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Abstract: Reliable biodiversity reporting under the EU 
Habitats Directive and the Nature Restoration Law requires 
harmonized monitoring of hydrological dynamics across 
Europe’s (wet) grasslands and wetlands. Within the 
Biodiversa+ Habitat Pilot, we evaluated the sca lability of 
Sentinel -2-based inundation models and the robustness of 
derived inundation regime indicators. We validated two 
inundation models across diverse European regions, 
achieving medium to high accuracy in open habitats 
(Macro-F1 between 0. 64 and 0.93) but encountering 
limitations in densely vegetated areas and small, 
fragmented water bodies. To assess the reliability of long -
term inundation regime monitoring for wetland habitat 
condition assessment, we conducted a sensitivity analysis. 
We q uantified how different time series preprocessing 
decisions such as cloud filtering, temporal aggregation, 
and interpolation methods impact the indicator Mean 
Annual Inundated Fraction (MAIF). Our results indicate that 
this indicator is remarkably stable a cross various 
processing workflows variants, with site -specific ecological 
characteristics accounting for most of the variance. This 
suggests that simple, Sentinel -2-based inundation 
workflows can be sufficiently robust for large -scale 
reporting, provided they are adapted to local ecological 
contexts. For future research, we recommend exploring 
multi-class inundation classification or continuous soil 
moisture modeling to capture the finer ecological 
gradients in even more detail . 
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1 Introduction  

Monitoring inundation regimes - the spatio -temporal 
dynamics of surface water extent, frequency and duration - 
is fundamental for assessing the ecological quality and 
integrity of Europe’s Natura 2000 wetland and wet 
grassland habitats (Jussila et al. 2024 ). As important 
hydrological drivers, these regimes affect nutrient cycling, 
carbon sequestration potential and the maintenance of 
specialized biodiversity within specific Annex I habitats, 
such as transition mires (7140) and lowland hay meadows 
(6510). While traditional field surveys can offer high -quality 
data, they lack the temporal continuity required to capture 
ecosystem’s hydrological dynamics. Advances in remote 
sensing, particularly the application of inundation 
detection models to satellite time se ries, can provide a 
harmonized framework for large -scale inundation regime 

monitoring. This is proven in large -scale products like the 
Global Surface Water Explorer (GSWE) and the CLMS layer 
Water Cover Duration (Copernicus Land Monitoring Service 
2025, Pekel et al. 2016).  

However, optical sensors (like the multispectral instrument 
of Sentinel -2) introduce some challenges, including 
irregular data density due to cloud cover. The reliability of 
the derived hydrological indicators - such as annual 
average inundation levels - depends heavily on how these 
irregular time series are aggregated, interpolated, and 
smoothed. As far as we know, the effect of these variations 
in time series (pre)processing on deriving S2 based hydro -
ecological indicators is not really evaluated. Moreove r, 
ensuring that remote sensing products align with 
ecological requirements is essential for providing the 
reliable evidence base needed for policy implementation.  

Building on the work conducted in the Biodiversa+ Habitat 
Pilot (Biodiversa 2024), a trans -European collaboration 
project, this study aims to evaluate the scalability of 
Sentinel -2-based inundation monitoring by investigating 
the technical and ecological c hallenges associated with 
large-scale time series analysis. Specifically, we aim to (i) 
validate the performance of simple inundation models 
across diverse European wetland types and (ii) quantify the 
impact of various time -series preprocessing options on the 
stability of yearly inundation regime indicators through a 
multi-site sensitivity analysis. While the methodological 
approach is relatively simple, its application offers 
considerable innovation from a policy -making perspective, 
demonstrating how acces sible tools can support 
operational wetland monitoring and decision -making . 

2 Materials and methods  

2.1 Data acquisition and inundation modeling  

Sentinel -2 L2A time series (Bands B02 –B12 and SCL) were 
acquired via the OpenEO API (openEO 2026) for the period 
2020-2024. To track surface water dynamics, we used two 
existing inundation segmentation models: Jussila model 
(Jussila et al. 2024)  and Water-in-Wetlands (WiW) model 
(Lefebvre et al., 2019). These models were selected for their 
transparency and simplicity, especially compared to more 
complex and black -box deep -learning approaches (Vali et 
al., 2020). Validation was performed for 24 sit es in seve n 
European regions covering several Annex I habitats. 
Reference data were generated using (semi -automated) 
segmentation of orthophotos, drone -based thresholding, 
and in-situ water delineation; and performance quantified 
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as macro -F1 scores. More information can be found in 
section 3.3.2 of the final report of the Biodiversa+ Habitat 
Pilot.  

2.2 Hydro-ecological indicator and sensitivity analysi s 

As part of the Biodiversa+ Habitat Pilot, ecological experts 
from the participating European countries and regions 
proposed a set of inundation -based habitat condition 
indicators for wetlands and wet grasslands, focusing on 
inundation frequency, duration, and spatial extent. To 
understand how data processing influences these metrics, 
a sensitivity analysis was conducted on five selected 
habitat sites, squared regions of 50 km by 50 km, in 
Flanders, Finland, Czech Republic and Slovakia, focusing 
on two habit at types: 7140 (Transition mires) and 6510 
(Lowland hay meadows). More information about the 
study sites and the number of plots per country or region 
can be found in Table 1.  

