

𝑻𝒓𝒖𝒆 𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆 + 𝑭𝒂𝒍𝒔𝒆 𝑵𝒆𝒈𝒂𝒕𝒊𝒗𝒆
 

 

Eq. 1 

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 =
𝑻𝒓𝒖𝒆 𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆

𝑻𝒓𝒖𝒆 𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆 + 𝑭𝒂𝒍𝒔𝒆 𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆
 Eq. 2 

𝑭𝟏 𝒔𝒄𝒐𝒓𝒆 = 𝟐 ∗ 
𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 ∗ 𝑹𝒆𝒄𝒂𝒍𝒍

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 + 𝑹𝒆𝒄𝒂𝒍𝒍
 Eq. 3 

3 Results 241 

Since the results of the various combinations of input data, reference data quality methods used, years, 242 

regions, and usage intensities cannot all be shown in detail here, we also refer to the interactive web 243 

application (https://modcix.thuenen.de/), which allows for a differentiated visualization of all results. Here we 244 

focused on the general algorithm performances and selected exemplary subsets of the results. 245 

 246 

3.1 Overall performance evaluation 247 

The evaluation using reference data of all quality levels, regions, years and levels of GLUI revealed that all 248 

algorithms were within an F1-Score range from 0.55 to 0.74, while the difference between precision 249 

(overestimation of mowing events) and recall (omission of actual mowing events) varied amongst the 250 

algorithms (Figure 3 A). When only reference data with quality label 1 were considered, the performance 251 

ranking slightly shifted and the F1-Scores ranged from 0.56 to 0.71 (Figure 3 B). To ensure a meaningful 252 

analysis, only data of the best quality (level == 1) is shown further, unless otherwise specified. However, it is 253 

noteworthy that this subset of data substantially reduced the number of reference mowing events from 5324 254 

to 1559 and biased the analysis to a regional focus on Germany, Switzerland and Austria, with higher 255 

management intensities than average. 256 



 257 

Figure 3. Accuracy metrics considering all reference data (A) and only the best quality label (B). In each plot 258 

rule-based algorithms are on the left of the dashed line, the ones using machine learning on 259 

the right. The data domain is shaded in red for algorithms using optical (OPT) only and in 260 

blue when optical and SAR data (OPT_SAR) are used. 261 

In this overall evaluation, the algorithms that combined optical and SAR data showed the highest F1-Scores 262 

(NOA, TICNN). However, some approaches that only used optical data work comparably well (TICNN_OPT, 263 

NINA_RBA). Regarding the technical concept, the ML approaches achieved the overall highest F1-Scores 264 

(TICNN, NOA) but also here, most RBA procedures yielded only slightly worse results. Regarding the balance 265 

between precision and recall, we observed very narrow ranges for the DL algorithms NOA and TICNN but also 266 

for TIRBA. When evaluating the algorithms for each year individually, the rank patterns remained similar. 267 

However, in the year 2018, which was also the year with the least number of reported mowing events, all 268 

algorithms result in lower F1-Scores (Figure 4).  269 

A B 



 270 

Figure 4. Accuracy metrics per year considering reference data for all regions, levels of grassland use intensity 271 

and the best quality label. In each plot rule-based algorithms are on the left of the dashed line, the ones 272 

using machine learning on the right. The data domain is shaded in red for algorithms using optical (OPT) only 273 

and in blue when optical and SAR data (OPT_SAR) are used. 274 

 275 

3.2 Evaluation of regional and land use intensity subsets 276 

On a regional scale, when considering highest quality reference data for all years and grassland use intensity 277 

levels, F1-Scores ranged from 0 to 0.89 and differences between the individual regions can be observed (Figure 278 

5). It became evident that the filtered (high quality) reported reference events are not evenly distributed across 279 

regions as they ranged from 9 (DE_Lindhof) up to 720 (DE_Elbe). In regions with many reference events, the 280 

differences in accuracy metrics resembled the patterns observed for all regions together (Figure 3 A and B), 281 

with somewhat higher accuracies and less variations between precision and recall for ML algorithms that made 282 

use of deep learning such as IGN, NOA and TICNN. It was noticeable that the inclusion of SAR data in the latter 283 

did not consistently lead to higher accuracies. However, in the Elbe region we observed a strong positive 284 

influence of the inclusion of SAR data. Overall, accuracy values showed higher variation in regions for which 285 

only a few reference data were available. In the test sites in Lindhof, Elbe, and Vaesterbottens we observed low 286 

precision metrics for most of the algorithms, indicating the overprediction of mowing events. It is worth noting 287 

that in these regions, the accuracy of ML algorithms also showed high variation. 288 



 289 

Figure 5. Accuracy metrics per region considering reference data for all years, grassland use intensity levels 290 

and the highest quality label. In each plot rule-based algorithms are on the left of the dashed line, the ones 291 

using machine learning on the right. The data domain is shaded in red for algorithms using optical (OPT) only 292 

and in blue when optical and SAR data (OPT_SAR) are used. 293 

Considering all years and regions with extensive, moderately intensive, or intensive grassland use the F1-Scores 294 

ranged between 0.42 and 0.68 (GLUI 1), 0.54 and 0.81 (GLUI 2) and 0.47 and 0.81 (GLUI 3). The results showed 295 

that most algorithms performed more reliable in the moderately and intensively used grasslands and had a 296 

higher error of commission in the extensively managed regions compared to the moderately and intensively 297 

used regions in which precision was higher than recall for all algorithms (Figure 6).  298 



