WET H=RIZONS

Project Number: GA101056848
Project Acronym: WET HORIZONS
Project title: Upgrading knowledge and solutions to fast-track
wetland restoration across Europe

D1.6: Interim and final modelled water table dynamics and
biological condition within exemplar catchments

April 2026

Funded by
the European Union




Final modelled water table dynamics and biological condition WET H - RI ZO N S

Technical References
Deliverable No. 1.6

Interim and final modelled water table dynamics and
biological condition within exemplar catchments

Deliverable title

Document type Data
Dissemination level PU
Work package 1
Task 1.3

Lead beneficiary James Hutton Institute

Contributing beneficiary(ies) All

Rebekka Artz, Fraser Macfarlane, Ciaran Robb, Ashish
Dutta and Alessandro Gimona

Due date of deliverable 30.04.2026(Revised)

Actual submission date 30.04.2026

Shubiao Wu (AU)

Reviewed by Benedikte Holm (AU)

1 PU = Public
PP = Restricted to other programme participants (including the Commission Services)
RE = Restricted to a group specified by the consortium (including the Commission Services)
CO = Confidential, only for members of the consortium (including the Commission Services)

Funded by
the European Union 2




Final modelled water table dynamics and biological condition WET H - R I Zo N S

Document history

V0.1 08.08.2025 Draft submitted to project co-ordinator for
comments
V0.2 28.08.2025 Final version submitted to project co-ordinator for

upload to project portal

V0.3 30.04.2026 Revision submitted to project co-ordinator for
upload to project portal

Acronyms and abbreviations

Abbreviation | Description

DSS Decision support system

GEE Google Earth Engine

WTD Water table depth

HGB Histogram Gradient Boosting

EO Earth Observations

CORINE CORINE (Coordination of Information on the Environment) Land
Cover data product

AQI Area of interest

NDVI Normalized difference vegetation index

NDWI Normalized difference water index

TWI Topographic wetness index

GDW Google Dynamic World

DTM Digital terrain model

LSM Land surface model

Funded by
the European Union 3




Final modelled water table dynamics and biological condition WET H - R I Zo N S

Disclaimer

Funded by the European Union. Views and opinions expressed are however those of
the author(s) only and do not necessarily reflect those of the European Union or
European Commission. Neither the European Union nor the granting authority can be
held responsible for them.

Funded by
the European Union 4




Final modelled water table dynamics and biological condition W ET H - R I Zo N S

Executive Summary

In Task 1.3 of the WetHorizons project, the objective was to develop models, using Earth Observation-
based (EQO) solutions, that evaluate hydrological and biological condition in peatlands and mineral
wetlands within exemplar catchments and assess the methodological scalability of these models to the
wider European wetland area. This was a high-risk, high-reward, element of the project because
although some models had successfully been developed to detect water level dynamics at local to
regional peatland scale in Europe, this was the first attempt to produce a harmonised approach to
modelling water table dynamics and condition across a continental gradient for peatlands and wetlands

combined.

For Deliverable 1.6, two models were developed which predict a) water table depth (WTD) dynamics,
and b) the condition class within the wetland areas in the WetHorizons project catchments. The WTD
dynamics model was successfully developed and produced an output with good fit to training data. The
WTD model predictions were able to skilfully track mean monthly groundwater level dynamics across a
large geographical gradient and reproduced spatial boundaries between known areas under different
management. The processing pipeline developed for this project, utilising a bespoke tile grid and high-
performance computing, also has the capacity to scale up to the full extent of pan-European peatland
and mineral wetlands. With further ground observations in some critical classes such as floodplain
meadows, coastal wetlands, peatland under forestry, and longer time series from rewetted peatlands
where current water levels are above ground level, this method could provide a transformation in
peatland hydrological monitoring. In the short term, the model outputs have already fed into delivery of
D2.4. to calculate project catchment level mitigation potentials. They will further feed into delivery of
D1.7 as the data layer for the hydrological component of the Interactive App, and into delivery of D3.4.,
as a means to compare the hydrological (coarser resolution) assumptions and outputs of the
ORCHIDEE LSM scaling to Europe. Following peer-review and publication, the WTD dynamics model
may have multiple applications in monitoring of peatland hydrological trends across Europe, as a
consequence of management decisions and as a tool for impact monitoring of droughts. Indeed, one
such follow-up application is the further development of the model in the recently started Horizon Europe

PaluWise project (PaluWise — Transforming degraded peatlands through innovative Paludiculture) for

the assessment of rewettability in the context of paludiculture, in a series of catchments surrounding

four demonstration sites.

The ecological, i.e. condition modelling component in the project used an approach using decision rules.
This was also developed for the full geographic extent of the project catchments. Development of a fully
de novo condition, or combined ecohydrological condition, model was not possible due to insufficient
coverage of suitable ground observations on the vegetation community composition. The decision rule-
based approach combined information from three existing land cover model outputs, Google Dynamic
World, ESA World Land Cover and CLCBackbone Plus in a novel decision rule framework that used the
information on misclassification rates within each of the parent data sources. In the case of the Scottish
project catchments, the UKCEH Land Cover Map data product replaced the CLCBackbone Plus due to

challenges accessing this layer for non-EU locations. While this approach showed limitations, notably
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in relatively low confidence for some condition classes, it nevertheless produced a much finer resolution
output than CORINE and was able to reproduce local boundaries of e.g. peatland rewetting projects or
grassland to less managed peatland areas. In future, and with more training data in key condition areas,
this decision rule effort also has potential to transform condition monitoring. In the short term, following
review, the condition outputs will also form part of the wider decision support Interactive App for
Deliverable 1.7. Within the time frame for D1.7 (M44), there is also potential to include revisions to the
model, such as exploring whether further data sets e.g. Global Forest Watch or the global annual
wetlands maps could provide useful information to improve the classification accuracies. Future efforts
in the longer term should be made to obtain more relevant ground observations that could be used for
de novo model development, and engagement efforts should be made to include peatland and wetland
classes in global high resolution land cover data product development. Encouraging signs of potential
application in future, however, could be observed in terms of accurately reproducing known spatial
management boundaries and transitions across major land use classes post restoration efforts. These
will form part of the project outreach over the final project months, where, in particular, we will engage
with the Copernicus European Ground Motion Service to discuss whether there is scope, over the longer
term, to explore a tripartite peatland and wetland monitoring tool that combines trends in hydrological

proxies, habitat classes, and trends in surface motion.

