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Abbreviation Description 

ORCHIDEE- 

PEAT 

A land surface model (ORganizing Carbon and Hydrology in Dynamic 
EcosystEm) including peat processes. Also referred to as ORCHIDEE in this 
report to emphasize peatland processes. 

 
JSBACH 

A land surface model for terrestrial energy and carbon exchange. Also 
referred to as JSBACH-HIMMELI in this report. 

HIMMELI A methane production and transport model linked to JSBACH. 

DNDC DeNitrification-DeComposition. Also referred to as Wetland-DNDC. 

GPP Gross primary production of an ecosystem in terms of CO2 uptake. 

NPP Net primary production of an ecosystem in terms of CO2. 

 
TER 

Total ecosystem respiration – a sum of CO2 efflux from soil decomposition 
and plant maintenance and growth respirations. 

NEE Net ecosystem exchange of CO2 equaling to TER minus GPP. 

NBP  Net Biome Productivity (defined as GPP minus TER minus CH4-C emissions 
minus disturbances such as fires 

 
LAI 

The leaf area index indicates the ratio between green photosynthesizing 
plant area to the land area. 

WTD Water table depth below ground surface - indicates location of waterlogged 
soil. 
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Summary of Deliverable 

This deliverable summarizes the model simulation protocol that was used by three models to 

perform site simulations of CO2 and CH4 fluxes, as well as energy and water fluxes at selected 

sites for which observations from eddy covariance flux towers have been collected in task 3.1. 

The models used are two land surface models used for global applications and developed to 

further represent peat processes, ORCHIDEE PEAT and JSBACH HIMMELI (section 2). 

These models do not represent different types of wetlands explicitly such as bogs, fens, 

marshes but they represent the impact of water availability and climate at each site and 

different types of vegetation, including grass/sedges, moss and shrubs in ORCHIDEE PEAT, 

thus allowing a realistic simulation of biogeochemical processes involved in each type of 

wetland.  The third model, DNDC is designed for site applications and contains an explicit 

nitrogen cycle allowing to simulate N2O emissions from each site.  

Because CO2 and CH4 fluxes from wetlands have been impacted by climate change and rising 

atmospheric CO2 since 1850, and by direct anthropogenic land use activities such as drainage 

and peatland conversion to other land use types, we designed three separate protocols to 

simulate  

- The long termlong-term evolution of GHG fluxes since 1901 under changing climate and 

rising atmospheric CO2 with the same protocol than used for the global TRENDY land surface 

models in the global carbon budget annual assessment (Friedlingstein et al., 2023) with the 

same 6-hourly climate forcing than used for TRENDY models sampled at the location of the 

14 sites considered for the project with undisturbed peatlands and wetlands (section 3)  

- The effect of drainage with a prescribed water table depth considering different depths and 

given time horizons under current climate and CO2 conditions (section 4). 

- The effect of changing climate and rising atmospheric CO2 across all catchments using 

gridded climate forcing data (section 5). 

We present in section 3 the simulated historical GHG fluxes results by the 3 

models, after calibration of each model against eddy covariance data from up to 14 flux sites 

in D3.1 and D3.2, and CH4 flux data from 6 sites. For each model, a subset of sites was 

selected depending on the suitability of the data available for the calibration. 

We present in section 4 the performances of two models for simulating drainage 

followed by rewetting with a detailed comparison of the model simulation response to a lower 

water table depth with meta-analysis of observed drainage responses of CO2 and CH4 fluxes 

and the future response to drainage and rewetting applied to the undisturbed sites.  

We present in section 5 the first gridded simulations results for catchment / 

European scale over the historical period for two models. 
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1 Introduction 

Wetlands play a vital role in the global carbon cycle and provide numerous ecosystem services 
essential for human well-being, biodiversity conservation and ecological balance. They 
represent the largest carbon pool of European ecosystems. However, the degradation of these 
ecosystems such as human induced drainage and land use change poses significant 
challenges, including increased greenhouse gas (GHG) emissions and loss of valuable 
services. Conversely, rewetting and restoration efforts offer promising avenues for mitigating 
these impacts and restoring the health and functionality of wetland environments. 

The overall aim of WP3 is to quantify the impacts and uncertainties of climate change and 
wetland degradation and restoration on GHG emissions and ecosystem services, and to 
reduce uncertainty on the carbon balance of European wetlands for the historical past and the 
future, by using state-of-the-art process-oriented mechanistic models. The use of mechanistic 
land surface models makes it possible to make historical simulations to quantify past changes 
and future scenarios in changing climate. Mechanistic models, moreover, provide tools to 
extend the investigation area beyond the site scale that the most intensive observations can 
cover. Recognizing the inherent uncertainties associated with modeling complex systems, 
WP3 adopts a multi-model approach to account for structural variability and enhance predictive 
accuracy, with three state of the art models ORCHIDEE PEAT, JS BACH HISSELI and DNDC. 
These models have been developed for peatlands mainly an can be applied for other types of 
wetlands, but the current map available for the project only covers peatlands, hence peat is 
the main focus of this deliverable. 

Model parameters calibration against site level observations of CO2 and CH4 fluxes was the 
effort made in Task 3.1 and Task 3.2. In this deliverable we present the results of the calibrated 
models for historical simulations over the last century for undisturbed sites with climate change 
and CO2 change, and the results of the models for drainage simulations under current climate 
evaluated against meta-analysis of multiple site observations. The models are presented in 
section 2. The list of sites and the results of the models historical simulations in section 3, the 
results of the model drainage simulations in section 4 and the first results for gridded 
simulations across all European wetlands in section 5. 

 

 

2 Models 

2.1 JSBACH HIMMELI 

JSBACH-HIMMELI is a combination of two models, JSBACH, a land-surface model, and 

HIMMELI, a specific model for northern wetland emissions of CH4. HIMMELI (HelsinkI Model 

of MEthane buiLd-up and emission for peatlands) has been developed especially for 

estimating CH4 production and transport in northern wetlands and can be easily used as a 

module within different modelling environments (Raivonen et al., 2017, Susiluoto et al., 2018). 

HIMMELI is driven with soil temperature, water table depth, the leaf area index and anoxic 

respiration. These parameters are provided to HIMMELI from the land surface, JSBACH, which 

models hydrology, vegetation, and soil carbon input (Reick et al., 2013). CH4 emission and 

uptake of mineral soils were calculated following the method by Spahni et al. (2011). 

The soil carbon model of JSBACH is YASSO (Goll et al., 2015) where for peatland 

implementations the soil carbon storage has been divided into oxic and anoxic fractions 

according to the water table depth. In the anoxic soil fraction, the peat decomposition of the 

different chemical composition pools is slowed down from their oxic decomposition rates 



 

(Kleinen et al., 2020). 

Typically for natural ecosystems, such as pristine peatlands in this project, we apply JSBACH 

with stationary vegetation cover where the annual dynamics are controlled by climatic drivers, 

but the long- term changes of the vegetation cover are not considered. For forest management 

on forestry drained peatlands, we apply a JSBACH version accounting for forest growth in 

even aged stand (Nabel at al., 2020) the forest growth can be terminated with clear-cuts 

followed by regrowth of the even aged stand. In the context of clear-cut a fraction of biomass, 

containing roots, leaves and a fraction of woody structural parts is directly located in soil carbon 

storages. An optional management for the forest stand is logging a percentage of wood while 

the rest keeps on growing as an even-aged stand. 