 299 

Figure 6. Accuracy metrics per grassland use intensity (GLUI) class considering reference data for all years, 300 

regions and the highest quality label. In each plot rule-based algorithms are on the left of the dashed line, 301 

the ones using machine learning on the right. The data domain is shaded in red for algorithms using optical 302 

(OPT) only and in blue when optical and SAR data (OPT_SAR) are used. 303 

3.3 Timing and number of mowing events 304 

The actual number of predicted mowing events deviated for all algorithms, except for CRA and NINA_ML_OPT, 305 

by an average of around one predicted event. There was no clear bias pattern observable, neither between 306 

methods nor input data used. The results showed that NINA_RBA, TIRBA, NOA, TICNN and TICNN_OPT had a 307 

bias close to zero, indicating that these algorithms did on average not systematically under- or overpredict, 308 

considering reference of highest quality for all levels of grassland use intensity (Figure 7 A). The prediction 309 

dates of the mowing events aligned generally well with the distribution of reference dates. We found that most 310 

of the RBA algorithms, apart from DLR and NINA_RBA, had a positive bias of about 2-3 days, while the ML 311 

algorithms, except for NINA_ML, had a smaller negative bias of about 1-2 days (Figure 7 B). The mean absolute 312 

error ranged from 3.14 to 4.13 days.  313 



                 314 

Figure 7. Difference in predicted number of mowing events (A) and positive / negative MAE values (related 315 

to zero) and bias for the difference in days from the true positive predictions (B). Reference data for all years, 316 

regions and the highest quality label are considered. In each plot rule-based algorithms are on top of the 317 

dashed line, the ones using machine learning at the bottom. The data domain is shaded in red for algorithms 318 

using optical (OPT) only and in blue when optical and SAR data (OPT_SAR) are used. 319 

4 Discussion 320 

We compared the performance of ten mowing detection algorithms (twelve with input data variations) across 321 

five years and various grassland regions in Europe. All predictions were made based on a common set of 322 

satellite input data that were available for all participants, to minimize effects of data preprocessing on the 323 

generalizability assessment. The exercise showed that in general all algorithms were transferable but with 324 

difference in performance. The observed differences were related to two general boundary conditions: (i) land 325 

use and environmental factors, and (ii) data and algorithms. Both are to a certain degree interrelated, because, 326 

e.g., preprocessing or development and training of the algorithms have been parameterized to match the 327 

conditions of a given test site or region. 328 

4.1 Differences in performance between method and data domains 329 

Overall, the differences in accuracy metrics between the different tested methods and data domains did not 330 

show clear patterns that would allow a decision to be made in favor of one group (ML vs. RBA; OPT vs. 331 

OPT+SAR) or the other. However, in most comparisons (e.g., by year, intensity, region), the highest F1 scores 332 

came from the group of ML models, with the deep learning-based approaches NOA and TICNN standing out in 333 

particular. Still, the difference to other RBA or ML models was usually small. Moreover, the ML algorithms 334 

mostly showed narrower ranges between precision and recall compared to the RBA. Exceptions where can be 335 

inferred. In the regions Riswick and Lindhof, with only a few reported mowing events, ML algorithms clearly 336 

outperformed RBA at the cost of lower recall. In the 2017 RBA slightly outperformed ML methods.  337 

Even though the comparison is not straightforward, we found that on average the ML performance metrics did 338 

not reach the level of the respective original publications. For example, Tsardanidis et al. (2025) and Lobert et 339 

al. (2021) reported F1-Scores of up to 0.84 but did overall not exceed 0.74 and 0.71 in this study (quality label 340 



1, GLUI 1-3). The tested RBA approaches were on the other hand comparable to and even exceeded the results 341 

reported in the related publications by Reinermann et al. (2023), Watzig et al. (2023) and Schwieder et al. 342 

(2022), underlining their overall generalizability to other years and regions.  343 

The joint use of SAR and optical data is straightforward within machine learning frameworks, whereas rule-344 

based approaches combining both data domains are rare. As only rule-based algorithms that rely on optical 345 

alone were available for comparison, the effects of the method and data domain cannot be fully disentangled. 346 

We therefore included two optical only machine learning model setups, NINA_ML_OPT and TICNN_OPT, which 347 

differed from their original setup only by the exclusion of SAR inputs. The results revealed a model-dependent 348 

effect of removing SAR data. While NINA_ML_OPT showed a consistent and notable decrease in performance, 349 

TICNN_OPT using optical data only showed a slight increase in accuracy. This unambiguous behavior is 350 

consistent with previous studies reporting mixed findings regarding the benefit of including SAR data. Several 351 

studies highlight improved performance or transferability when combining SAR and optical observations 352 

(Lobert et al. 2021; Holtgrave et al. 2023; De Vroey et al. 2021, 2022), whereas Reinermann et al. (2022) 353 

observed limited or even negative effects due to increased false detections. A plausible explanation for the 354 

limited contribution of SAR data in this comparison exercise is that mowing events induce strong and rapid 355 

changes in vegetation greenness and canopy structure, which are directly captured by dense optical time 356 

series, while SAR-base signals respond more indirectly and are additionally influenced by soil moisture, surface 357 

roughness, and observation geometry including local terrain slope and aspect. Although we applied radiometric 358 

terrain correction as proposed by Small (2011), uncertainties arising from slope and aspect differences cannot 359 

be ruled out. Moreover, differences in spatial resolution, acquisition geometry, and temporal sampling 360 

between SAR and optical sensors may introduce additional variability when both data domains are jointly used 361 

in machine learning-based models, thereby reducing the effective information gain from SAR features. Our 362 

findings therefore suggest that the added value of SAR data is strongly context dependent. SAR inputs are likely 363 

most beneficial in situations where optical time series are severely affected by cloud cover or where optical 364 

information alone is insufficient to capture management events, whereas under conditions of dense and high-365 

quality optical observations, gains from additional sensor types like SAR may be limited. These results should 366 

not be interpreted as SAR data being generally uninformative but rather underline the importance of context 367 

specific sensor selection and consideration of model capacity and feature redundancy. 368 