The model outputs produced for this Deliverable have been deposited on the project Zenodo space:
Multi-Year Mean Water Table Depth Predictions for Select Catchments Across Europe (2019-2024)

under DOI: 10.5281/zenodo.16753825 and as Land cover-wetness combination maps under DOI:

10.5281/zenodo.16942145. For the duration of the project review phase, the data are being kept under
embargo to avoid download by interested parties in the case of any request to revise the outputs, but

they will be made open access on confirmation that the Deliverable has been accepted.
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1 Introduction

1.1 Project introduction

This task is a component of Wet Horizons, a Horizon Europe project that aims to provide a key starting
point from which to address the challenge of enhancing wetland restoration using a holistic approach. It
will boost crucial wetland knowledge and help us develop sound tools and approaches to fast-track
large-scale restoration action. Despite the efforts of previous projects that have addressed wetland and
peatland condition monitoring, there remain important knowledge gaps due to a lack of wetland data
availability and harmonisation of the existing information. This project component aimed to generate a
novel set of modelled water table depth time series from European pristine, drained and rewetted
peatlands, floodplains and coastal wetlands; and use these new outputs to improve on land cover
classification of such habitats. The latter is important as peatlands and wetlands are generally wrongly
assigned to broader land use categories in global land cover data products, and even data products that
have a larger range of classes, such as CORINE, generally fail to distinguish between different condition
categories. Such outputs are critical to model the effects of typical restoration measures; and analyse
the potential socioeconomic impacts of such measures. Having better data on peatland and wetland
condition will enable us to choose the best pathways in wetland restoration, minimising trade-offs,
including hotspot priority lists where the ecological and biodiversity benefits are greatest with minimum

investment.

Wetland and peatland condition monitoring across the EU is currently heavily limited by a lack of tools
that can be used at the right scale and repeat interval to monitor changes due to management
interventions or the impacts of climatic extreme events. For example, at site level, vegetation community
structure is the most commonly used proxy for overall system condition or functional state. EU policy
frameworks that define peatland and wetland condition are the Habitats Directive, Article 17
components. EU Member States report on a 6-yearly basis on the status, inclusive of measures of
structure and functions, of Annex | habitats’. In these reports, vegetation composition, partly as a proxy
for hydrology and partly as a direct measure of ecological function are core evidence of condition.
However, the underlying assessments of conservation status are not continuous, spatially explicit,
datasets of habitat extent/condition in a mapping sense. Instead, they are derived assessments,
combining data from designated site monitoring (Natura 2000 sites, national reserves, monitoring plots),
expert judgment, and sometimes remote sensing or modelling inputs where available, which are then
then extrapolated to the wider distribution area of the habitat type (DG Environment, 2023). Reporting
covers four parameters (range, area, structure & functions, future prospects) and then gives an overall
status (favourable / unfavourable-inadequate / unfavourable-bad / unknown). The only spatial
component routinely published by the EEA is generalised distribution maps of each Annex | habitat,
compiled from Member State inputs, but these are indicative and not based on wall-to-wall, harmonised

EO mapping. There is therefore currently no single monitoring instrument for peatland and wetland

! Conservation status of habitat types and species: datasets from Article 17, Habitats Directive 92/43/EEC

reporting
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condition that can be uniformly applied and reported on at present. In the meantime, the recent EU
Nature Restoration Regulation (2024) has introduced binding restoration targets and requires monitoring
methods/indicators for habitat condition, with peatlands and wetlands named specifically for climate
value2. The present categorisation of peatlands and wetlands by the simple four categories of status
and trend combined additionally also precludes the potential for integration of condition reporting with
greenhouse gas emissions inventories. In wetlands and peatlands alike, the ecohydrological conditions
of the system are reflected in both the vegetation community composition and in overall carbon capture
or loss dynamics of these systems. For peatlands, for example, a mean annual water level of ~10 cm
below the surface was found to be optimal to achieve the highest rates of carbon accumulation in a
global study of eddy covariance data from peatlands (Evans et al., 2021). Swindles et al. (2025) recently
found that the same optimum water level applied to long-term mean peat accumulation over millennia
across European peatlands. Peatlands vegetation communities tend to reach a critical shift in
composition across the same threshold, as evidenced in long-term peat core studies via macrofossil
analysis, for example, by Lamentowicz et al (2019). This makes water level dynamics an ideal candidate
proxy for both greenhouse gas dynamics and critical threshold detection for peatland vegetation
communities. In mineral wetlands, water level and surface soil moisture threshold dynamics are also
amongst the critical determinants of methane flux (Cui et al., 2024), nitrogen dynamics and net removal
potential (e.g. Pinai et al., 2007, Bertassello et al., 2025) and vegetation community composition
thresholds. Due to the more complex interactions of surface water flooding events connected to rainfall
with underlying hydrological status as determined by ground water fluctuations in mineral wetlands, the
direct influence of ground water levels is less strong than in peatlands, but flooding periods and sum
exceedance values for waterlogging and aeration stress are used in multiple monitoring metrics and

restoration and site management design (e.g. Environment Agency, 2004).

Given the high overpass rates alongside high spatial resolution of modern satellite data, Earth
Observations have high potential for development of sophisticated peatland and mineral wetland
condition monitoring methods and tools. Water level dynamics monitoring using a combination of
Sentinel-1 and 2, sometimes with the addition of Landsat, in particular, has received significant attention
over the last five years. Multiple teams report that it is feasible for a given model to reproduce water
table dynamics seen in field observations at local to regional scale, suggesting it might be feasible to
use the method as a proxy for national scale greenhouse gas emissions reporting (e.g. Bechtold et al.,
2018, Asmul} et al., 2019, Rasanen et al. 2022, 2024, Toca et al, 2023, Milenov et al., 2023, Rasanen
et al. 2024, Isoaho, et al., 2024, Reddin et al., 2025). For vegetation monitoring as a proxy for condition,
most teams have focused on higher resolution solutions such as aerial photography from unmanned
aerial vehicles or bespoke flights given the very high variability of peatland and wetland vegetation
diversity at sub-metre scales (Ghazaryan et al., 2024). Given the high computational cost of processing
such high resolution data, most outputs to date have produced modelling solutions that are applicable
only at local to regional landscape scale (e.g. Arroyo-Mora et al., 2018, Beyer et al., 2019, Arasumani

et al., 2023). Ball et al., 2023 showed that it is possible to monitor peatland restoration trajectories with

2 Regulation - EU - 2024/1991 - EN - EUR-Lex
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models combining Sentinel-1 and 2 inputs at landscape scale and Torabi Haghighi (2018) similarly
showed that it is possible to monitor degradation through peat extraction at local scale. Another recent
potential addition to peatland condition monitoring is the combined use of optical and thermal Earth
Observations. While such combinations, for example via the OPTRAM technique (e.g. Burdun et al.,
2023), have been successfully applied to a large number of localised study areas across the Northern
peatland extent, the potential for large scale continuous, continental range, monitoring is also as yet

untested.