2.2 ORCHIDEE-PEAT 

ORCHIDEE is the land surface model component of the IPSL-CM Earth System Model. The 

version of ORCHIDEE used in this project, ORCHIDEE-PEAT, is specifically developed to 

model dynamics of peatland carbon stocks, carbon fluxes, and its spatial extent (Qiu et al., 

2018, 2019). The model considers peat-specific soil properties, including a high porosity, a 

large saturated hydraulic conductivity and low permeability of peat at the soil bottom. In 

addition, peatland receives surface runoff from surrounding non-peat areas and has an above-

surface water reservoir up to 10 cm, thus can maintain a high water table. Vegetations growing 

on peat are grouped into 5 plant functional types (PFTs): 2 PFTs for trees (1 for boreal 

evergreen needleleaf trees and 1 for boreal deciduous needleleaf trees), 1 PFT for shrubs, 1 

PFT for grasses, and 1 PFT for mosses. The distribution of these PFTs can either be 

prescribed or dynamically simulated. The model can simulate both the natural peatland, and 

the conversion of peatland to cropland (represented by two crop PFTs: 1 for wheat and 1 for 

maize) and consequently carbon emissions (Qiu et al. 2021). The accumulation of peat is 

simulated as a downward transport of carbon along the model soil layers, with the 

decomposition of litter and soil carbon being constrained by soil moisture, soil temperature and 

depth of each model layer. 

2.3 DNDC and DNDC meta-model 

DNDC (DeNitrification-DeComposition) model is a process–based biogeochemical model that 

simulates carbon (C) and nitrogen (N) dynamics in forest ecosystems and predicts plant growth 

and production, C and N balance as well as generation and emission of greenhouse gases 

(GHG) and has been successfully tested to quantify GHG across a broad spectrum of climate 

regimes (Miehle et al., 2006; Stang et al. 2000; Zhang et al. 2002). The wetland version of 

DNDC, henceforth referred as Wetland- DNDC, is adopted in this study and captures the 

unique features of a wetland ecosystem, including water table fluctuations, dynamics of 

mosses and herbaceous plants as well as soil biogeochemistry under anaerobic conditions. 

There are four key components of the Wetland-DNDC model: hydrology, soil thermal 

dynamics, growth of mosses and herbaceous plants, and anaerobic biogeochemistry. A 

detailed description of the structural and functional aspects of Wetland-DNDC has been 

documented in Zhang et al. (2002). 

All the sub-models are linked. For example, vegetation growth and soil carbon dynamics are 

influenced by soil and hydrological conditions and plant growth influences different hydrological 

cycles. Vegetation structure influences production of CH4 and its movement through plants. 

The hydrology sub-model divides the soil into different layers (e.g., organic and mineral soils) 



 

and partitions it into unsaturated and saturated zones. Water table dynamics are calculated 

using a detailed water budget. Ground vegetation (Frolking et al., 1996) and woody growth 

(Aber et al., 1996) were adopted from well-established process- oriented ecosystem models. 

Anaerobic processes in the soil, including various decomposition processes and CH4 

production and oxidation, are determined by the redox potential (Eh) of the soil layers (Fiedler 

and Sommer, 2000). 

As running Wetland-DNDC can be computationally extensive, meta-models are developed by 

statistically linking inputs and outputs of Wetland-DNDC. Separate meta-models are 

developed for each output variable of interest (CH4 emission, NEE, GPP, TER) whereas the 

full model generates several outputs. Meta-models can be advantageous for regional-scale 

applications as they require less expertise to apply once they are developed, have lower input 

data requirements and lower computational effort compared to complex models (Giltrap and 

Ausseil, 2016). Different statistical approaches for the design of metamodels exist, including 

regression and random forest-based meta- models. The applicability and performance of 

different statistical meta-modeling techniques depend on the goal of meta-modeling, the form 

of relationships included in the full model, and the number of full model-runs used to construct 

the meta-model as different statistical techniques capture various aspects of the input-output 

relationships (Asher et al., 2015). 



 

 

 

3 First multi-model results for historical GHG and 

carbon stock changes 

3.1 Sites used for the historical GHG simulation 

Flux and auxiliary data have been collected for 14 sites. Ten sites are pristine (or semi-natural), 

two are drained (FI-Let, FR-LGt) and two are rewetted (DK-Skj, DE-Zrk). Table 3.1.1 gives the 

site characteristics together with details about the amount of data available for the work 

package, and moreover specifies whether the peatland falls into bog or fen peatland category. 

 
 

Site ID Site name Country Lat Lon Site type Note Peat type 

FI-Sii Siikaneva Finland 
61.833 
24.193 

Pristine 
 

Fen 

FI-Lom Lompolojänkkä Finland 
67.997 
24.209 

Pristine 
 

Fen 

FI-Let Lettosuo Finland 
60.642 
23.960 

Drained for 
forestry 

Partial cut in 
2016 

Fen 

DE-Zrk Zarnekow Germany 
53.876 
12.889 

Rewetted 
Rewetted in 
2004/05 

Fen 

GL-NuF Nuuk Fen Greenland 
64.131 
-51.386 

Pristine 
 

Fen 

CZ-Wet 
Trebon  

Czechia 
49.025 
14.770 

Pristine 
 

Fen 

DK-Skj Skjern Denmark 
55.913 
8.405 

Rewetted 
 

Fen 

DE-Akm Anklam Germany 
53.866 
13.68 

Pristine 
 

Fen 

UK-Bal Cairngorms UK 
56.92 
-3.16 

Semi-Natural 
 

Bog 

FR-LGt La Guette France 
47.323 
2.2841 

Drained 
 

Fen 

SE-Deg Degerö Sweden 
64.182 
19.557 

Pristine 
 

Fen 

SE-Hal Hälsingfors-mire Sweden 
64.160 
19.552 

Pristine 
 

Fen 

SE-Ham Hålmyran Sweden 
64.16 
19.569 

Pristine 
 

Fen 

SE-Sto Stortjärn Sweden 
64.175 
19.564 

Pristine 
 

Fen 

 

Table 3.1.1 Peatland sites used for historical simulations 

 



 

 
3.2 Simulation protocol for historical climate change 

impacts on wetland GHG fluxes 

All models were driven by the same meteorological forcing data (CRU-JRA v2.4), which covers 

the period from 1901 to 2022 (Harris, 2023), and atmospheric CO2 concentrations 

(Meinshausen et al., 2011), following a common simulation protocol in three steps as below. 

The models should use their optimized parameter values at each site or for groups of sites, 

that best fit recent flux observations prior to perform the historical runs. 

Step 1: First spin-up Phase 

All models were first spun up for 10,000 years with atmospheric CO2 concentration fixed at 

pre-industrial levels (286 ppm). As northern peatlands showed a peak initiation around 10 ka 

in most regions (MacDonald et al., 2006; Morris et al., 2018), this 10,000-year spin-up 

approximates peat carbon accumulation during the Holocene. Repeated 1961–1990 

meteorological forcing was used in this step to approximate Holocene temperatures, which 

were higher than pre-industrial levels. 

Step 2: Adjustment spin-up Phase 

All models were run for another 100 years with repeated 1901–1920 meteorological forcing to 

adjust simulated soil hydrological and thermal variables and carbon fluxes to pre-industrial 

climate conditions. 

Step 3: Historical transient simulation 

The historical simulation was conducted from 1861 to 2022, using historical meteorological 

forcing from CRU-JRA and historical rising atmospheric CO2 concentrations. For the period 

from 1861 to 1900, the model used repeated climate forcing from 1901 to 1910 because no 

reconstructed climate input data is available from 1861 to 1900. 

ORCHIDEE PEAT followed exactly the above protocol.  

JSBACH-HIMMELI follows for most parts the general protocol. In order to have the number of 

days of leap years correct without further adjustments, the years 1901 to 1913 were looped to 

fill in the meteorological forcing for years from 1861 to 1900. Moreover, for the spin-up phase, 

the 30 years of the filled meteorological data series (that is from 1900 to 1930) were used 

making the Holocene cooler than in the general protocol. Additionally, the FI-Let site was 

simulated with the afforestation taking place in the end of 1960’s. 

Unlike the approach adopted by the other two models, the DNDC model employ different 

simulation protocols primarily due to its distinct focus and methodologies in handling complex 

ecosystem processes. The DNDC model adopts a spin-up protocol, focusing on stabilizing 

model parameters over a shorter period of 100 years (based on fixed atmospheric 286 ppm 

CO2 concentration) . This is because Wetland-DNDC is designed to respond dynamically to 

various environmental inputs, particularly greenhouse gas emissions, which are complex and 

highly sensitive to initial conditions. The shorter spin-up period in Wetland-DNDC allows the 

model to reach a stabilized state more efficiently, enabling it to run in "forward mode" and 

estimate the ecosystem's sequestration capacity in response to historic climate change. 