4.2 Performance differences across levels of grassland use intensity and regions 369 

Overall, our results suggest that all algorithms generalized well, however, the results differed when the 370 

predictions were compared between different grassland use intensities. We observed that predictions in rather 371 

extensively used grassland areas (GLUI 1) led to lower F1-Scores with higher recall values, but considerably 372 

reduced precision values compared to intensively used grassland areas (GLUI 3). For those intensively used 373 

areas, we observed overall higher F1-Scores and, in particular, high precision values across all approaches. This 374 

pattern of accuracy metrics suggest that all algorithms only slightly overestimate mowing activity, but on the 375 

other hand miss relevant mowing events, as indicated by a reduced recall compared to GLUI 1. We observed 376 

this pattern in most regions and for both deep learning and rule-based algorithms. When considering all 377 

regions and years together, rule-based algorithms showed overall better performances in intensively used 378 

grassland areas than most deep learning algorithms, except for the IGN algorithm that outperformed all other 379 

algorithms (GLUI 3). One explanation for this finding could be the combined approach of the IGN method that 380 

uses deep learning to integrate optical and SAR data before applying decision rules to identify mowing events. 381 

This allows for an optimization of a dense satellite time series, which could be particularly advantageous for 382 

detecting mowing events that occur in quick succession on intensively used grassland areas. The overall higher 383 

accuracy of optical RBA approaches in intensively managed regions also supports the assumption that SAR data 384 

introduces noise in the model that negatively affects accuracy (Reinermann et al. 2022). 385 

The higher error of commission (low precision) in extensively used grasslands might be due to differences in 386 

specific grassland traits such as plant vigour, species composition and less distinct biomass removal events in 387 



comparison to intensively used grassland areas. These differences in grassland traits might lead to less 388 

pronounced spectral-temporal patterns, which makes the model-based differentiation of mowing events more 389 

complicated. Holtgrave et al. (2023) and Lobert et al. (2021) reported similar patterns of overestimation of 390 

mowing events on extensively used meadows and both accounted it to the longer grass on less-cut grasslands 391 

being more prone to weather events (hail, storm, drought) potentially resembling mowing events and non-392 

reported grazing events on mixed-use grasslands. De Vroey et al. (2023) have shown that it is possible to 393 

differentiate both grassland types on a regional scale using remote sensing. Even though the differentiation of 394 

pastures and mown grasslands was not subject to this work and not feasible based on the available reference 395 

data, we highlight its importance for a holistic impact assessment of grassland management on which future 396 

research should focus. 397 

We evaluated the algorithm performance across a broad environmental gradient in Europe, covering diverse 398 

regions. For example, our study included Eastern France with its varied topography, river valleys, hills, and 399 

plateaus or Southern France, with the Pyrenees mountains. But also, regions with maritime temperate climate 400 

like the Wallonian grasslands in Belgium, alpine areas in Austria and Switzerland (where most algorithms 401 

performed particularly well), and northern regions like Estonia and Sweden were included. The observed 402 

accuracies were mostly consistent between the dry and warm conditions of Southern France and the cooler 403 

Nordic climates, which suggests a general robustness of the algorithms to climatic or topographic gradients. 404 

Covering such large areas was only possible, however, with reference data of all quality levels. Yet parts of 405 

Europe with unique biogeographical regions and substantial shares of agricultural grasslands such as the United 406 

Kingdom, the Pannonian Basin and the Mediterranean could not be included in this study at all. 407 

4.3 The role of reference data 408 

The basis for the mowing detection comparison exercise was the compilation of a unique reference dataset on 409 

mowing events. Differences in data formats, temporal resolution, and spatial context required harmonization 410 

and methodological decisions. For instance, reference events from webcam interpretation were linked to 411 

parcels, which introduces spatial uncertainties (Reinermann et al. 2023; Weber et al. 2024). Moreover, there 412 

are inconsistencies in the temporal reporting schemes. Some sources reported mowing periods rather than 413 

specific dates, which required to average intervals to a single date, which adds temporal uncertainty (De Vroey 414 

et al. 2023) and can influence the performance metrics. Although ideally all reference data records should be 415 

complete and correct, events can be missing due to underreporting of mowing events or, e.g., partial mowing 416 

of meadows (Watzig et al. 2023). These deficiencies in the reference data  led to patterns where all algorithms 417 

showed high recall but low precision as can be seen for example for Västerbottens, Sweden (see Figure 5). To 418 

account for those issues, we assigned quality labels to the reference data depending on their assumed 419 

reliability. However, even highest quality reference data still cannot guarantee absolute accuracy due to 420 

inherent limitations in the methods. For instance, the manual interpretation of satellite-based time series is 421 

directly influenced by the availability of clear sky observations and is subjectively dependent on the decision of 422 

the image interpreter. Field surveys or farmer reports may be affected by reporting biases or subjective 423 

interpretations of what constitutes a mowing event. In practice, several factors can have an impact on 424 

reporting on a field scale and also on the remote sensing signal, e.g., partial harvesting, surrounding field work 425 

like ploughing or haymaking or grass laying down to dry for. Given the uncertainties in the reference data, the 426 

actual accuracies of the algorithms could even be higher than reported here. 427 

By using only highest quality reference data for the main evaluation, we were forced to reduce the number of 428 

usable parcels and restricted the analysis to fewer regions and years. Thus, it is critical to keep on collecting 429 

high-quality reference data and making them available to the community following FAIR (Findability, 430 