Given the clear potential for Earth Observation data in modelling water table dynamics and condition
trends in peatlands and wetlands, in Task 1.3 of the WetHorizons project, the objective was to develop
Earth Observation-based (EO) solutions to evaluate hydrological and biological condition, using
previously compiled ground observation data, of European peatlands and wetlands in the ten
WetHorizons exemplar catchments and to assess methodological scalability to the wider European
area. In previous deliverable reports for D1.4 (project month M18) and D1.5. (project month M18), we
summarised the ground observations that could be collated for this purpose (Artz et al., 2024) and
showcased three model interim outputs for small test areas within project catchments (Toca et al., 2024).
In this final deliverable report for Task 1.3 (project month M36), we report on the completion of modelling
efforts of water table dynamics and peatland and wetland condition across all of the project exemplar
catchments. In this project, two models have been developed which predict a) the ground water
dynamics and b) the condition classes within the peatland and wetland areas in the WetHorizons project
catchments, where the ground water dynamics model outputs provided part of the model inputs for the

condition classification modelling (see 2.2. for more detail).

2 Methodology

2.1 Water table dynamics modelling

A water table dynamics model at 30 m resolution and with a monthly timestep was constructed as
follows. Monthly mosaic rasters for January 2019 to December 2024 were obtained through Google
Earth Engine (GEE) of Sentinel-2 (calculating NDVI and NDWI) and Sentinel-1 (preserving VV/VH) for
all the catchment areas within the European project area. The monthly mosaic for the Sentinel 2-data
processing used the Cloud Score+ S2_ HARMONIZED dataset, which is being operationally produced
from the harmonized Sentinel-2 L1C collection, and Cloud Score+ outputs can be used to identify
relatively clear pixels and effectively remove clouds and cloud shadows from L1C (Top-of-Atmosphere)
or L2A (Surface Reflectance) imagery. Global backfill for the entire Sentinel-2 archive (2015-06-27

through present) is now complete and all results are available in the Cloud Score+ Image Collection.

Input data for the model are the Sentinel-1 and 2 mosaics as discussed above, the elevation, obtained
from a 30 m European digital terrain model (DTM, Hengl et al., 2020) as well as derivations from the
DTM namely the TWI (topographic wetness index), slope, and aspect. Additionally, the date was used
to inform seasonal patterns, where initially both year and date were used as-is, i.e., the integers 1-12
representing the months and the integer for each year. Additional testing (not shown) was performed
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with conversion to Julian dates before settling on encoding the month using both sine and cosine
functions and as radial basis functions. This approach sought to encode both circularity and seasonality
in the month variable, and the year variable was dropped entirely due to the introduction of bias as a
result of non-uniform sampling. Similarly, using the Optical Trapezoid Model (OPTRAM) in addition to
the covariates above was tested in early phases of the work but did not improve overall model results
and was therefore not included in the final model structure. In addition, OPTRAM requires calibration of
the trapezoid shape of pixels between wet or dry edges against the potential scaling space of a chosen
vegetation index against short wave infrared (SWIR) reflectance as the core component of the method.
Across large spatial extents, this concept would require calibration against regionally quite different peat
soils. The best way forward would be to calibrate the method using a large soil moisture reference
dataset, however the coverage of soil moisture observations on peat soils is even more limited than for
water table dynamics. For example, only a small handful of the registered observations in the

International Soil Moisture Network (see International Soil Moisture Network) overlap with the European

Wetland Map extent. Therefore, we decided to omit OPTRAM from the full model development phase.
Similarly, thermal observations from most freely available sources are still moderate resolution only (e.g.
Sentinel-3, Landsat-9) and the high resolution ECOSTRESS mission is limited to 52°N, so would not
cover critical parts of the project catchments. Hence, the model was built using only high resolution

optical and radar data.

The ground observations used to train and validate the full model were the ground observations collated
for the Wet Horizons project D1.4. (Fig 1; Artz et al (2024)). The ground observation WTD time series,
which were often gathered at daily or sub-daily frequency, were resampled to mean monthly values and
split into training and validation datasets (80:20 %) following parameter selection using k-fold cross
validation. The machine learning algorithm used was Histogram Gradient Boosting, where a series of
shallow decision trees (Classification And Regression Trees) are employed iteratively to converge on a

prediction, where each tree uses the residuals of the previous to improve the prediction.

Data preprocessing and model parameter selection were combined in a pipeline approach. All
preprocessing and modelling was carried out using the scikit-learn, xgboost and pytorch libraries.
All preprocessing and model parameters were tuned using a 5 group-k-fold grid search. The
preprocessing pipeline was tuned first on a baseline model. Once the optimal preprocessing method
was established, the parameters of candidate models were searched to establish which type of model
and constituent parameters therein was best suited to the prediction in question. All models were
evaluated statistically using the R2-score/Coefficient of Determination (R2) and Root Mean Square Error
(RMSE) metrics.

Model insights were gained by using Shapley Additive explanations (SHAP) methods. SHAP is a game
theoretic-based model explanation algorithm that facilitates insights such as covariate importance and
their positive or negative influence upon prediction values (Lundberg, 2017). The SHAP algorithm fairly
distributes the difference between the current prediction and the average prediction amongst the
covariates according to their relative contributions. The relative contributions per prediction are

estimated by evaluating all possible coalitions of covariates and taking the average marginal contribution
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for each covariate across the coalitions. For dataset-wide interpretation, the absolute differences are

summed to ascertain the dataset-wide influence of each covariate.

Of the model pipelines trialled, the gradient boosting algorithms emerged as the most effective. Other
algorithms trialled included basic linear methods, Support Vector Machines and Artificial Neural
Networks (PyTorch). The use of all covariates produced the greatest model performance but came at
the expense of spatial artefacts. Specifically, including coordinates as a covariate produced the greatest
R2 scores but resulted in spatial artefacts throughout the mapping and were subsequently dropped. The
date covariates were retained as they were an important component of producing smooth, regular time

series using the methods described previously.

A 30 km tile system (bespoke built for this project but based on the European LAEA grid) was used to
download, process and predict in parallel on an HPC cluster based at James Hutton Institute. The initial
download was handled by the GEE python API, where relevant spectral indices were extracted from the
S2 bands (NDVI and NDWI) along with VV and VH from S1. Indices and back-scatter were chosen as
proxy indications of biophysical processes with the added assumption that relatively few covariates will
result in a more easily interpretable model. Upon download, EO imagery was merged with the relevant
area of TWI, with the time-based covariates added on the fly during prediction. Finally, the output was
clipped to the extent of peatland and wetland included in the most recent version of the European
Wetland Map (EWM, Tegetmeyer et al., 2025, version 5). For interpretation only, a GIS layer to set

water table depth classes to consistent intervals for visualisation, was created.