 

 

Ongoing DNDC Efforts to Align the Protocols : 

Work is currently underway to synchronize the DNDC simulation protocol with that of 

ORCHIDEE-PEAT and JSBACH-HIMMELI. The goal is to standardize key aspects of the spin-

up and stabilization processes, which would enable a more robust 1:1 comparison between 

the models. By aligning these protocols, it will be possible to directly compare the outputs of 

ORCHIDEE-PEAT (& JSBACH-HIMMELI) and DNDC under similar initial conditions and 

environmental forcings, thereby enhancing the reliability and comparability of the simulations 

across different modeling frameworks. This alignment will ultimately contribute to a better 

understanding of ecosystem carbon dynamics and the impact of various environmental 

scenarios. 

While the DNDC model has successfully completed simulations of methane and nitrous oxide 

dynamics using a robust Latin Hypercube Sampling strategy, work is currently underway to 

internally quality check these results. This process includes a thorough comparison with 

outputs from other scientific studies to ensure the accuracy and reliability of the findings. The 

quality assurance phase is expected to be completed soon, after which the DNDC-simulated 

methane and N2O flux results, in response to historical CO2 changes, will be published. 

 

3.3 Results from ORCHIDEE PEAT 

ORCHIDEE-PEAT has simulated historical CO2 fluxes at all 14 sites and historical CH4 fluxes 

at 6 sites where CH4 fluxes are measured, using the calibrated parameters from Task 3.1 and 

Task 3.2. After the spin-up (Table 3.1.1), all of the sites show a carbon sink, which is 

represented by the negative net ecosystem CO2 exchange (NEE). The  mean NEE is -31.16 

gC/m2/year across 14 sites, and ranges from -5.12 gC/m2/year (FI-Let) to -67.98 gC/m2/year 

(DE-Akm). The historical GPP, total ecosystem respiration (TER), and NEE from 1901 to 2022 

are presented in Figure 3.3.1. The results show that both GPP and TER have increased for 

most sites except for the FR-LGt, particularly since the 1980s. For net CO2 balance, 

represented by NEE, most of the sites generally show a transition from being carbon source 

(NEE > 0) to carbon sink (NEE < 0), or an enhancement in carbon sink capacity. Two sites 

(DE-Zrk, FR-LGt) remain the carbon source (NEE>0). Three sites, CZ-Wet, DE-Akm and DE-

Zrk, show small dynamics until the 2000s, after which they switched to strong carbon sources 

(NEE > 0). The other ten sites shifted towards an enhanced carbon sink, especially after the 

1980s due to enhanced CO2 uptake (Figure 3.3.1). 

For CH4 fluxes (Figure 3.3.2), the DE-Zrk site shows the strongest CH4 fluxes ranging from 

about 30 to 40 gCH4/m2/year, followed by the FI-Sii and SE-Deg sites, with ranges of about 2 

to 10 gCH4/m2/year. Since the 1980s, the CH4 flux at both the DE-Zrk and FI-Sii sites increased 

dramatically, while at four Swedish sites, they increased significantly after about the 2000s. 



 

 

Table 3.3.1 NEE after spin-up at the study sites from ORCHIDEE-PEAT (negative values 

indicate a carbon sink at a given site) 

 

Figure 3.3.1 Simulated historical GPP, ER and NEE from ORCHIDEE-PEAT  



 

 

 

Figure 3.3.2 Simulated historical CH4 fluxes from ORCHIDEE-PEAT 

Correlations between historical GHG fluxes and climate drivers  

The long-term air temperature (Tair), precipitation (PRE), and downward shortwave radiation 

(SWdown) from climate forcing data are shown in Figure 3.3.3. To analyze the impact of 

climate change on CO2 and CH4 fluxes, we calculated the correlation (R) between times series 

of GPP, TER, CH4 fluxes at the annual scale and time series of climate variables at the annual 

scale (Figure 3.3.4 -3..6, Table 3.3.1).  

 

Figure 3.3.3 Long-term air temperature (Tair), downward shortwave radiation 



 

(SWdown), and precipitation (PRE) for each site from CRU-JRA V2.4 climate data. 

We found that GPP and TER show significant positive correlations with Tair and SWdown for 

all sites except for FR-LGt, where they show a negative correlation. This implies that, in 

addition to CO2 fertilization, higher temperatures or stronger radiation have dominated the 

historical dynamic of GPP, especially after the 1980s. Higher temperatures also led to an 

increased TER. For precipitation, except for at two German sites (DE-Akm, DE-Zrk), both GPP 

and TER positively correlate to precipitation at all of the other 12 sites. Therefore, it is worth 

noting that at the FR-LGt site, the water supply (precipitation) would be the dominant climate 

constraint of the dynamic of CO2 fluxes (see Table 3.3.2). 

 

 

Table 3.3.2 Correlation coefficients between simulated GPP, TER, CH4 flux and air 

temperature (Tair), downward shortwave radiation (SWdown), and precipitation (PRE) 

for each site. ** indicates the p-value ≤0.01. 

 



 

 

Figure 3.3.4 Regression between simulated historical GPP and corresponding (A) air 

temperature, (B) precipitation, and (C) shortwave downwelling radiation (SWdown) for 

each site. The shadings represent the 95% confidence interval. ** indicates the p-value 

≤0.01. 

 



 

 

Figure 3.3.5 Correlation between simulated historical TER and corresponding (A) air 

temperature, (B) precipitation, and (C) shortwave downwelling radiation (SWdown) for 

each site. The shadings represent the 95% confidence interval. ** indicates the p-value 

≤0.01. 

For the impact of climate change on CH4 fluxes, except for at the DE-Zrk site where CH4 flux 

has a negative correlation with PRE, we found that the CH4 flux always show a positive 

correlation with Tair, PRE and SWdown, which means that warmer temperatures, increased 

radiation, and increased precipitation all contribute to enhanced methane emissions. Further, 

at the DE-Zrk site, both simulated GPP (R = 0.08, P-value > 0.05) and TER (R = -0.11, P-value 

> 0.05) show insignificant correlation with PRE. This indicates that both CO2 and CH4 fluxes 

at the DE-Zrk site are less sensitive to the variations in precipitation compared to other sites. 

This may be because the DE-Zrk site is a typical peat site that has a higher mean annual water 

table with adequate water supply from the nearby river (Kalhori et al., 2024). This is illustrated 

in Figure 3.3.6 below. 

 



 

 

Figure 3.3.6 Correlation between simulated historical CH4 flux and corresponding (first 

row) air temperature, (second row) precipitation, and (third row) shortwave 

downwelling radiation (SWdown) for each site. The shadings represent the 95% 

confidence interval. ** indicates the p-value ≤0.01



 

 

3.4 Results from JSBACH HIMMELI 

JSBACH-HIMMELI has simulated historical CO2 and CH4 fluxes at 14 sites using the 

parameter values attained in the reports D3.1 and D3.2. Similarly to the results shown in the 

previous reports, the pristine peatland model of JSBACH-HIMMELI does not reach equilibrium 

within the 10000 spin-up years and thus yearly TER is typically well below yearly GPP (Figure 

3.4.1). Subsequently, the mean annual NEE after spin up is negative (Table 3.4.1) indicating 

a net CO2 sink.  

The pre-industrial spin-up NEE values for JSBACH HIMELI are a higher sink than ORCHIDEE. 

We do not have pre industrial observations but compared these values with present day NEE 

(except for the GL-NuF site, in which only summer observation is available), and found that 

ORCHIDEE is closer to observation than JSBACH: 

For the observations, the mean NEE across 13 sites is -13.73 ± 99.2 (± std) gC/m2/year; 

For ORCHIDEE, the mean NEE across 13 sites is -32.25 ± 18.26 gC/m2/year; 

For JS BACH HIMMELI the mean NEE across 13 sites is -199.47 ± 166.18 gC/m2/year. 