Accessibility, Interoperability, and Reuse) data sharing standards (Wilkinson et al. 2016). Future work should 431 

aim to collect further high-quality reference data, for which citizen science approaches and extended calls for 432 

data collection could develop an untapped potential. Such data sets do not only allow a more generalized 433 

training of newly developed models but also refining existing approaches and independently evaluating area-434 



wide national (Reinermann et al. 2023; Schwieder et al. 2022; Weber et al. 2024) and transnational (Copernicus 435 

Land Monitoring 2024) grassland use intensity products that become more frequently available.  436 

Furthermore, while splits with 70 to 80% of the available samples for training are common (Joseph 2022), we 437 

only used 30% per region provided in this study to enable a meaningful evaluation with sufficient samples. 438 

More training data will therefore be beneficial for future optimization and probably even further increase the 439 

generalizability of the ML models. 440 

4.4 Future directions 441 

4.4.1 Data availability 442 

Our results showed that several remote sensing-based algorithms for the detection of mowing events exist that 443 

can be applied under different environmental and management conditions. The developments of the recent 444 

years were driven by the availability of dense time series of satellite data and technical advancements in 445 

models and computational performance (Reinermann et al. 2020) as well as by the increasing demand of area-446 

wide management information for policy monitoring and impact assessment. The current exceptional 447 

constellation of even three Sentinel-2 and two Landsat satellites in orbit, provides unprecedented availability of 448 

dense time series with potentially global coverage. The accuracy and spatial detail of mowing event detection 449 

might even advance, when data from planned future satellites, such as Sentinel-2 NG and Landsat Next, with 450 

enhanced spectral, temporal and spatial resolution, are available. Especially, the combined use of data from 451 

different satellite sensors and systems might help to overcome temporal mismatches between actual 452 

management activity and overflight intervals, as the availability of clear sky observations varies throughout the 453 

season and across regions (Lewińska et al. 2024). Our study did not compare alternative pre-processing 454 

routines and analysis ready datasets. Although analysis ready data processed with FORCE (Frantz 2019) appear 455 

to be effective for mowing detection, it is worth exploring whether other products with alternative cloud 456 

masking and sensor harmonization like HLS (Masek et al. 2021) are comparable for mowing detection. In 457 

parallel with optical data developments, recently launched SAR missions like NISAR (Kellogg et al. 2020) will 458 

provide L-band (global) and S-band (South Asia only) data. Those longer wavelengths come with increased 459 

canopy penetration ability and may provide complementary information to the C-band data commonly used for 460 

grassland monitoring (El Haji et al. 2019). 461 

4.4.2 Spatial detail 462 

An improved spatial resolution of optical and SAR products will likely minimize the influence of mixed-pixel 463 

effects at parcel boundaries and enable to better distinguish heterogenous management within individual 464 

parcels. This effect is particularly relevant for all pixel-based algorithms that have the advantage of being 465 

applicable everywhere and are not restricted to regions where parcel boundaries are available. In this study, 466 

we aggregated all predictions to the provided or defined spatial units, assuming that they were homogeneously 467 

managed. As this assumption does not always hold true, it should be considered to approximate spatial 468 

boundaries of homogeneously managed fields, e.g., by segmentation of remote sensing data (Tetteh et al. 469 

2021; Tetteh et al. 2023). For most decision support and reporting tools, however, this constraint might be less 470 

problematic, as spatial boundaries matching the actual management activities are usually available.  471 

4.4.3 Deep learning advances 472 

The increasing availability and rapid advancement of deep learning applications will most likely also lead to new 473 

developments in the grassland focused remote sensing community. Recent developments in semi-supervised 474 

machine learning indicate that pre-trained foundation models may have the potential to increase our capacity 475 

to assess grassland use intensity. Earth observation foundation models like published by Szwarcman et al. 476 

(2024) are transforming how we approach mapping tasks, as these models learn from massive, unlabeled 477 

datasets through self-supervised methods, capturing the multi-sensor and multi-temporal patterns inherent in 478 



the Earth's surface dynamics. Due to the usual scarcity of reference data, we identify the detection of mowing 479 

events as an interesting use case to test the applicability of foundation models. 480 

4.4.4 Applications and uncertainties 481 

Besides these technical improvements, it is noteworthy that satellite-based grassland use intensity metrics are 482 

of high relevance for follow-up studies. Spatially explicit information on grassland use intensity has for example 483 

been used to assess the impact of grassland management on biodiversity using ecological indicators (Weber et 484 

al. 2024), specific taxa such as butterflies (Kasiske et al. 2024), butterflies and grasshoppers (Fumy et al. 2023) 485 

and wild bees (Hellwig et al. 2022). Such data further allow to integrate approximated grassland management 486 

schemes in greenhouse gas emission models (Rösemann C. 2025) and use it for grassland yield estimations 487 

(Klingler et al. 2025; Reinermann et al. 2025). However, for such downstream applications, among others, the 488 

provision of a spatially explicit uncertainty layer would be beneficial to account for the uncertainties of mowing 489 

event predictions. Even though some approaches provide approximate estimates of prediction uncertainty 490 

based on time series characteristics (Reinermann et al. 2022; Schwieder et al. 2022), we recommend improving 491 

such information and making it a standard. Recent advances in probabilistic machine learning, such as 492 

conformal prediction (Singh et al. 2024) make pixel-level uncertainty estimation possible.  493 