© WTD Loggers
I Selected European
Catchments

3
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Figure 1. Locations of ground observations of water table depth time series (green circles, left) and the

project catchment boundaries for which model prediction were obtained (dark grey areas, right).
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2.2 Wetland condition class modelling

We aimed to improve land cover mapping of wetlands and peatlands by improving on the number of
distinct wetland condition classes that can be detected. Observations on the carbon dynamics of
peatlands and other wetlands have shown a gradient of peatland land cover classes, ranging from very
wet vegetation types, via modified, drier vegetation types, to full conversion to grassland, agriculture
and forestry, which corresponds to increasing net carbon emissions. In particular, we aimed to improve
the classification of wetland types to enable better identification of these gradients (in emissions terms).
Our initial starting point for the conceptual development of the wetland condition classification modelling
was the CORINE Land Cover product?, which is produced by the Copernicus Land Monitoring Service
for 6-yearly intervals and contains 44 thematic land cover classes within five main land cover/use groups
(artificial surfaces, agriculture, forests, and seminatural areas) with a minimum 100 minimal mapping
unit and 100 m mapping width. Land cover change can be mapped at 5 ha minimum mapping units,
between these 6-yearly intervals. For wetlands, however, these heavily used data products offer
relatively little information about the condition of wetlands relative to their likely carbon sequestration
status because only two classes (“Inland Marshes” and “Peat bogs”.) exist for inland wetlands and only
three classes (“Salt marshes”, “Salines” and “Intertidal flats”) distinguish marine wetland types#, without
any further subdivision that could indicate whether these habitats are in good ecological condition or
not. Furthermore, the 6-year interval for the CORINE data product is insufficient to help inform our
understanding of the impacts of peatland rewetting or conversion to wetter agricultural practices such

as paludiculture, or indeed the restoration of damaged mineral wetlands.

The original intention, as per Grant Agreement, was to perform classification of land cover combined
with drainage classes by using finite mixture models, using the continuous model-predicted water table
depth dynamics for the drainage class component. At grant proposal stage, we assumed that the “rule-
of-thumb” requirement of around 10-20 samples per classification class would likely be satisfied with
the available data from national vegetation sampling sources, and that spatial bias would be within
practical limitations. However, the ground observations that we could obtain for this purpose and where
the source information was recent enough to fit with the 2019-2024 water table modelling was limited to
only 444 point locations (Artz et al., 2024). We explored the potential use of the European Vegetation
Archive (EVA, Chytry et al., 2016) dataset, which contained 5,771 national vegetation observations that
had been collected after 2010 within the boundaries of our project catchments. Unfortunately, the vast
majority of the data pre-dated 2018 (Figure 2) and additionally, the dataset was heavily skewed towards
observations from the Netherlands. Furthermore, the spatial distribution of these data was biased further
within the ten project catchment areas, such that only around a third of the 5,771 were found to be
collocated with peatlands or wetlands as defined by the European Wetland Map extent (Figure 2). This

means that most habitat classes had only a very small number of observations each. As a finite mixture

3 https://land.copernicus.eu/en/products/corine-land-cover
4 https://land.copernicus.eu/en/technical-library/clc-product-user-manual/@@download/file
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model-based approach requires a reasonably balanced number of ground observations per prediction

class, we therefore considered several alternatives.
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Figure 2. Spatial distribution and number of ground observations (inset) with vegetation classification
in the EVA database since 2010 that fall within the EWM extent.

The simplest solution would have been to subclassify the existing CORINE data product with the water
table depth classification derived in this project, however this would produce a single year output by
default, as there is only a 2018 product available at the present time. As the intention has been to assess
temporal trends in the condition of, e.g. rewetted, peatlands and wetlands, we therefore focused on
developing a workflow of decision rules to inform this classification problem, and which used high-
resolution land cover data products where multi-annual outputs during 2019-2024 exist, in combination
with the water table depth model developed in this project. The 10 m raster products from ESA World
Land Cover (2020, 2021)5, the Copernicus Land Service Monitoring Programme CLCplus Backbone
(2018, 2021 and 2023)8 and Google Dynamic World (GDW, for 2019, 2020, 2021, 2022, 2023 and

2024)7 were selected and their land cover classes harmonised as follows.

3 https://esa-worldcover.org/en/data-access
¢ https://land.copernicus.eu/en/products/clc-backbone
7 https://www.dynamicworld.app/about
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For GDW, which is available every 10 days, a composite majority (modal) class over the growing season
(March - September) was first produced for each year. The three land cover products were then merged.
Between the ESA World Cover and GDW land cover assignments, we chose the land cover class that
was reproduced more accurately according to the confusion matrices of the two products. For the
CLCPIlus Backbone data product, the per-pixel confidence value was incorporated directly as a weight
in the land cover class voting, so that lower-confidence CLC assignments contributed less to the final
decision, and higher-confidence ones more. This decision tree resulted in a single output land cover
class per 10 m pixel. In cases where no agreement could be found, an “uncertain” class assignment

was used.

For the wetness levels, we used a functional classification of “wet” = mean annual predicted water level
between 0 and -0.2 metres, for “shallow drained” we used thresholds of -0.2 to -0.5 metres, and for
“deep-drained” areas we used -0.5 or deeper, to allow for the uncertainties of ~20 cm in the water table
predictions. Each single land cover class from the decision rule set was therefore subdivided into three

wetness classes.

3 Results

3.1 Water table dynamics interim model

A successful water table dynamics model could be fitted across all the project catchments. We chose
an approach that built a single, generalised, model across the entire project catchment areas, rather
than the by-catchment approach taken in the interim project phase (Deliverable D1.5) due to the
clustered nature of the training data as there was a danger of local sampling artefacts rather than real
spatial processes dominating by-catchment solutions. The mean monthly WTD prediction model
produced a good fit to the training data, with 81.3% of the deviance explained in the overall dataset
across all calendar months (Figure 3) using the optimal model parameters found during cross-validation.
The distribution of residuals, i.e., ¥iye — Yprea iS also given in Figure 3 and exhibits a mean WTD of
0.4e-6, standard deviation of 0.08. skew of —2 and kurtosis of 25. This is indicating a strong tendency to
predict close to the true WTD, with a very slight bias towards underestimation as highlighted by the
negative skew. Additionally, separate plots showing the relationship between the observed water table
depth measurements and the predicted values as well as the distribution of residuals for multiple project
catchments are shown in Figure 4. These individual catchment fits, while showing some variation of
degree of under or overestimation of true water tables at the locally extreme ends, did not suggest any
major categorical issues. Spatially structured sampling (e.g. Wang et al., 2023) was attempted but
resulted in very poor fit on cross validation in all parameter combinations tested. It is possible that the
strong local clustering in the training data effectively reduces the available number of replicates across
spatially quite different environmental gradients too severely for successful attempts to implement
spatially structured sampling and cross validation. However, cross validation that was applied to random
sampling seemed to do well (R2 ~= 0.75) regardless of which random set was held out. In essence, with
the available training and validation data to date, we believe our approach was the best pragmatic option
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that created in a generally plausible model output. Given these caveats, there is a significant risk that
model outputs are limited in applicability outside of internally validated locations/ peatland condition

scenarios.