For DNDC, the mean across 11 sites  is -151.3 ± 97.9 gC/m2/Year 

 

 

 



 

Table 3.4.1. NEE after 10000 year spin-up at the study sites (negative values indicate 

a sink of CO2 at a given site as peat carbon continues to accumulate at the end of the 

spin up) 

 

For the historical simulation, overall, the northern Finnish and Swedish sites show the 

strongest increasing trends of GPP throughout the 120 year historical period. The relative 

increase is largest at the most northern site FI-Lom. The other European sites show a clear 

increase in overall GPP level only at the end of the time-period (Figure 4.2.1). 

The afforested southern Finnish site FI-Let shows a rapid drop in GPP right after the drying of 

the peat and consequent initiation of the forest stand. Gradually, following the growth of the 

forest stand, GPP increases to a higher level. The simulation of GL-Nuf does not produce 

reasonable yearly GPP with the climate driver data used. This feature is most probably due to 

water limitation caused by too deep soil freezing in the model and can be mitigated by 

improving the snow cover and heat conductance formulations in the model.  

Ecosystem respiration (TER) shows steady increase in FI-Lom but at most of the other sites 

the TER level does not change during the historical period. At the central European sites (CZ-

Wet, DE-Ank, DE-Zrk and DK-Skj) TER increases slightly in the end of the period, similarly to 

GPP at the respective sites. The annual variability of TER is far smaller than that of GPP in 

the central European sites, whereas at the Finnish and Swedish sites the annual variability of 

TER is equal or even higher than that of GPP.  

Generally TER shows relatively smaller than GPP or no trend throughout the historical period. 

TER in FI-Lom and GL-Nuf follow the major GPP level changes with a delay that can be 

attributed to the gradual shedding of vegetation parts to the litter pools and consequent gradual 

decay of litter pools. 

Because GPP is almost always larger than TER, NEE is negative (sink of CO2) for most of the 

time at all the sites. Moreover, as the trends of GPP are similar or stronger than those of TER, 

NEE mostly shows no clear or slightly negative trend, indicating increasing net sink of carbon.  

In the most northern site (FI-Lom) during the first years of the historical period, NEE varies 

around zero and starts to decrease from 1930’s onwards following the strong increase of GPP. 

The development of CH4 fluxes at the 14 sites since 1900 are shown in Figure 4.2.2. All but 

one of the sites are consistently methane sources but the source strengths vary strongly from 

site to site. FI-Let turns into a sink after the afforestation taking place in mid century. GL-Nkf 

shows a very small source for most of the historical period and turns into a larger source at the 

end, following the dynamics of GPP. 

Annual variability of methane emissions is very high. Nevertheless, some of the sites show 

certain distinguishable patterns over the course of the period. In the most southern sites (FR-

LGt, CZ-Wet, DE-Akm, DE-Zrk and DK-Skjern) the methane emission level tends to increase 

slightly towards the end. In the most northern sites in Sweden and Finland (SE-Deg, SE-Ham, 

SE-Hal, SE-Sto and FI-Lom) there are steady increasing trends.  



 

 

Figure 3.4.1 Simulated historical GPP, TER and NEE fluxes from JSBACH-HIMMELI  



 

 

Figure 3.4.2 Simulated historical evolution of CH4 fluxes from JSBACH-HIMMELI. 



 

In FI-Lom the increase of the mean emission level is very profound since the 1930’s. At FI-Sii 

the annual methane balance shows high emission and the level as well as annual variation 

remains steady throughout the time-series.  

Correlations between the climate variables and the CO2 and CH4 flux terms (Table 3.4.1) show 

that the annual flux level variations of GPP are mostly correlated to either annual temperature 

(UK-Bal, SE-Deg, SE-Sto, SE-Hal, SE-Ham, FI-Sii, FI-Let) or to annual precipitation (CZ-Wet, 

DE-Akm, DE-Zrk, DK-Skj, FI-Lom, FI-Let, FR-LGt, GL-Nuf). Moreover, shortwave radiation 

correlates positively especially in the Finnish and Swedish sites. In FR-LGt shortwave radiation 

shows negative correlation. 

TER shows even higher correlation (cc>0.5) to annual temperatures except for in GL-Nuf. TER 

correlates either weakly or negatively with precipitation implying that the simuled ecosystems 

are not limited by water. TER correlated relatively highly with shortwave radiation as well but 

the correlations are lower that those with air temperature 

CH4 fluxes correlates the most with annual temperature showing the highest positive value in 

SE-Deg. Only in UK-Bal the correlation with precipitation is higher than that with air 

temperature. In the FI-Let the correlations are negative, as the major disturbance due to 

implemented afforestation impacts the analysis (Table 3.4.1). 

  

 

 

Table 3.4.3 Correlations between the climatic drivers (annual temperature, shortwave radiation 

and precipitation) and ecosystem flux terms (GPP, TER and CH4) during the historical period. 

 



 

 

3.5 Results from DNDC 

Table 3.5.1 summarizes the bias between measured and Forest-DNDC derived carbon flux 

values across different sites, providing insight into the accuracy and potential areas of 

improvement in the modeling of carbon flux components by the Forest-DNDC model. Bias 

values indicate the average of the differences between measured and modeled data, with 

positive values and negative values suggesting an over and underestimation by the model 

respectively. To that end, Forest-DNDC overestimated and underestimated NEE and GPP 

(except for DK-Skj and FI-Sii) respectively and demonstrated a wide variability with respect to 

prediction ER.  

Table 3.5.1: Summary of Forest-DNDC derived model bias (gC/m2/year)  for the three 

fluxes carbon exchange. Bias is quantified as  the average of the differences between 

measured and modeled flux values.  

 

The analysis of temporal trends in NEE, GPP and ER using linear regression revealed 

statistically significant patterns. While certain sites (e.x: DE-Akm, FR-Lgt, CZ-Wet, DE-Zrk) 

demonstrated a statistically negative trend, suggesting an increase in carbon uptake, net 

carbon storage capacity of sites like SE-Deg, SE-Hal, SE-Ham and SE-Sto decreased with 

time (Figure 3.5.1). Many sites, including CZ-Wet and  DE-Akm had statistically significant (p 

< 0.05) enhanced photosynthetic (increase in GPP) and respiratory activity across the hundred 

and sixty two year time frame while the opposite trend was patent across UK-Bal, SE-Deg and 

SE-Hal (Figure 3.5.1). 

 

 



 

Figure 3.5.1. Historical time series framework of NEE, GPP and ER, highlighting trends in key 

fluxes that impact carbon cycling within different peatlands. 



 

 

 

Figure 3.5.2: Heatmap highlighting the co-spectral signature between DNDC derived 

NEE versus maximum temperature (Tmax) and B) total precipitation (ppt) across FI-

Let. 

 

Using the FI-Let site and NEE as an illustration, figure 3.5.2 summarizes the time-varying 

correlation between NEE and temperature (Fig. 3.5.2 A) and total precipitation (Fig. 3.5.2B) at 

annual resolution, effectively providing insight into the strength and significance of the 

relationship between DNDC derived NEE and the two meteorological parameters in the form 

of a heat map. Like cross-correlation analysis at multiple scale (y-axis), the statistical 

significance of the co-spectral analysis was evaluated against white noise using 100 monte 

carlo simulations. The y-axis (Figure 3.5.2) quantifies the periodicity of the analysis, delineated 

in years. The periods of 4, 8, 16, and 32 years represent the time scales over which the 

temporal patterns and cyclical phenomena within the data are investigated. For instance, a 

period marked at 32 years on y-axis is indicative of the analysis targeting cyclic patterns 

recurring over such a temporal span. The colour scale (Figure 3.5.2) usually represents the 

strength or coherence of the relationship between the two variables at different periods with 



 

red indicating the strongest and statistically significant relationship. The outlined areas 

represent regions of significant correlation or coherence between NEE and temperature 

(Figure 3.5.2 A) and NEE and precipitation (Figure 3.5.2 B). For example, temperature 

significantly correlated with NEE from 1890s till 1960s’ on a 32-year cycle time frame while 

strong coherence was observed between NEE and precipitation on a 16-year cycle time frame 

from late 1910 till 1950. Unlike conventional scale-independent correlation analysis, this cross-

spectral analysis introduces the idea of the temporal scale dependence of the different 

variables modulating carbon flux, which currently is not done in carbon cycle models. 