5 Conclusion 494 

The Mowing Detection intercomparison Exercise enabled an in-depth analysis of the performance of ten 495 

independent algorithms, which were developed to identify mowing events in time series of satellite data. The 496 

algorithms were evaluated based on an unprecedented set of harmonized grassland mowing event reference 497 

data from various regions in eight different European countries and a uniform set of satellite data. While all 498 

algorithms worked generally well when applied to independent data (e.g., from regions and years for which 499 

they were not specifically developed), the most consistent performances were reached by algorithms from the 500 

domain of machine learning, with narrower ranges between precision and recall compared to rule-based 501 

approaches. Regarding the data domain, the results do not confirm a consistently positive influence of the 502 

combined use of optical and SAR data in the prediction of mowing events, as patterns were indifferent for the 503 

tested subsets (e.g., grassland use intensity classes, regions). Overall, we observed an upper limit to algorithm 504 

performance despite the usage of diverse, innovative and state of the art methods. This finding might indicate 505 

a limitation in the current freely available global optical and radar Earth observation systems for the detection 506 

of events with a narrow time window, such as grassland mowing. This limitation may be overcome with the 507 

continuation and further expansion of existing missions (e.g., Sentinel-2 Next Generation, Landsat-Next) and 508 

the inclusion of future Earth Observation missions for the generation of multi-constellation, high spectral and 509 

temporal resolution satellite data archiving and processing facilities. The comparison exercise highlights the 510 

critical need for a representative set of high-quality reference data, which accounts for regional environmental 511 

differences in the training process. Only such data enable the independent validation of increasingly frequently 512 

available area-wide supra-regional, national, or transnational products. With MODCiX we set the starting point 513 

for an international collaboration that fosters the collection and FAIR provision of independent benchmark data 514 

on grassland use intensity. We encourage further contributions and the expansion of the dataset to include 515 

data on grassland use and management, i.e., grazing intensity, fertilization, and parameters such as 516 

biomass/yield and quality (e.g., protein content). While this comparison exercise had a focus on the estimation 517 

of mowing frequencies on meadows, we stress the need to include pastures for a holistic assessment of 518 

grassland use intensity. 519 

Data availability statement 520 

The results of the comparison study can be interactively explored in a Shiny-App on this webpage:  521 

https://geo-masc.shinyapps.io/modcix_evaluation/. A R-Notebook with code examples used for the 522 

https://geo-masc.shinyapps.io/modcix_evaluation/


comparison can be accessed through this GitHub repository: https://github.com/geo-masc/modcix. All satellite 523 

data used for this comparison exercise can be made available through a S3 bucket upon request. We encourage 524 

all interested parties to contact us if they would like to test their own algorithms against the benchmark data 525 

set. The reference data used are, due to data ownerships, subject to different terms and conditions. All data for 526 

which open licenses apply can be accessed through this Zenodo repository: 10.5281/zenodo.18834294. This 527 

work includes data elaborated by several projects of the Biodiversity Exploratories program (DFG Priority 528 

Program 1374). The related datasets are listed in the references section. 529 
  530 
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Supplementary material 553 

Supp. 1 Description of algorithms 554 

BOKU 555 

The approach is based on a rule-based algorithm developed in Watzig et al. 2023.  This rule-based cut detection 556 

method was developed for Austrian forage production systems and can be used for both post-season and in-557 

season cut detection. The method uses Sentinel-2 (S2) imagery, where cuts are identified by a threshold-based 558 

comparison between the fitted NDVI curve and the observed NDVI values, with several additional 559 

preprocessing steps to limit the influence of cloud cover. The fitted NDVI curve is obtained by iteratively 560 

smoothing the upper envelope of the actual observations (Griffiths et al., 2020) using the Whittaker smoother 561 

and represents the theoretical NDVI of a plot when grass is present and uncut for the entire observed time 562 

series. Out-of-season cut detection is performed at the end of the growing season where full annual time series 563 

are available. In-season mowing detection is applied to detect mowing events in near real time. The approach 564 

was intensively validated on 502 plots from 2020, 2021 and 2022 across Austria, resulting in a cut date 565 

detection f-score of 0.79 and an absolute error of 4.6 days. 566 

Watzig, C., Schaumberger, A., Klingler, A., Dujakovic, A., Atzberger, C., & Vuolo, F., 2023. Grassland cut 567 

detection based on Sentinel-2 time series to respond to the environmental and technical 568 

challenges of the Austrian fodder production for livestock feeding. Remote Sensing of 569 

Environment, 292, 113577. https://doi.org/10.1016/j.rse.2023.113577 570 

 571 
  572 

https://doi.org/10.1016/j.rse.2023.113577


CRA 573 

The mowing detection algorithm utilizes NDVI data derived from Sentinel-2 and Landsat satellites. NDVI values 574 

are averaged at the plot level for each satellite acquisition date, forming time series data for each plot. These 575 

time series are analyzed based on four conditions, which, when all met, indicate a mowing event. The four 576 

conditions are as follows: 577 

1) NDVI value at time t-1 greater than 0.35: This condition ensures that vegetation is sufficiently developed 578 

before mowing. A value above this threshold indicates dense vegetation prior to the event. 579 

2) NDVI value at time t less than 0.8: This threshold verifies that the vegetation has been significantly reduced, 580 

as would be the case after mowing. A value below 0.8 indicates that the grass is relatively low, consistent with 581 

post-mowing conditions. 582 

3) NDVI value at time t is lower than the NDVI value at t-1 multiplied by a factor dependent on the time gap 583 

between t and t-1: This condition assesses whether the NDVI drop between t and t-1 is significant enough to 584 

suggest mowing. The factor accounts for the number of days between t and t-1, with steeper NDVI drops 585 

expected over shorter time intervals. As the time gap increases (up to a maximum of 60 days), the expected 586 