In order to determine whether a general seasonality to the WTD is observed as expected, a ridgeline
plot of the distribution of WTD predictions for each month at all loggers was produced (Figure 5). From
this it is possible to see that the highest WTD is observed in the winter months peaking in January (1)
and December (12), with the average dropping in the summer months with the deepest predictions seen
in June through August (6-8). Not all theoretically available Sentinel data could be used, however,
because Sentinel 1 and 2 were not fully operational for dense, regular coverage until 2017 (Sentinel-1B
began in 2016, Sentinel-2B in 2017). As the model processing pipeline relies on GEE catalogue
availability, when scaling up to the tile-based inference there were a number of months with little-to-no
sentinel 2 data in both 2017 and 2018. Hence, for this first large-scale effort, we concentrated on 2019-

2024 in order to avoid large omissions in these earlier data period.

The covariates that were used in the final model that was chosen, and how they contribute to the models'
predictions, can be analysed using the SHAP Tree Explainer (Lundberg, 2020). Firstly, they can be
visualised in terms of their mean absolute importance (Figure 6), secondly, their individual importance
depending on their value can be assessed (Figure 7). This is a useful tool in analysing why a given
model reached the conclusions that it did for any given set of covariates. From these figures it is possible
to see that elevation and TWI were both useful features in determining WTD in our model solution. This
is intuitive given the elevation can act as both a proxy for temperature as well as anthropogenic activity
and that TWI aims to model the latent ability of a cell to hold water. The radial basis function for January
is also seen as important, with a stark divide between low and high values, where measurements from,
or close to being taken in, January tend to produce higher WTD values as would be expected given
rainfall and temperature seasonality in the Northern hemisphere temperate and boreal region. Aspect,
similarly, may related to water table dynamics via slight differences in local evapotransporation terms.
NDVI is likely highly related to both the vegetation species mix, which depends on local water availability
to a certain extent, and the temporal influence of drought and rewetting cycles on plant physiology. The
lower contribution of NWDI in the formulation chosen here is most likely related to a mixture of plant and
surface soil moisture content, which is generally non-linear in peatland environments and declines with
depth, and similarly is likely to break down in mineral wetlands at lower water tables. The contributions
of Sentinel-1 backscatter components (VV/VH) may add complementarity through providing better
resolution in locations or time periods with near saturation, as well as a cleaner signal given that cloud-
gapfilling is not required. Finally, propagating potential legacy effects of drought or rewetting (“next
month” parameters) also added further model power. Minor elements were radial basis functions for
other months, i.e. the predictable nature of seasonality in Northern hemisphere regions, with shoulder

seasons being slightly stronger influences than periods of relatively stable hydrological conditions.
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Figure 3. Predicted and observed monthly mean water table depths (left) and distribution of the
residuals between observations and predictions (right).
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Figure 5. Distribution of monthly WTD predictions for the period between 2017-2024 for each logger
location. The seasonal shift from wetter in the winter and dryer in the summer is clearly visible. The
numbers on the y axis are the months of the year.
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Figure 6. Feature importance based on Shapely values using the SHAP package (Lundberg, 2017).
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Figure 7. Feature impact on predicted WTD values based on Shapely values using the SHAP
package (Lundberg, 2017).

Finally, the multi-annual (2019-2024) average predicted WTD values are displayed in Figure 8 for each
of the 10 project catchments. These highlight the predicted spatial patterns within each of the project
catchments. Additional results are shown in Annex 1, Figure 13, which shows both the average WTD
over the predicted period as well as the conformity of the model to existing ground truth time series at
select logger locations within each catchment. As can be seen in these more detailed time series
outputs, the temporal changes are generally well represented, with seasonal water level drawdown and
autumn rewetting well predicted. The model also predicted some long-term trends, with some locations
suggesting sustained long-term drawdown and other locations suggesting consistent rewetting,
amongst areas considered as having stable water levels by the model predictions. At the present, due
to the rather limited training and validation data, and the limited period of the observations, we cannot

be certain whether these predictions of longer-term trends are correct.

As an additional verification step, which was discussed at the Wet Horizons M18 review meeting, we
asked project contributors at the collaborating institutes and contacts within the HE sister project

ALFAwetlands to send feedback on how they perceived the water table outputs to perform in their
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respective catchments, specifically in relation to the observed spatial patterns. The data were made
available to these wider teams via a central upload point, together with user notes and style files for Arc
GIS and QGIS users to ensure consistency in viewing the water table depth outputs. collection of
feedback was requested via a secure and anonymised survey form (available at

https://hutton.qualtrics.com/jfe/form/SV_85JFpc8UaBbcrki). In the survey, which remained open for

further feedback until M43, respondents were asked to provide written feedback on areas of good
performance and areas with less robust predictions. Users were able to add specific co-ordinates and

notes for potential follow-up datasets.

Summarising the feedback received, we received feedback on six test regions across the project
catchments from six anonymous expert reviewers from within, or associated with, the project
consortium. Elements which these reviewers raised were that the model generally produced plausible
results for near natural and moderately drained peatlands, i.e. from classes that included the majority of
training data. Areas where the model was considered to perform less well were in more deeply drained
peatlands, over afforested areas, and in peatlands that are periodically or temporarily inundated after
rewetting, which is plausible given the relative scarcity of available training data for such states. We
unfortunately did not receive any feedback on the validity of predictions over mineral wetland areas

beyond a perception that the predicted water tables in coastal wetlands might be too low (deep).

Mean WTD 2019-2024 (m)
o |l <=-06
» B -0.6--0.4
|-0.4--0.2
1-0.2--0.1
il -o1-0
>0

Figure 8. Summary outputs of the model, visualising the multi-annual mean WTD for the project
catchments. Top row from left to right: Germany (Peene Valley), Denmark, Northern Finland, Southern
Finland, Garonne, Danube, bottom row from left to right: the Netherlands, Poland, Scotland (North
East), and Scotland (Strathy) project catchments. The legend shows pre-classified mean water table
depth intervals.