The dominant vectors of carbon exchange that influence the overall carbon sequestration 

capacity of different peatlands, primarily, net ecosystem exchange (NEE), gross primary 

productivity (GPP) and ecosystem respiration (ER) are essentially multivariate and 

multidimensional process and are induced by different biotic and abiotic factors that operate 

at different time scales (Baldocchi et al., 2001). Existing carbon cycle models lack the capability 

to explicitly incorporate the temporal aspects of various controlling factors, which leads to an 

omission of variability across multiple time scales (Dietze et al. 2011; Stoy et al. 2013). In terms 

of comparing different models, these findings underscore the critical need to shift away from 

conventional aggregated statistical measures such as correlation coefficients and root mean 

square error. The failure to pinpoint the timing of errors in models hinders a thorough 

comparison across different models (Mitra et al. 2019; Liu et al. 2011).



 

 

4. Simulation of historical GHG and carbon stock 

change in response to historical drainage of 

wetlands 

4.1 Drainage simulation protocol 

We established a modeling protocol for each model to run historical drainage scenarios, followed 
by restoration, summarized as follows: 

Rationale 

Draining peatlands involves altering their natural hydrology, typically to convert the land for 

agricultural use, forestry, or other purposes. This action significantly changes the land's use and 

function, often leading to loss of habitat, carbon emissions, altered hydrology and soil 

degradation. Therefore, draining peatlands represents a significant alteration in land use and has 

wide-ranging environmental impacts. A holistic drainage simulation protocol has been designed 

to understand impacts of drainage depth and duration on the dominant carbon  exchange 

dynamics (GPP, ER, NEE, CH4 fluxes). 

Step 1: Optimized Model for the sites of the project 

Utilize current observational data to optimize the parameters of each model.  Ensure the model 

performs well in simulating current greenhouse fluxes at the sites selected.  Define parameter 

combinations for optimized models to avoid incorrect results due to poorly constrained 

parameters 

Step 2: Baseline Scenario 

Constrain the water table at the observed value for each site. Use average (repeated cyclically) 

meteorological conditions from the current period for future projections. Model each site in its 

natural, undrained state corresponding to the current state. Simulate NEE, GPP, ER, and CH4 

fluxes for 100 years into the future. 

Step 3: Drainage Scenarios 

Model NEE, GPP, ER, and CH4 fluxes by lowering the water table by 10, 20, 50, and 80 cm.  

Simulate this response to drainage for 10, 20 and 30 years in the future 

Step 4: Restoration Scenarios 

For each drainage scenario, simulate the return to a non-drained state by instant rewetting of  the 

water table with two options, reset water table to a depth of 0 m and reset the same water table 

as observed at each site before drainage. In a first step we keep the ecosystem as a peatland. 

Further steps will involve incorporating various climate model projections and prescribing different 

land cover types after drainage to simulate the effects of conversion to forest, cropland or pasture.    



 

4.2 Drainage simulation results from ORCHIDEE-PEAT 

Simulating drainage by ditch 

In order to estimate the effect of drainage to peatlands’ emission, we assume that the water table 

is lowered by draining into virtual ditches. We introduce into the model virtual ditches of which 

depth is the same as desired lowered water table depth. Note that the water table fluctuates 

continuously throughout the year, and so does ditch depth. This is unrealistic (as ditch depth in 

reality is fixed), however, one should consider such a ditch as a means of calculating moisture 

evacuation within a water diffusion system rather than a ditch that is dug by humans. In addition, 

runoff from other soil tiles to peat is assumed to be excluded, reducing water supply to peat during 

drainage implementation. The difference between hydrology simulations with and without 

drainage is shown in Figure 4.2.1 and 4.2.2.  

 

 

 

Figure 4.2.1 - representation of a ditch to lower the water table in the case of a drainage 

simulation. The depth of the ditch defines the maximum lowering of the water table. In 

the case of drainage, the horizontal input of water from runoff of other non peat soil tiles 

a grid cell containing a fraction of peat is suppressed. 

 

In the ORCHIDEE model, each soil column is separated into layers. We set soil layers below the 

water table saturated (𝜃=𝜃s). Above the water table, consider a volume of soil with horizontal 

dimension 𝛥𝑥, 𝛥𝑦 and thickness 𝛥𝑧. Without drainage, water only flows through the soil in the 

vertical dimension (Figure 4.2.2, blue arrows), with the Qin flux entering and the Qout flux exiting 

across the cross-section area 𝛥𝑥, 𝛥𝑦. These vertical fluxes are functions of hydraulic conductivity 

and diffusivity (denoted as Kv[m/s] and Dv[m2/s], respectively, with v for vertical) which in their 

turns are functions of soil moisture (𝜃𝑡+𝛥𝑡). With drainage, a horizontal flux across the cross-

section area 𝛥𝑦𝛥𝑧 representing water running out of the soil to the ditch is added (Figure 4.2.2, 



 

orange arrow). Assuming that ditches are placed perpendicularly to the flow of groundwater, this 

drainage flux is a function of horizontal hydraulic conductivity (Kh) and hydraulic gradient (i). 

 

The change of moisture in a time step is 

∆𝜃

𝛥𝑡
𝛥𝑥𝛥𝑦𝛥𝑧 =  (𝑄𝑖𝑛  − 𝑄𝑜𝑢𝑡)⬚𝛥𝑥𝛥𝑦 − (𝐾ℎ  𝑖)𝛥𝑦𝛥𝑧⬚⬚⬚

⬚

⬚
 

Removing 𝛥𝑥𝛥𝑦 in both sides, the equation becomes: 

∆𝜃

𝛥𝑡
𝛥𝑧 =  (𝑄𝑖𝑛  −  𝑄𝑜𝑢𝑡)⬚ − (𝐾ℎ   𝑖)

𝛥𝑧

𝛥𝑥
⬚⬚⬚

⬚

⬚
 

with 𝛥𝑥 now playing a role as ditch spacing. Using a numerical method with boundary conditions 

at top layer where Qin = precipitation and at bottom layer where Qout = free drainage = zero, a 

tridiagonal matrix system is constructed to solve 𝜃𝑡+𝛥𝑡 (Figure 4.2.2). 

 

Figure 4.2.2. Water budget of a soil layer in ORCHIDEE with lateral output fluxes 

consecutive to drainage shown in orange 

 

Reconstruction of the baseline water table and its variability 

The baseline water table of a site is the water table at normal state without drainage (see protocol 

is section 5.1). The reconstruction of the baseline water table needs to be done for four sites that 

do not have water table field data (CZ-Wet, DE-Akm, DK-Skj). It also helps a site to fill the data 

gap (if existing). Water table is closely related to soil moisture, so the strategy is to derive it from 

soil moisture. 

Consider the water table as a function of moistures, WT = f(SM). From the transient simulations 

at all sites with available water table observation, soil moistures of all layers calculated by the 

model are extracted. These soil moisture and the corresponding observed water table are 

sampled by 7-day blocks to make up the training dataset for the reconstruct model, with soil 

moistures as inputs and water table as output. Firstly, for a site where observed water table data 

is available but with missing values, its own training dataset is divided into an 80/20 ratio for 

training and testing, then the missing data are filled. This process is referred to as self-



 

reconstruction. Secondly, a multi-site training dataset is created  using all the sites that have water 

table observation (except DE-Zrk as this site has been artificially rewetted), with a training/testing 

ratio of 50/50 for four sites in Sweden and 80/20 for the remaining. The contribution of each 

Sweden site to the total training subset is reduced due to their proximity to each other, which 

potentially results in the reproduction of their relationships between water table and soil moisture. 