NDVI slope decreases, accounting for potential regrowth of the grass. 587 

4) NDVI value at time t must be lower than the median NDVI values of grasslands in the same region at that 588 

date, with regions defined by grouping grasslands monitored by the same institution. This condition helps 589 

distinguish mowing from drought conditions. During a drought, the NDVI signals of grasslands across a region 590 

tend to decrease uniformly. By comparing the NDVI of a plot with the regional median, the algorithm avoids 591 

false detections related to widespread environmental factors like drought. 592 

After detecting mowing events, a final filtering step is applied to retain only those events that are spaced more 593 

than 20 days apart, ensuring that rapid successive mowing events are not erroneously counted multiple times. 594 

 595 
  596 



DLR 597 

The DLR mowing detection algorithms was published by Reinermann et al. (2022 & 2023) and has been applied 598 

to detect mowing events across Germany from 2018-2024 as of now. The data sets on annual mowing 599 

frequency and timing of the first mowing event per year are openly accessible on the DLR-EOC Geoservice 600 

website (https://geoservice.dlr.de/web/datasets/agriculture).  601 
The algorithm relies on the observed abrupt decrease of the Enhanced Vegetation Index (EVI) accompanying a 602 
grassland mowing event, followed by an EVI increase. It operates per pixel including the Sentinel-2 EVI time 603 
series of an entire vegetation growth period of March to November. Negative EVI values are filtered out as they 604 
are usually not associated with vegetated surfaces. Pixel-based EVI time series are afterwards linearly 605 
interpolated to obtain daily information. Then, the EVI time series are pre-processed with a Savitzky–Golay 606 
filter, with a window length of 31 days and a polynomial fit of order two, to minimize small fluctuations. All 607 
analyses are restricted to areas that are defined as grasslands according to the Copernicus Grassland High 608 
Resolution Layer of 2018. 609 
 610 
The algorithm was developed and calibrated based on continuous observations of multiple grasslands in 611 
southern Germany and consists of an applied rule set.  First, local minima within the pre-processed EVI pixel 612 
time series are located. Second, the EVI of the local minimum is compared to the EVI of the closest previous 613 
local maximum, whereby the EVI difference needs to exceed a threshold of 0.07. Third, the EVI needs to 614 
increase by at least 0.02 after the local minimum. Once these rules apply, a mowing date is placed at the 615 
average date between the local maximum and local minimum to minimize a potential offset in the detection. 616 
The EVI performed best among eight tested optical and SAR based features and feature combinations. In 617 
addition, an uncertainty layer was developed which is based on information about optical data availability as 618 
well as the gradient of the EVI decrease for detected mowing events (Reinermann et al. 2022).    619 



EURAC 620 

 621 
The approach primarily follows the concept of (Schwieder et al. 2022) who used an annual timeseries to 622 
identify mowing events by comparing actual values to an idealized grassland growth curve together with a rule-623 
based mowing detection approach. This pixel-based mowing detection concept has been modified to include a 624 
phenology-adapted growth curve and adjustments to the rules, to better account for significant variations in 625 
seasonality, cloud conditions and data availability in mountain environments. First, all non-masked satellite 626 
acquisitions are selected between March and November with NDVI values within a realistic data range (0-1). To 627 
exclude potentially missed clouds and cloud shadows, pixels with very low (< 0.1) or very high (> 0.15) blue 628 
band values are additionally masked. Sentinel-2 data is prioritised due to its higher spatial resolution when 629 
Landsat and Sentinel images are acquired on the same day. Next, all local maxima of the NDVI timeseries are 630 
derived and used as vertices to fit linear segments to the NDVI timeseries. Thereby, only those maxima that 631 
increase from the beginning and from the end towards the absolute maximum of the timeseries are 632 
considered. Then, residuals between the idealized growth curve and actual NDVI values are calculated. Several 633 
conditions are used to identify potential mowing events: 634 

 mowing dates are restricted to April – October and can only occur once the vegetation has reached 635 
80% of the maximum NDVI  636 

 each mowing date is indicated by a strong NDVI decrease between consecutive values (0.10) before 637 
the maximum residual 638 

 one of the following three conditions must be fulfilled:  639 

 two consecutive residual values of > 0.15 640 

 one residual value of > 0.25 that cannot recover within 7 days  641 

 one residual value of > 0.15 followed by a recovery residual value afterwards (> 0.05) 642 
Potential mowing events that occur within 21 days are excluded based on the number of consecutive residuals 643 
exceeding the threshold (0.15). Individual mowing dates are summarized to counts of mowing events. For the 644 
comparison exercise, pixel-based mowing information is converted to the field level, by counting the number of 645 
pixels of each mowing date detected across all mowing events. These values are summarized within a temporal 646 
window of 21 days and labeled as mowing dates when exceeding 50% of the entire parcel.   647 
 648 

  649 



IGN 650 

This algorithms extends the method proposed by (Garioud et al. 2021) and consists of two stages. The first 651 

reconstructs NDVI time series from radar data using a deep learning model. The second applies a rule-based 652 

algorithm to detect mowing events in a blended NDVI time series, combining observed NDVI (from optical 653 

images) and predicted NDVI (from radar-derived estimates) depending on data availability. 654 

The deep learning model takes as input a sequence of 41 Sentinel-1 radar images and predicts a corresponding 655 

sequence of 41 NDVI values. Each radar image is paired with the closest-in-time NDVI value derived from 656 