3.2 Wetland condition class model

In this model, we combined three existing land-cover products with a water-table-depth (WTD) mask to
produce a spatially explicit map of wetland condition across each catchment. First, the CORINE Land
Cover Plus (CLCPIus) Backbone, Google Dynamic World (GDW), and ESA WorldCover rasters were
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reclassified to a common nine-class legend. These three sources were then combined with a weighted
consensus vote: each pixel's CLCPlus confidence (0—1), GDW per-class accuracy, and ESA per-class
accuracy contributed equally (one-third each) to a score vector, and the class with the highest combined
score was assigned. For the Scottish catchments, where the balancing contributions of the CLCPIlus
Backbone data set was not available for download (Annex 1, Figure 14), we replaced the CLCPIus data
with the UKCEH Land Cover Map product, combining it with GDW and ESA in the same manner.

The mean annual WTD raster masked to the wetland extent was then reprojected and resampled to
share the exact coordinate reference, resolution, and extent as the harmonised land cover map. Each
valid WTD pixel was assigned to one of three wetness pixels based on its mean depth. Pixels with WTD
below —0.5 m were classified as deep-drained, WTD between —-0.5 and —-0.2 m were classified as
shallow-drained, and WTD at or above -0.2 m were classified as wet. Pixels with no valid WTD (outside

the wetland mask) were set to nodata and excluded.

The outcome of this analysis is summarised in Figure 9. The overall outputs are very promising and
generally produce plausible land cover categories with plausible wetness subclasses. For example,
grasslands on peat or mineral floodplain soils are predicted to generally be drier in the mid and southern
project catchments and, conversely, predicted to be wetter in northern project catchments. The
combined model also produces plausible fine-scale land cover classification outputs in most
catchments, for example it is able to reproduce boundaries between grasslands on peat and cropland
use in the Netherlands, Northern Germany and Denmark better than CORINE. The approach taken here
did not allow inclusion of a specific set ‘peatland/wetland habitat’ classes, instead such habitats on the
ground would be represented in the model outputs as “Trees” for tree-dominated peat/wetland classes,
“Grass” for habitats dominated by graminoid vegetation, and “shrub and scrub” or “flooded vegetation”
for more moss or ericaceous shrub dominated habitat types. The subtypes of wetness classes should
theoretically correspond to vegetation types adapted to the typical water level within each wetness class.
At present, however, there are insufficient ground observations to test how these predictions fit with
reality. Although we tested whether the predicted classes matched available ground observations from
the EVA database and our own compilation for Deliverable D1.4, this was more of a proof of principle
as there were insufficient data available from the same time period as the Earth Observation data (Figure
2). In addition, only a very low number of the available vegetation community observations fell within
some of the predicted decision-rule combination categories (Annex 1, Figure 15). Notwithstanding these
limitations, a check of the proportional share of EUNIS classes per decision-rule class revealed that the
more commonly predicted classes (in terms of spatial extent across the catchments) broadly aligned
with the observed ground observations in the majority (Annex 1, Figure 16). Indeed, for the three
predicted “tree” subclasses, available ground observations also matched generally as tree-dominated
EUNIS habitats, although confusion increased with increasing predicted site wetness class. For the
three “grass” subclasses, the majority of available observations indeed matched grassland EUNIS

habitat types, although there was significant confusion with helophyte communities.

For the two Scottish catchments we substituted the UK Land Cover Map as part of the triplet of parent

data for the decision rules. This approach also resulted in plausible fine-resolution classification outputs
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across most of the project catchments, with a particularly interesting aspect that the model suggested
higher frequency of ‘wet grassland’ types than ‘wet shrub & scrub’ in more eastern project catchment
areas (Figure 8). At a few test locations, this appears to represent a gradient in plant community that
has a higher proportion of sedge, rush, or grass species in drier and shallower peatland areas, compared

with the much more Sphagnum moss-rich communities of the wetter and deeper core peatland areas.

In some cases, however, land cover outputs are produced that are incongruent with the actual ground
vegetation, with particular mismatches in classifications for “water (deep-drained) and water (shallow-
drained)” classes, which on the ground represent mixtures of peatland, helophyte, grassland, or shrub-
dominated EUNIS habitat types, respectively. This is particularly visible in the outputs for Poland and
Southern Finland (Figure 9) and demonstrated in more detail in the Annex (Figure 16). Given these
mixed results, combined with the lack of matching annual data products across the parent land cover
datasets, only a single common time slice could be constructed for the decision rule outputs. Another
complicating factor is the temporal instability of e.g. GDW across peatland areas, where land cover

assignments tend to be particularly unstable

Land Cover x Wetness Classification

Il Water (deep-drained)

I Water (shallow-drained)

[ Water (wet)

Il Trees (deep-drained)

I Trees (shallow-drained)

[T Trees (wet)

|71 Grass (deep-drained)

|| Grass (shallow-drained)

[ | Grass (wet)

Il Flooded Veg. (deep-drained)
B Flooded Veg. (shallow-drained)
|1 Flooded Veg. (wet)

Il Crops (deep-drained)

B Crops (shallow-drained)

[Z Crops (wet)

Il Shrub & Scrub (deep-drained)
Il Shrub & Scrub (shallow-drained)
77 Shrub & Scrub (wet)

[l Built Area (deep-drained)

[ Built Area (shallow-drained)
[ Built Area (wet)

Il Bare Ground (deep-drained)
Il Bare Ground (shallow-drained)
Il Bare Ground (wet)

[ Snow & Ice (deep-drained)
[ Snow & Ice (shallow-drained)

[ Snow & Ice (wet)

Figure 9. Land Cover * Wetness Classification for 10 catchments showing the combined land-cover
class (nine categories) and wetness level (deep-drained, shallow-drained, wet) derived from the
weighted consensus map and mean water-table depth. The left-hand legend identifies the 27 possible
combinations (codes 11 - 93). Top row from left to right: Netherlands, NE Scotland, Poland, middle row
from left to right: Denmark, Germany (Peene Valley), Southern Finland, Northern Finland, bottom row
from left to right: Scotland (Strathy), Garonne, and Danube project catchments.
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In theory at least, a similar approach as taken in this project could be feasible to repeat in future, when
multi-year mean slices of land cover data products may be available, and the next CORINE output is
released. We were able to produce finer resolution outputs in principle, and some of the areas that were
predicted to be more deeply drained peatland areas in particular showed relatively good matches with
the, much coarser, CORINE 2018 outputs. An example for an area in the Dutch catchment is shown in
Figure 10, where the combined decision rule model produced a better representation of the highly

fragmented grassland-cropland-urban landscape of peatland and wetland conversion than CORINE.

Netherlands Catchment

Wetland Condition Map

Corine Map

Figure 10. Netherlands catchment: visual comparison of products. Top:Land Cover & Wetness (10 m)
derived from the harmonised land-cover map and WTD-based wetness classes, masked to the wetland
extent. Bottom: CORINE 2018 (100 m) (reclassified; masked to the same wetland extent) with
corresponding zoom.