Once this multi-site model has been trained, it will take the simulated soil moisture (from 

ORCHIDEE-PEAT) of water-table-unknown sites as input to derive the baseline water table for 

these sites as output. In this study, we used Support Vector Regression (SVR) to estimate the 

relationship between soil moisture and water table. SVR is chosen for its advantages such as 

robustness to outliers and effectiveness in high-dimensional space. 

Baseline simulation results 

The result of the CO2-CH4 model calibration under present condition is shown in Figure 4.2.3. 

NEE and CH4 fluxes are well simulated in general. The RMSE of NEE ranges from 0.574  

gCO2/m2/day (SE-Hal) to 1.539 gCO2/m2/day (DE-Zrk). RMSE of CH4 emission ranges from 0.016 

gCH4/m2/day (three Sweden sites) to 0.081 gCH4/m2/day (DE-Zrk).  At the site DE-Zrk, the model 

fails in capturing the reduction of NEE uptake and its more complex fluctuations compared to 

other sites. This can be related to the fact that this site is rewetted in reality, while the model takes 

into account only meteorological conditions but not human interventions.  

 

Figure 4.2.3: NEE and CH4 flux simulations of the model for the sites that have both NEE 

and CH4 flux observations after optimization of the model parameters. Other sites where 

no CH4 flux data is available are calibrated only with NEE site-level observations and the 

parameters are those calibrated from other sites for CH4. 

 



 

Figure 4.2.4 presents the reconstruction of water table depth from soil moisture. SVR can be  

effective in filling site-specific missing data (Figure 4.2.4 a-g, left column). RMSE of modeled and 

observed water table depth ranges from 2.74cm (FI-Sii) to 4.43cm (FR-LGt). With multi-site 

training data, it is not surprising that SVR is less effective because it must compromise the 

patterns between all the sites (RMSE goes from 4.32cm to 8.03cm with multi-sites). Nevertheless, 

SVR overall demonstrates acceptable performance in reproducing the annual range and 

seasonal fluctuations observed at the training sites (Figure 4.2.4 a-g, right column). The water 

table depth reconstructed entirely from soil moisture for the three sites CZ-Wet, DE-Akm, DK-Skj 

(Figure 4.2.4 h-j, right column) therefore can be accepted to be used in this study as baseline 

water table depth. 

 



 

 

Figure 4.2.4: Modeled and observed water table dynamics (daily) from the baseline 

simulation at each site (sites CZ-Wet, DE-Akm, DK-Skj have no observations of daily 

water table) 



 

 

Drainage simulation 

Drainage reduces the water content in the soil and thus increases oxygen concentration. With 

more oxygen in the soil and less moisture, heterotrophic respiration is expected to take place 

more actively. On the contrary, methane production should be degraded in aerated soil, leading 

to less methane emission when water table gets lower. Figure 4.2.5 presents the monthly average 

of soil water content, oxygen, NEE and CH4 emissions over the first three years after starting 

drainage, showing that the inclusion of a ditch in the model can lower soil moisture effectively and 

that flux simulation responds as expected with decreased NEE uptake and decreased CH4 

emissions. Note that at the site DE-Zrk, the initial water table was above the surface (as rewetted), 

so lowering it up to 5 cm, 10cm, or even 20cm has no effect on the water and oxygen content in 

the soil, and the fluxes are only changed when the water table is lowered by more than 30 cm .  

There can be a slight incoherence between baseline and drainage simulation. In the baseline 

simulation, soil moisture is calculated by the model, whereas in the drainage simulation, a part of 

the soil column below the ditch depth is forced to be saturated, which introduces some degree of 

artificiality. Under the same meteorological condition, for instance, a layer which is near-saturated 

in transient simulation can become saturated in drainage simulation as it is below water table 

depth. The impact of this inconsistency on gas fluxes, however, can be neglected as in the 

‘draining’ period, NEE and CH4 in case of no-drainage are still close to that of baseline period 

(before draining). 

 



 

 

Figure 4.2.5. Changes of soil water content, oxygen content, NEE and CH4 flux for 

different water table depth for three years after drainage 

 

Time dependence of emission factors after drainage 

Figure 4.2.6 shows the average emissions factor across all peatland sites for each decade since 

drainage began. Emission factors are defined by the amount of gas emitted to the atmosphere 

per unit of area per unit of time. Qiu et al. (2021) implemented experiments using the  ORCHIDEE 

model to estimate carbon emissions from cultivated peatlands, lowering the water table by 

allowing the peat soil column to drain freely at the bottom. The emission factor calculated over 

two decades following the conversion of peatland to cropland was approximately 16 gCO2/m2/day 

as a median, ranging from approximately 5 to more than 50 gCO2/m2/day. Although these values 

are slightly higher than our estimates, they remain within a comparable range. Regarding 



 

temporal variation, NEE difference between different drainage levels is most significant in the first 

decade (ΔNEE80cm-0cm = 8.06 gCO2/m2/day across sites, 95%CI: 0.70 to 27.81), and gradually 

reduces in the following decades (e.g. in the 5th decade, ΔNEE80cm-0cm = 3.07 gCO2/m2/day, 

95%CI: 0.41 to 8.19), similar to what was pointed out by Qiu et al. (2021). In the early stage, when 

all scenarios exhibit nearly identical soil organic carbon (SOC) content, variations in oxygen levels 

can significantly influence heterotrophic respiration rates. With time, deeper drainages lead to 

reduced carbon accumulation and/or reduced SOC stocks, which in turn decreases the substrate 

available for decomposition and heterotrophic respiration, narrowing the NEE gap compared to 

zero drainage. The decreasing trend of carbon loss rate over time following drainage was 

determined by Truskavetskii et al. (2014) with calculations based on soil measurements. For 

methane, the emission factors are more stable over time compared to CO2. For instance, the 

average methane emission when draining 80cm is 0.017 g/m2/day (-10-4 to 0.066) and 0.016 

g/m2/day (-10-4 to 0.062) in the 1st and 5th decade, respectively. This can be due to the slower 

rate (by ~10 times) of anoxic decomposition compared to oxic decomposition which makes 

methane production less sensitive to decreasing SOC after drainage. 

 

Figure 4.2.6: Emission factor simulated for different decades since starting drainage (x 

axis) and for different water table depths for NEE CO2 fluxes and for CH4 fluxes 

 

Comparison with meta-analysis of water table lowering on CO2 and CH4 fluxes 

To evaluate our simulation, we use the CO2 and CH4 flux data collected from multiple sources 

through meta-analyses studies of drained wetlands greenhouse gas emissions (Evans et al., 

2021; Huang et al.,2021; Zou et al., 2022; and WP4), filtering locations in boreal and temperate 

zones.  

Water table depths were also provided along with the fluxes, except in Evans et al. (2021), where 

'effective' water table depth was used instead. This term refers to the smaller value between the 



 

measured water table depth and the measured peat depth. The multi-source data collected by 

Huang et al. (2021) provided 77 measurements of fluxes after < 1 year, 42 after 1-10 years, and 

78 after > 10 years of drainage. Since the impact of drainage was also shown to be most 

significant shortly after beginning, e.g. 10 years in our simulation, we compare 10-year average 

values of our simulation with these reference data. Figure 4.2.7 a and b shows the distribution of 

NEE and CH4 fluxes at different water table levels, regardless of the peatland site and drainage 

level. Overall, they are comparable to the reference data, although several values of CH4 fall 

within the upper range of the reference distribution. In Evan et al. (2021), a linear relationship was 

obtained between effective water table depth and net ecosystem production (NEP, the sum of 

NEE and biomass removal). Filtering samples within boreal and temperate zones from this study's 

data (purple points in Figure 4.2.7 a and b), we indeed observed a strong linear correlation 

between effective WTD and NEE (net ecosystem exchange) with R2=0.66 (p<0.001). However, 

such a correlation between WTD and NEE was not observed in other data in this section (R2=0.20, 

0.18, and 0.04 for our simulation, Huang et al. (2021), and Zou et al. (2022), respectively). An 

exponential relationship between effective water table depth and CH4 emission was identified in 

Evan et al. (2021), but this relationship was not observed in other datasets in this section either. 