Sentinel-2 optical data, computed as the parcel-level mean. If no optical observation is available within a 3-day 657 

window, a placeholder value of 0 is assigned and masked during loss computation. A temporal mask flags such 658 

entries, ensuring they are ignored during training. If fewer than 41 radar images are available for a given parcel, 659 

zero-filled placeholders are appended, with corresponding mask entries applied. 660 

The model architecture includes: 661 

1. A CNN-based encoder applied independently to each 64×64 radar image, producing a 256-dimensional 662 

feature vector per image. 663 

2. Two bidirectional LSTM layers operating on the sequence of encoder outputs, generating a 256-664 

dimensional context vector for each of the 41 time steps. 665 

3. A decoder composed of fully connected layers with ReLU activations, applied independently to each 666 

time step to produce NDVI estimates. 667 

To improve sensitivity to NDVI dynamics relevant for mowing detection, the loss function combines mean 668 

squared error (MSE) and a correlation-based metric (COR) that emphasizes curve shape similarity. The final 669 

loss, denoted MSECOR, is the sum of MSE and COR. The model is trained on 4119 parcels from the dataset, 670 

with 150 parcels each reserved for validation and testing. The final test MSE is 0.0697. 671 

Mowing detection is then applied to both observed and predicted NDVI time series. Optical NDVI is prioritized; 672 

however, in cases where cloud cover causes a temporal gap superior to 15 days, detection is performed on the 673 

radar-predicted NDVI instead. Mowing events are identified by detecting periods of continuous NDVI decrease. 674 

If the cumulative NDVI drop within such a segment exceeds a predefined threshold, a mowing is assigned to the 675 

interval between the two dates with the steepest decline. 676 

 677 



NINA 678 

NINA developed both a rule-based algorithm (RBA) and machine learning (ML) algorithm. The ML algorithm 679 
was tested with optical and SAR data together, and optical alone, so that the results were more comparable 680 
with the RBA which relied on optical data alone. 681 
 682 
NINA RBA 683 
 684 
The NINA algorithm detects mowing events by identifying sudden declines in vegetation index values, 685 
specifically when the difference in Normalized Burn Ratio (NBR) between two consecutive observations drops 686 
below a calibrated threshold. To ensure ecological realism, a recovery threshold is applied so that at least 20 687 
days must pass between two predicted mowing events, and predictions are restricted to the valid mowing 688 
season between day-of-year 75 and 300. 689 
To arrive at the final set or parameters, we tested a range of inputs and rule sets using the MODCiX training 690 
reference data to optimize the approach. We tested time series of both the NBR and Enhanced Vegetation 691 
Index (EVI). Performance was assessed by comparing predicted and reference events using a ±12-day tolerance 692 
window, allowing for the calculation of recall, precision, F1 score, and mean absolute error. After an extensive 693 
grid search over multiple index types, temporal resolutions, and parameter values, the final configuration 694 
selected NBR as the index of choice, a 20-day recovery threshold, and year-specific mowing thresholds. The 695 
final mowing thresholds used were –0.14 for 2017 and –0.10 for the years 2018 through 2021.  696 
 697 
NINA ML 698 
 699 
The NINA machine learning approach uses a supervised classification based on Random Forests. The method 700 
leverages both optical and synthetic aperture radar (SAR) Earth observation data from the MODCiX dataset, 701 
including vegetation indices (EVI, NBR), near- and shortwave-infrared reflectance, and SAR backscatter (BVV, 702 
BVH, CVV, CVH) at weekly resolution. Mowing events were labeled by associating satellite observations with 703 
reference mowing dates within a temporal tolerance of ±10 days. Features included raw reflectance values, 704 
vegetation indices, spatial coordinates, and a comprehensive set of temporal derivatives (lags, leads, 705 
differences, rates, and rolling statistics) for each spectral band. Separate models were trained for optical-only 706 
and combined optical–SAR data, with performance evaluated through cross-validation on temporally and 707 
spatially disjoint parcels using precision, recall, and F1 scores within a 12-day tolerance. The final model, 708 
trained on all labeled data using 200 trees, was applied to unseen test parcels to predict the day-of-year of 709 
mowing events at the parcel level. 710 
 711 

  712 



NOA 713 

This deep learning algorithm, presented by Tsardanidis et al. (2025), synergistically utilizes optical and SAR 714 

satellite image time-series (SITS) data from the Sentinels constellations for mowing event detection. The 715 

methodology is based on an initial NDVI gap-filling algorithm and employs a supervised-learning neural 716 

network architecture combining sequential CNN and LSTM blocks to analyze NDVI and SAR (backscatter 717 

coefficients and interferometric coherence, computed in both VV and VH polarization modes) time series 718 

at the pixel level. All input data time series should first be linearly interpolated to a fixed size (i.e., 6-day) 719 

temporal resolution for the entire evaluation period or a cultivation year.  Once imported into the model, 720 

the data is initially processed by a convolution block (CB). This block consists of N (here: 5) parallel and 721 

independent one-dimensional convolutional branches (Conv1D), each corresponding to an input channel. 722 

Each Conv1D branch includes max pooling and dropout modules, followed by a set of fully connected (FC) 723 

layers and a rectified linear unit (ReLU) activation function. The CB reduces the impact of noise from the 724 

input data and extracts meaningful features for the following layers. Subsequently, the N resulting feature 725 

maps are concatenated along the channel dimension and fed into an encoder-decoder block (EDB) with bi-726 

directional LSTM modules. These modules process sequences in both forward and backward directions, 727 

capturing temporal context from past and future time steps. The EDB outputs are then passed through a 728 

series of FC layers. The entire structure concludes with a sigmoid activation function, producing an output 729 

time series of logits that represent the likelihood of a mowing event occurring at each timestamp. For the 730 

training of the model, binary labels were crafted, indicating the presence or absence of a mowing event. 731 