Similarly, for the Scottish decision rule outputs, the decision rule-based model was able to reproduce
boundaries between broad habitat types that are also observed in the much coarser CORINE data
product (Figure 11). A final highly encouraging result is that our decision tree based classification was
able to successfully show that restored peatland areas in this catchment no longer classify as forest,
instead classifying such areas as “grass — wet”, which may be reflect the still incomplete transition to

fully recovered peatland (Figure 11) as also observed by Ball et al., (2023).
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Strathy Catchment

Wetland Condition Map

Corine Map

Figure 11. Strathy catchment: visual comparison of products. Top: Land Cover & Wetness (10 m)
derived from the harmonised land-cover map and WTD-based wetness classes, masked to the wetland
extent. Bottom: CORINE 2018 (100 m) (reclassified; masked to the same wetland extent) with
corresponding zoom. The blocks classed as forest in CORINE (lower zoom) have been gradually felled
and rewetted to recreate peatland habitat since 1998. This is far more accurately represented in our
decision rule-based combination of other land cover data products (upper zoom).
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Figure 12. CORINE Land Cover class legends for Figures 9 and 10
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4 Discussion

The performance of the interim water table model was assessed in the light of whether it will generate
meaningful outputs for use in anchoring the hydrological changes applied or predicted in the eventual
land surface model application to Europe in WP3, as this is a component of Deliverable D3.4. The model
evaluation suggested that the predicted water table dynamics across the peatland and wetland areas
within the project catchments were reasonably robust. In addition, our survey feedback also indicated
that the spatial gradients, i.e., known water table boundaries between e.g. restored/unrestored areas or
different types of land uses of wetlands, were reasonably well represented in the model outputs. Less
well predicted were areas under forestry or where standing water occurs, due to a relative lack of training
data. This suggests that the water table dynamics model outputs could be used, with caution and careful
interpretation, in Land surface models (LSM) contexts, especially as LSM tend to be used to produce
model predictions at medium to coarse spatial resolution. LSMs could potentially use these outputs as
part of validation of water balance closure at catchment level (e.g., Long et al., 2014, Pascolini-Campbell
et al, 2020, Lehmann et al, 2022), as the cumulative water table changes over a given period could be
considered as a storage term in the water balance equation, at least for peatlands. Generally, outputs
from the GRACE satellite mission are used for water balance calibration of LSMs, however the resolution
of these products are at the scale of hundreds of kilometres. In addition, caution is required to remove
the gravity effects of glacial isostatic adjustment signals and land-ocean leakage, where applicable, in
order to generate realistic estimations of water storage changes. Hence, our model outputs could
potentially extend LSM model evaluation for hydrological performance beyond the simple point-scale
measures of fit against WTD fluctuation predictions versus ground observations that are still mostly used
at present (e.g. Largeron et al., 2018, Bechtold et al., 2019). For such an application, an intermediate
step is required in translating the changes in water table depth to equivalent water storage change using
an (effective) specific yield. In peat, however, the storage response is highly nonlinear due to changes
in effective specific yield over the depth of the peat, shrinkage and re-expansion during drying and
rewetting cycles, and other factors that produce spatial as well as depth variation (e.g. Baird 1997,
Bourgault et al, 2016). This element of spatial and depth variability of specific yield is not currently well
implemented in most LSMs and would still require further development (Lv et al., 2021). In itself,
however, the completion of a scalable water depth dynamics model for peatlands and mineral wetlands
can be considered a major improvement on global products such as SOIL-WATERGRIDS (0.25 degree
resolution, Guglielmo et al, 2021), and hence we believe that the present WTD output will provide a
useful data product for hydrological performance evaluations of the ORCHIDEE model for D3.4,
although some scaling work will be required given the very high resolution of our model outputs
compared with the ORCHIDEE grid. More generally, mean annual WTD proxies underpin IPCC
emissions accounting for managed peatlands and rewetting; therefore a robust spatial monitoring tool
for peatland WTD will enable nation states to move toward Tier 2/3 reporting, track rewetting targets
under the Nature Restoration Law, and evidence compliance with public funding requirements for

evidence on outcomes and voluntary carbon market instruments alike (e.g. IPPC 2014).
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In the remaining delivery work for WetHorizons, we are making the relevant teams aware of the
limitations of the produced WTD and condition model outputs. The current version has already been
applied for completion of Deliverable D2.4 (Upscaling protocol) where catchment-level summary
mitigation potential have been calculated through combination of outputs from D2.3 (temporally stratified
emission factors) and the mean annual WTD model outputs presented in this report. For D1.8 (priority
maps for peatland rewetting, M44), the WTD product is being applied to generate hotspot maps of
emissions, and we have worked with the relevant team to ensure they interpret resulting derived outputs
with appropriate caution and by referring to the user notes generated for the present deliverable. For
D3.4 (due M46), we are preparing downscaled WTD products at the same resolution and will compare
the 2022 mode output with that of the three models in D3.4. We are also discussing whether a similar
comparison of land cover representation in the LSMs with the condition modelling approach presented
here would be useful. Finally, for D1.7 (the Interactive App that will combine WetHorizons outputs into
a decision support tool, deferred to M46 from the original M44) we are exploring how the compound
error of propagating these model outputs into the app will be most appropriately handled. We are
exploring a combination of user notes highlighting the caveats in the App, and potentially a data layer

that will generate a qualitative indicator of areas with higher or lower spatial uncertainties.

Finally, although the water table model was able to successfully reproduce seasonal dynamics, we are
less certain whether multi-annual trends in water table dynamics can be reproduced yet. Although the
model can technically predict multi-annual trends over the 2019 to 2024 period, the predicted
magnitudes of change over these periods tended to be in the range of around 1-10 mm per year, with
few examples of steeper water level drawdown or rewetting. As the majority of the ground observations
had shorter observation periods than the predictions, it is not currently possible to verify whether these
small ranges in long-term water level dynamics are robust especially as they are far smaller in magnitude
than the seasonal trends. Longer term studies on the ground will be required, alongside longer Earth
Observation time series, to further elucidate whether it is possible to use this method as a means to

monitor water table impacts of management or climate change (e.g. Giese et al., 2025).