From the set of proposed indicators, the Mean Annual 
Inundated Fraction (MAIF) was selected as an indicator for 
this study. This is the fractional inundated area of a habitat 
(Tellman et al. 2022), calculated at each time step and 
averaged over the time st eps within a year. It’s a simple 
metric that describes the general conditions of our target 
habitats throughout the year. Due to time constraints, it 
was not possible to test further habitat -specific indicators 

within the project. The reference pipeline in cluded 
standard settings. We tested five sensitivity analysis 
variants: (i) with stricter cloud threshold (< 10 %), (ii) 
without spatial interpolation (iii) using twice per month 
median for temporal aggregation, (iv) using Gaussian 
Process Regression for t emporal interpolation, and (v) 
without time series smoothing.  

Figure 1 illustrates the conceptual flowchart. Trees were 
always masked with the CLMS Tree Cover Density dataset 
(CLMS 2021) and inundation was segmented using the 
Jussila model.  

2.3 Statistical evaluation  

The impact of these processing scenarios was evaluated 
using linear mixed -effects models (LMMs) in R -software 
(Lenth and Piaskowski, 2017; R Core Team, 2026). The five 
analysis variants were treated as a fixed effect, while year 
and habitat type (nested wi thin site) were included as 
random effects. Post -hoc pairwise comparisons were 
performed using the emmeans package with Benjamini -
Hochberg p -value adjustments (Lenth and Piaskowski, 
2017) to identify significant methodological biases in the 
resulting ecolo gical metrics . 

 

Figure 1. Conceptual flowchart of the analysis workflow including the reference pipeline and the five analysis variants. 

Table 1. Summary of the five sites used for the sensitivity analysis. Central coordinates are provided in EPSG:4326. 

Site  X-coord  Y-coord  
# 7140 

patches  
Area (ha)  

# 6510 

patches  
Area (ha)  

Finland 

(North) 
26.78 65.27 2 720 / / 

Finland 

(South)  
23.27 60.43 / / 32 12 

Flanders  5.08 51.00 4 4 8 7 

Czech 

Republic  
15.48 50.74 60 288 78 2450 

Slovakia  18.08 47.76 / / 6 51 

 



 

3 Results  

3.1 Inundation model performance 

The validation of the Jussila and WiW models across seven 
European regions showed macro -F1 scores ranging from 
0.74 to 0.92 for Jussila and 0.64 to 0.93 for WiW. While both 
models performed well in open water, and give quite 
similar outputs (Figure 2), the  Jussila model generally 
detected water in mixed pixels more effectively in Finland 
and Czechia, while the WiW model performed better in 
Flanders. Two general limitations were identified: (i) dense 
tree cover, with coniferous trees and shadows misclassifie d 
as water; (ii) dense reedbeds, which obscured surface 
water detection. Small water patches, such as 
Mediterranean temporary ponds in Croatia, proved 
undetectable. More details can be found in section 3.3.2 of 
the Habitat Pilot final report.  

3.2 Ecological inundation indicators and expert needs 

Expert surveys from the Biodiversa+ Habitat Pilot indicated 
that weekly or two -weekly temporal resolutions are 
optimal for capturing critical hydrological patterns, 
though monthly data remains useful for most habitat 
types. Minimum seasonal wetness was identified as a key 
indicator of habitat stress for most wetlan ds and wet 
grasslands, particularly for sensitive systems like aapa 
mires (7310) and alkaline fens (7230). While inundation 
monitoring is universally relevant for wetlands, its utility 
for grassla nds varies by region and type, with high -
frequency monitoring specifically required for alluvial 
meadows (6440 and 6510) subject to short -term flooding . 

3.3 Time series sensitivity analysis  

The availability of valid S2 scenes varied significantly by 
region: Slovakia and Finland provided the highest 
number of cloud -free observations, while Belgium and 
Czechia were more constrained by persistent cloud cover. 
Stricter cloud filtering (10% vs. 20 %) and valid -pixel 
thresholding (95% SCL) reduced the available data by up 
to 75% in some regions. The LMM revealed that varying  
 

the time series processing pipeline (e.g., interpolation 
method or smoothing) did not have a statistically 
significant effect  on MAIF (p > 0.07 in all cases). Stricter 
cloud filtering resulted in the lowest estimated marginal 
means effect (~ average effect), likely because excluding 
cloudy scenes increases the risk of missing some flooding 
events. Conversely, coarser temporal ag gregation led to 
higher estimates due to the use of median values. Crucially, 
our random effects analysis showed that the specific site 
and habitat type accounted for far more variance ( σ = 
0.037) than the processing methodology or temporal 
fluctuations. T his suggests that while preprocessing 
choices influence data density, the inherent (hydro -
)ecological differences between sites and habitats are the 
primary driver of the variation in calculated MAIF values . 