The changes of fluxes by drainage levels compared to zero drainage are presented in Figure 

4.2.7 c and d. Note that from the reference data, we keep only samples at 5, 10, 20, 50, 80cm (± 

10%) drainage for this comparison with our result, numbers of drained peatlands at each drainage 

level can be not the same, and different drainage levels can include different peatland sites. ΔNEE 

matches well with both Huang et al. (2021) and Zou et al. (2022) data, although all of our 

simulations show positive ΔNEE (from 0 to 19.6 gCO2/m2/day, i.e more CO2 is emitted) when 

peatlands are drained, while the multi-source data show both increases and decreases of NEE (-

7.3 to 17.8 gCO2/m2/day in Huang et al. (2021); -11.7 to 12.3 gCO2/m2/day in Zou et al. (2022)). 

Similarly, all ΔCH4 are negative (from 0 to -0.3 gCH4/m2/day) while the multi-source data show 

both signs (-0.2 to 0.2 gCH4/m2/day in Huang et al. (2021); -1.3 to 0.4 in Zou et al. (2022)). At 

deeper drainages (from 20cm), data from Huang et al. (2021) appears to have the least change 

in CH4 among the three data, while our ΔCH4 seems to shift towards the negative tail of the two 

others. 

 



 

 

 

Figure 4.2.7. Simulated effects of different water table depth after drainage on NEE and 

CH4 fluxes. Red are the ORCHIDEE simulations. Blue the UK sites from Evans et al. 

(2021), Cyan the range of meta-analysis from multiple sites in the northern hemisphere 

from Huang et al. (2021) and Tan the range of meta-analysis from northern sites compiled 

by Zou et al. (2022). 

 

Sensitivity of CO2 and CH4 fluxes to drainage 

Sensitivity to drainage (Figure 4.2.8) is calculated the change of NEE or CH4 per 1 cm of lowered 

WTD, computed from our simulations by taking ΔNEE/ΔWTD and ΔCH4/ΔWTD for each pair of 

drainage levels at the same site. The reference sensitivities from Huang et al. (2021) and Zou et 

al. (2022) were computed from all ΔWTD between 5 and 80 cm available in the data collected, 

not for each drainage level. Averaging across all peatland sites, our NEE sensitivity to drainage 

(0.12 gCO2/m2/day/cm; 95%CI: 0.02 to 0.49) is the same as Huang et al. (2021) (0.12 

gCO2/m2/day/cm; -0.23 to 0.66), and higher than Zou et al. (2022) but within their range (0.01 

gCO2/m2/day/cm; -0.37 to 0.43). Methane emission sensitivity to WTD in our study (-2.19 

mgCH4/m2/day/cm; -8.75 to 0) is a bit more negative than the three others (-1.82 

mgCH4/m2/day/cm of Huang et al. (2021) and -1.71 mgCH4/m2/day/cm of Zou et al. (2022)). 

Kwon et al. (2022) (not included in the data collected by the two reference studies), also using 

ORCHIDEE model, implemented 100-year drainage simulations at 6 boreal peatland sites with 

WTD lowered by 5, 10, 20, 50cm and reported average sensitivities equivalent to 0.01 +- 0.02 

gCO2/m2/day/cm and -1.10 +- 1.10 mgCH4/m2/day/cm. It is reasonable that the NEE sensitivity in 

Kwon et al. (2022) is lower than in this study, as they calculated it over 100 years of simulation. 



 

This extended timeframe pulls the high sensitivity in the early stages after drainage down by a 

lower sensitivity in later stages. Meanwhile, the CH4 sensitivity, which stays more stable over the 

years following drainage, is more comparable between the two studies. 

Among peatland sites, CZ-Wet, DE-Akm, and UK-Bal have the most sensitive NEE to drainage 

(0.25, 0.27, and 0.22 gCO2/m2/day/cm within 10 years, respectively). Intuitively looking at WTD, 

SOC, and PFT fraction (Figure 4.2.8), these three sites store the largest amount of carbon before 

drainage and contain both grass and shrub, and less/no moss. Peatland moss has much longer 

residence time among the three types of peatland PFT, e.g. 2 years by default in the model while 

it is 200 days for peatland shrub and 1 year for peatland grass. Except DE-Zrk which has the 

lowest NEE sensitivity due to its initial WTD being significantly higher than the surface, FI-SII is 

least sensitive to drainage for NEE given its small SOC amount and the presence of more than 

50% moss in its vegetation composition. Regarding methane emission, DE-Zrk is among the most 

sensitive to drainage with a sensitivity of -3.22 gCH4/m2/day/cm. Initially when the WTD is above 

surface at this site, CH4 emission is highest among all sites and is dominated by ebullition 

processes. When water falls below the surface, ebullition plummets, leading to a remarkable 

decline in total emissions despite a slight increase in methane surface diffusion. CZ-Wet, DE-

Akm, DK-Skj, and UK-Bal also have higher sensitivity than other sites. This is mainly due to 

entirely or major domination of peatland grass and peatland shrub in the peat PFT composition. 

Peatland moss has a shallow effective root depth for plant-mediated transportation of methane, 

from 1 to 5 cm, while it is 30cm and 50cm by default for peatland grass and peatland shrub. All 

sites in this study, except DE-Zrk, have initial WTD below 5cm, meaning that drainage would have 

little impact on the top 5 cm of soil. Sites with great presence of peatland moss therefore would 

have a part of their methane emission unchanged that is methane transported by moss. Using a 

simple regression model for flux sensitivity across the sites, we obtained two relationships: 

NEE_sensitivity = 0.1442 + 0.0001*SOC - 0.2036*moss , R2 = 0.52, p = 0.07 

CH4_sensitivity =  -9.505e-05 - 8.219e-06*SOC + 0.0005*moss, R2 = 0.72, p = 0.01 

 

 



 

 

Figure 4.2.8 Sensitivity of NEE and CH4 flux to lowering WTD, defined as Δgas per 1 cm 

of lowered WTD (top two panels). These sensitivities can be related to initial water table 

depth, SOC, and peatland vegetation composition (lower panels). 

 



 

 

4.3 Results from JSBACH HIMELI 

No drainage simulation was performed for HIMELI 

4.4 Results from DNDC 

The conceptual model in Figure 4.4.1 demonstrates the impact of different water table 

management simulated across DNDC. In Scenario 1, the water table is held constant 

throughout the simulation period, serving as a control. Scenarios 2 and 3 explore the ecological 

effects of temporary drainage interventions, where the water table is lowered to 50 cm and 80 

cm below the surface, respectively, maintained for three years, and then restored to the initial 

depth. These simulations aim to quantify changes in key carbon cycle components, including 

ER, NEE and GPP, to assess the ecological impact of varying water table depths on peatland 

carbon dynamics. 

 

Figure 4.4.1: Conceptual Representation of water table manipulation across the DNDC 

model. This figure illustrates three simulated scenarios over a period from 2020 to 

2032.5. Scenario 1 (red line) maintains a constant water table depth. Scenario 2 (blue 

dashed line) and Scenario 3 (green dotted line) simulate drainage to depths of 50 cm 

and 80 cm respectively, maintain these levels for three years, and then revert to the 

original water table depth. 

Cumulative measures of GPP, NEE, and ER provide a holistic overview of the total impact of 

drainage scenarios over time as short-term responses to hydrological changes may differ 

significantly from long-term trends. Cumulative GPP, NEE, and ER trends can help to better 

discern significant shifts caused by drainage practices and whether the impacts of drainage 

are transient or lead to sustained changes in carbon cycling. Such aspects may not be patent 

in daily, seasonal or annual flux data. More importantly, various stakeholders, including 

scientists, landowners and policy makers can make informed decision with regard to the 

implementation of various sustainable management practices using cumulative carbon budget 

as an assessment tool.  