De Waard et al (2024) reviewed the potential, gaps and challenges for remote sensing of peatland
degradation in temperate and boreal peatlands. They frame peatlands as a tripartite system consisting
of the peat body, hydrology, vegetation, and argue that all three elements are required to be monitored
to assess overall condition. In their review, they point to a lack of monitoring studies that combine all
three elements of the peatland tripartite system, highlighting that the focus has been largely on
vegetation monitoring. It is worth specifying that the concept of the ‘peat body’ in their review contains
multiple elements, namely those of peat extent, peat depth, and mechanical properties of peat In intact
peatlands, various ecohydrological feedbacks maintain shallow water levels with minimal amplitude
(Waddington et al., 2014), however in damaged peatlands these feedbacks are impaired or lost to the
degree that peat is lost through subsidence and oxidation processes. Such changes in the surface
elevation of the peat have also been the target of condition monitoring development, with e.g. Bradley
et al (2022) proposing that interferometric synthetic aperture radar-observed dynamics in surface
oscillations can be classified into distinct condition types. In this project, we combined the elements of
hydrological and vegetation. With more development, the third axis of monitoring could include surface
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motion as a suitable tool to monitor changes in peatland condition on annual to multidecadal timeframes.
As described earlier, low water tables in peatlands result in subsidence and oxidation, resulting in
reduced residual peat mass. Such local changes in topography can affect flood risk, for example, in
tandem also affecting export of dissolved organic carbon into river systems, with concomitant impacts
on e.g. human drinking water abstraction where additional costs are incurred in water treatment. Robust
spatial monitoring tools for peatland water levels could also be ideal solutions to monitor e.g. irrigation
demands for rewettability in paludiculture use cases, and indeed this application is now under

development in a follow-up Horizon Europe project (PaluWise)

For the modelling of vegetation/habitat proxies of condition of peatlands and wetlands, the project
outcome was somewhat less successful as a potential immediate replacement of CORINE for habitat
condition monitoring. Although our approach combined probabilities of class occurrence from multiple
parent datasets, specifically to avoid the known low accuracies of particularly the GDW and ESA
products in heterogenous landscapes (Brown et al., 2022, WorldCover Product Validation Report, 2022,
Venter et al., 2022, Xu et al., 2024), the decision-rule outputs produced plausible classifications only for
tree- and grass-dominated peatland and mineral wetland landscapes, and even there only with
moderate accuracy. Although this is a disappointing outcome, it highlights a strong need to advocate for
inclusion of more semi-natural habitats in high temporal and spatial resolution global land cover
mapping, as also pointed out in reviews of the Copernicus Global Land service GLC (CGLS-LC100)
data product which identified herbaceous wetlands as the least stable output class and most in need of
specific training and calibration data (Tsendbazar et al., 2021). A relatively recent global-scale wetland
modelling output at 30 m by Zhang et al (2023) improves on the spatial resolution of CORINE but does
not subclassify major land cover types of peatland and mineral wetlands in a way that is meaningful for
condition monitoring as the classes are very broad. In this sense, the observation that our approach is
able to pick up at least major land cover changes over multi-annual time frames, such as restoration of
peatlands after a period under plantation conifer forestry, is however encouraging. While it is not
currently feasible to improve the model itself within the remaining timeframe of the project, we are
preparing prepare a peer-reviewed publication (up to M48), that will describe the approach, findings of
incongruence between commonly used global land cover data products, and explore utility of whether
further data sets e.g. Global Forest Watch (e.g. Gibbs et al., 2025) or the global annual wetlands maps
(GWL_FCS30D, Zhang et al., 2024) could provide useful information to improve the classification
accuracies. Other future improvements could include use of the phenological information content of

Earth Observations (e.g. Arroyo Mora et al., 2018, Garisoain et al., 2023).

The applications of our modelling approach in mineral wetlands could similarly be very broad, if model
outputs can be more successfully validated in future. Although the model performance was untestable
for WTD, expert opinion suggested that the predicted WTD of coastal mineral wetlands were often too
low. Similarly, the decision rule approach to model vegetation/habitat types was considerably less
successful for vegetation classes characteristic of mineral wetlands. Although it is clear that this element
of the project was less successful future applications could have high value in mapping hydroperiod for
e.g. habitat suitability, potential nitrogen removal hotspots, and restoration outcome monitoring (Pekel
et al., 2016, Diaz-Delgado et al., 2016, Slagter et al., 2020, Dronova et al., 2021).
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In summary, the WTD model outputs have already been applied in delivery of D2.4 and D1.8 in
generating project catchment-scale estimates of GHG mitigation potentials, and restoration priority
areas, respectively. In both cases, the outputs will have caveats given the parent data. This will be
expressly acknowledged in the user notes related to the overall project interactive App, D1.7, which was
delayed by agreement until M46 given the overlap in timelines of delivery for D1.8 and D3.4. Thus, the
preparation of the scientific publications of the water table model and the condition modelling attempts
were delayed to M46 as well. In the same time frame, there is an opportunity to review the utility of
including further parent data products into the decision-rule model of condition, which we will test to see
if these could help to improve the currently moderate accuracy of the class assignments. For both
models, there are multiple use cases in peatland and wetland monitoring across Europe, and indeed
one such application will now be developed for assessing catchment level rewettability in paludiculture
settings in a follow-on Horizon Europe project. Other use cases are in LSM performance evaluations,
habitat suitability mapping for restoration design, and hotpot mapping for GHG emissions mitigation. In
the final project months, we will focus on completion of the scientific outputs and generation of project

impact via awareness raising of the multiple utilities of the model outputs..

4.1 Data depositions

The compiled model outputs, alongside a description of the methodology used, complete with new user
notes describing caveats for onward use, have been deposited at Zenodo (for the WTD model:
https://doi.org/10.5281/zenodo.16753826, for the Condition outputs at
https://doi.org/10.5281/zen0do.16942145), within the WetHorizons project space. Datasets have been

temporarily embargoed until receipt of acceptance of this Deliverable, after which they will be made
Open Access. This was implemented to avoid downloads and use by the wider scientific community in

the event of any requested revisions.
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Figure 13. Mean predicted WTD between 2019-2024 with select comparisons to ground truth loggers
in each catchment: a) Scotland, b) Denmark, c) Finland, d) France, e) Germany, f) the Netherlands,

and g) Poland.

Legend X

CLCplus Backbone 2023 (raster 10 m), Euro|

.Sea\ed
.'Wucdy needle leaved trees
Woody broadleaved deciduous trees
IWﬂndy broadleaved evergreen trees
.Low-grnwing woody plants
Permanent herbaceous
Periodically herbaceous
Lichens and mosses
Mon and sparsely vegetated
.Water
Snow and ice
><Coasta\ seawater buffer
Xoutsids area

B E B B El 3 e

Figure 14. Screenshot of the CLCPlus Backbone data product for Scotland Strathy. Although this data

can be viewed online, it is not currently downloadable for public use.
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Figure 15. Number of EUNIS observation sites per predicted condition class

1 2 3
100%
75%
50%
0%

4 5 6
100%
50%
25%
0%

Figure 16. Proportional share of observed EUNIS vegetation community per decision-rule class. 1 =
water, 2 = trees, 3 = grass, 4 = flooded vegetation, 5 = crops, and 6 = shrubs and scrub. Each triplet of
bars denotes the wetness subclass, from driest to wettest.
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