More specifically, value 1 corresponded to the closest timestamp to the annotated mowing event based 732 

on actual ground truth labels. Finally, the output pixel results were aggregated at the reference parcel 733 

level based on the temporal distribution of the inferred pixel values within the parcel boundaries. 734 

 735 

  736 



TICNN 737 

This mowing detection method published by Lobert et al. (2021) uses parcel-level median-aggregated time 738 

series from Sentinel-1, Sentinel-2, and Landsat 7/8/9. NDVI, interferometric coherence (VV and VH), and 739 

backscatter cross-ratio (CR) are used as input features. Time series are resampled to a 6-day interval as given by 740 

Sentinel-1, smoothed using a Savitzky-Golay filter (order 5, length 7), and normalized to a 0–1 range per parcel 741 

and year. 742 

To prepare the data for classification, a moving window approach is applied. Each time series is segmented into 743 

overlapping sequences of 11 observations (±5 time steps around the center), covering 66 days. The window is 744 

shifted in 6-day steps so that each observation appears as the center point of one sequence. Sequences are 745 

labeled as “mown” or “not mown” depending on whether a mowing event occurred at or just before the center 746 

date. 747 

A one-dimensional convolutional neural network (1D-CNN) is used to classify each sequence. The model 748 

architecture includes two convolutional layers with 128 and 256 filters (kernel sizes 5 and 3), followed by batch 749 

normalization, ReLU activations, global average pooling, and a final sigmoid-activated output neuron for binary 750 

classification. The model is trained using binary cross-entropy loss and the Adam optimizer (learning rate 1e-4). 751 

To address class imbalance due to the relatively rare mowing events, random oversampling is applied to the 752 

training set. 753 

After the classification, consecutive positive predictions are grouped, and the mean dates of each cluster are 754 

selected as the final predicted mowing events for the parcel. 755 

 756 
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TIRBA 758 

This rule-based algorithm was published by (Schwieder et al. 2022) and makes use of combined time series of 759 

the Enhanced Vegetation Index (EVI, Huete et al. (2002)) derived from Sentinel-2 and Landsat data. Data gaps 760 

are not interpolated but remain in the time series. After several peak values are identified in a defined 761 

grassland season, values between these vertices are estimated based on linear interpolation for each clear sky 762 

observation in the time series. Then the residuals between this assumed undisturbed phenology and the actual 763 

observations is calculated. If the residuals exceed a threshold, which is defined for each pixel as the mean value 764 

of all absolute residuals within the defined grassland season, the observation qualifies for the next rule to be 765 

applied. This rule checks the delta y between two consecutive events, which must exceed the standard 766 

deviation of the EVI time series, to account for the regional variability in land surface phenology. It is further 767 

defined that mowing events must be at least 15 days apart from each other. Finally, are predicted mowing 768 

events excluded that are followed by unnaturally quick regrowth, i.e., ΔY larger than a user defined fixed 769 

threshold (here: 0.15) within 5 days. The algorithm is run for each pixel individually for which the day of year 770 

(DOY) when a mowing event was detected is saved. For the comparison exercise the results were aggregated 771 

based on a temporal histogram of all pixels within each reference parcel. The central values of each temporal 772 

cluster were chosen as mowing dates for this specific parcels. The optimal threshold to be used for the 773 

separation of temporal clusters was estimated based on the set of shared reference data. 774 

 775 
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 777 

Supp. 1. Accuracy metrics considering reference data for all regions, years, grassland use intensity and the 778 

quality labels 1-2. The domain of the algorithm used is shaded in red (ML) and blue (RBA). 779 

 780 

  781 



 782 

Supp. 2. Accuracy metrics per region considering reference data for all years, grassland use intensity levels 783 

and quality labels 1-2. The domain of the algorithm used is shaded in red (ML) and blue 784 

(RBA). 785 
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 787 

Supp. 3. Accuracy metrics per region considering reference data for all years, grassland use intensity levels 788 

and quality labels 1-3. The domain of the algorithm used is shaded in red (ML) and blue 789 

(RBA). 790 
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 792 

Supp. 4. Accuracy metrics per year considering reference data for all regions, grassland use intensity levels 793 

and quality labels 1-2. The domain of the algorithm used is shaded in red (ML) and blue 794 

(RBA). 795 
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 797 

Supp. 5. Accuracy metrics per year considering reference data for all regions, grassland use intensity levels 798 

and quality labels 1-3. The domain of the algorithm used is shaded in red (ML) and blue 799 

(RBA). 800 
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 802 

Supp. 6. Difference in predicted number of mowing events (A) and positive / negative MAE values (related to 803 

zero) and bias for the difference in days from the true positive predictions (B). Reference 804 

data for all years, regions and the quality labels 1 and 2 are considered. In each plot rule-805 

based algorithms are on top of the dashed line, the ones using machine learning at the 806 

bottom. The data domain is shaded in red for algorithms using optical (OPT) only and in blue 807 

when optical and SAR data (OPT_SAR) are used. 808 

 809 
  810 



 811 

Supp. 7. Difference in predicted number of mowing events (A) and positive / negative MAE values (related to 812 

zero) and bias for the difference in days from the true positive predictions (B). Reference 813 

data for all years, regions and the quality labels 1 to 3 are considered. In each plot rule-based 814 

algorithms are on top of the dashed line, the ones using machine learning at the bottom. The 815 

data domain is shaded in red for algorithms using optical (OPT) only and in blue when optical 816 

and SAR data (OPT_SAR) are used. 817 
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