Figure 3 displays the contrast estimates in marginal mean 
effects, with standard error bars, between the reference 
pipeline and the five processing variants. Positive 
estimates indicated an on average lower predicted MAIF 
compared to the reference processi ng pipeline and vice -
versa, but no significant differences were observed . 

 
Figure 2. Jussila model output (left) vs. Lefebvre model output (right) for the Kramářka study site in Czechia (inundated = 
blue). At each survey point, the validator evaluated if the water table depth was on average above (inundated) or below 
(dry) 5 cm within the surrounding 10 meter. Predictions on the S2 image were made on the closest available date. The 

background ortho image is from a different date compared to the S2 predicted output. 

 
Figure 3. Contrasts estimates in marginal means, with 
standard error bars, between the reference processing 

pipeline and the five processing variants. 
 



 

4 Discussion  

The Jussila and WiW inundation segmentation models 
demonstrated strong potential for harmonized EU -wide 
monitoring due to their high accuracy combined with 
transparency and ease of implementation. However, dense 
vegetation remains a primary constraint. Whi le tree cover 
can be partially removed via masking, detecting 
inundation beneath shrubs, thick moss layers, reedbeds, 
and other aquatic vegetation requires further 
methodological refinement.  

S2 based inundation classification over time can be 
translated into relevant ecological indicators. We propose 
the MAIF indicator as a suitable indicator for general 
condition monitoring of wetland and wet grassland 
habitats. More habitat specific indicato rs were proposed 
within the Pilot by combining expert knowledge of 
ecologists and remote sensing scientists.  

While lacking good quality multitemporal reference data, 
we evaluated the influence of different preprocessing 
options for creating regular S2 time series on the effect of 
calculating MAIF of 66 Annex I 7140 and 124 Annex I 6510 
habitats, in seven regions across Europe, through a linear 
mixture model.  

Our sensitivity analysis indicates that despite regional and 
habitat disparities in data availability, that no significant 
differences were found in the calculated annual inundation 
indicator MAIF between the different S2 time series 
(pre)processing choice s. 

5 Conclusions  

The Biodiversa + Habitat Pilot demonstrated the potential 
of S2 -based inundation segmentation models as a 
transparent, scalable and harmonizable option for 
monitoring inundation regimes across Europe’s diverse 
open habitats. Dense biomass remains a technical hurdle 
for i nundation mapping, which could be (partially) 
overcome with the integration of digital terrain models 
(DTMs) (Landuyt et al. 2021, Munasinghe et al. 2018).  

The Pilot did however identify several core challenges in 
the validation process itself. A key conceptual challenge is 
that inundation is often a continuous spatial gradient, not 
a discrete "water/no -water" boundary. This ambiguity 
directly conflicts with a binary classification approach. This 
raises challenges in obtaining unbiased accuracy metrics. 
To address the limitations of binary classification in 
capturing continuous spatial gradients, future monitoring 
should explore multi -class models or regressio n modelling 
to better capture variations in soil moisture levels 
(Maertens 2025). 

Reference data (orthophotos, drone data and in -situ) are 
heterogeneous and might introduce inconsistencies over 
different sites. We recommend a hybrid validation strategy 
that combines the objectivity of field -verified points or 
polygons with the upscaling  potential of drone imagery, 
ideally timed to maximally coincide with satellite 
acquisitions. Furthermore, as these models are 
extrapolated across time and space, quantifying epistemic 
uncertainty or total uncertainty (e.g., through Shannon 

Entropy) become s essential to evaluate model reliability at 
the European scale.  

Besides the MAIF indicator, several other interesting 
habitat specific indicators were formulated during the 
project. Some of these could be already derived from large 
scale open data products like the Global Surface Water 
Explorer (GSWE) and the CLMS laye r Water Cover Duration 
product. While the former is limited a medium spatial 
resolution (30 meter/pixel) and observations between 
1984-2021 (Pekel et al. 2016), the latter provides an up -to-
date product of higher spatial resolution (10 meter/pixel), 
but on ly for a very limited set of indicators (Copernicus 
Land Monitoring Servic e 2025). 

The sensitivity analysis shows that annual hydrological 
indicators are remarkably stable across various 
(pre)processing scenarios. However, failing to detect 
statistical difference does not mean that there are no 
differences (“fail to reject the null hypot hesis” does not 
mean “accept the null hypothesis”). Further research 
should focus on (i) equivalence hypothesis testing, but also 
(ii) on more robust validation of these dynamic systems 
with larger multi -temporal reference datasets.  

Optical data will always be affected by atmospheric 
conditions. Future improvement could therefore focus on 
data fusion between active radar and optical sensors 
(Landuyt et al. 2024 , Rahmati et al. 2026 Yin et al. 2024), 
alongside advanced spatiotemporal interpolation (Consoli 
et al.  2024, Zhang et al.  2026). Ultimately, establishing 
common European standards for indicator definitions, 
open-source processing chains, and sharing multi -
temporal reference datasets via collaboration platforms 
like Eionet will b e critical for achieving the remote sensing 
based harmonized monitoring requirements in the 
framework of the EU’s Nature Restoration Law and 
Habitats Directive (European Commission 2026 , European 
Union 2024). 
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