 

 

Figure 4.4.2: DNDC simulated cumulative NEE (A,D,G) , GPP (B, E, H) and ER (C, F, 

I) trends in three different peatlands ( FI-Let, DE-Zrk, CZ-Wet) 

As an illustration, for Scenarios 1 & 2, cumulative NEE trends (Figures 4.4.2 A, D, E) highlight 

the impact of drainage and subsequent rewetting on the carbon sequestration capability across 

three sites ( FI-Let, DE-Zrk, CZ-Wet) for drainage upto 50 cm. Drained peatlands tend to 

release more carbon initially due to increased decomposition rates, which aligns with the 

higher initial carbon loss in the drained sites. The convergence of trends post-restoration 

suggests a return to pre-drainage carbon balance. Similarly, GPP (Figures 4.4.2 B, E, H) 

increases steadily in both undrained and drained/restored sites, with the latter showing slightly 

higher values. Draining peatlands can initially stress vegetation, but once rehydrated 

(restored), vegetation might experience a growth spurt due to improved aeration during the 

drainage period. This could explain the slightly higher GPP in restored sites. ER (Figures 4.4.2 

C, F, I) includes respiration from plants and microbial decomposition of organic matter. In 

peatlands, ER should increase with temperature, moisture availability, and microbial activity. 

ER increases cumulatively in both undrained and drained/restored sites, with higher values in 

the restored sites. Drainage initially accelerates decomposition of organic matter, increasing 

ER. Even after restoration, the enhanced microbial activity and possible increase in labile 

organic matter from initial drainage could sustain higher respiration rates. 

Moving forward, the hydrological component of the DigiBog model 

(https://water.leeds.ac.uk/our-missions/mission-1/digibog/about-digibog/; Andy et al., 2012; 

Paul et al., 2012) has now been successfully integrated with the DNDC framework. This 

integration will allow more robust simulation of the spatial and temporal dynamics of water 

table fluctuations . Consequently, it will improve the assessment of the DNDC model's carbon 

https://water.leeds.ac.uk/our-missions/mission-1/digibog/about-digibog/


 

flux simulations in response to various non-stationary hydrological events, including changes 

in precipitation patterns, occurrences of drought, and implemented drainage measures, 

providing improved insights for ecological management and policy-making. 

5. First results of ‘catchment’ gridded simulations 

across Europe  

5.1 Results from ORCHIDEE-PEAT 

The models used in WP3 are not catchment-scale models but rather simulate gridded fluxes 

of CO2, water and energy based on gridded climate forcing data and vegetation maps. For this 

reason, the ‘catchment-scale’ simulations here are European scale simulations with a spatial 

resolution of 0.5° and a temporal resolution of 0.5 hour, from 1901-2022. Water routing is 

performed in each catchment resolved by this resolution. 

The simulations are performed using the peatland map of WP1. As soon as WP1 will provide 

us maps of other types of wetlands, the simulations can be updated. We note however that 

the runs are performed on a high performance computer and require about a week with a fully 

fledged land surface model like ORCHIDEE-PEAT, so that a very large number of simulations 

cannot be achieved. 

Using the calibrated version of ORCHIDEE-PEAT against site observations of CH4 and CO2 

fluxes, as described in this deliverable and previous deliverables D3.1 and D3.2, we have 

performed the first gridded simulation across European peatlands (75N – 35N, 25W – 45E) by 

prescribing to the model a fixed peatland spatial extent (Figure 5.1.1). This peatland map is 

built from the Global Peatland Database (https://greifswaldmoor.de/global-peatland-database-

en.html) and data from Hugelius et al., (2020). Other wetlands are not considered as we do 

not yet have spatial information on non-peat wetlands distribution from WP1, but the 

simulations can be updated if WP1 provides other wetlands than peat. 

The peatland area is of ~ 0.53 million km2, which is larger than the estimations ranging from 

0.43 to 0.47 million km2 (Melton et al., 2022; Hugelius et al. 2020; Xu et al., 2018), and is 

representative of the current period. This map is static and does not include drained peat and 

peat converted to other land use types during the historical period, which will be addressed in 

a second step based on historical drainage and land use change areas reconstructions (Qiu 

et al. 2021, Fluet-Chouinard et al. 2023). In ORCHIDEE PEAT (Qiu et al., 2018), the water 

balance of peatlands at 0.5° is controlled by precipitation falling on the peat covered fraction 

of each grid cell, plus additional water from the surface runoff of non-peat vegetation in the 

same-grid being transferred to the peat fraction until a maximum water table of 10 cm above 

the surface. The hydrological module of the model represents a specific soil tile with peat and 

separate hydrological soil tiles with short vegetation and with trees, respectively. Excess water 

above a water table of 10 cm is transferred to the river network and routed to the ocean with a 

specific routing scheme of the land surface model. 



 

 

Figure 5.1.1 Peat map (fraction of 0.5° grid cell covered by peat prescribed for the 

gridded simulations 

The model was initialized with a spin-up by looping 0.5 hourly climate forcing data from 1961 

to 1990 and prescribing atmospheric CO2 concentration at 286 ppm (pre-industrial level) 

during 120 years with the full land surface model. The choice of this time period is to have a 

warmer conditions than the early century, that can be viewed as a coarse analogue of the 

warmer mid-Holocene climate conditions that saw the initialization of peat  

After storing soil carbon inputs and decomposition fluxes from each soil carbon pool in each 

grid cell from this run, a numerical accelerator is integrated during another 10000 years to 

reach equilibrium of soil carbon pools, with soil carbon being simulated from prescribed input 

and output on daily  time steps. After this spin up accelerator, another 100 years of the full land 

surface model is performed by looping the climate forcing data for 1901–1920 to approximate 

the cooler climate of the late Holocene in the pre-industrial period. 

By the end of the spin-up we have a global GPP from European peatlands of 0.295 PgC/year 

(1Pg = 1015g) and a global soil carbon storage of 82.5 PgC. This value can be compared with 

the estimation from World Inventory of Soil Emission potentials database (Batjes, 2016), in 

which there are 79 PgC peat carbon stock in Europe.  

The historical simulation is then run using historical reconstructed forcing from CRUJRA 

(Harris, 2023) from 1861 to 2022 and variable CO2 from Meinshausen et al. (2011). This 

simulation protocol is similar to the global simulation protocol applied for the TRENDY Dynamic 

Vegetation Models in the Global Carbon Budget annual assessment (Friedlingstein et al., 

2023). As CRU-JRA climate reconstruction is not-available before 1901, for the period from 

1861 to 1900, we repeated climate forcing from 1901 to 1910, and we only present the 

simulation results from the year 1901.  



 

To present the historical carbon stock changes, the net biome production (NBP) is employed, 

which is calculated as net primary productivity (NPP) minus heterotrophic respiration. A 

positive NBP thus represents a CO2 flux from the atmosphere to the land. Anthropogenic 

disturbances of peatland such as harvest, drainage, land use change are not modeled in this 

configuration of ORCHIDEE-PEAT and will be addressed in the coming year of the project. 

At the whole European scale (Figure 5.1.2), the GPP, NPP and heterotrophic respiration (HR) 

increased slightly until the 1980s (mean GPP, NPP and HR are 0.337 PgC/year, 0.152 

PgC/year and 0.145 PgC/year respectively), and then they increased at a faster rate from the 

1980s until 2022 with mean GPP, NPP and HR are 0.408 PgC/year, 0.192 PgC/year and 0.157 

PgC/year respectively. Correspondingly, for the NBP, before the 1980s, it had relatively small 

variations and kept a near neutral carbon balance or a small carbon sink (mean NBP = 0.007 

PgC/year), while since the 1980s (mean NBP = 0.035 PgC/year), it has shown a stronger CO2 

flux from the atmosphere to the land, indicating an increased carbon stock across undisturbed 

European peatlands. 

Analysis of historical spatial and temporal variations in NBP shows that the trend in carbon 

stocks changed significantly around 1980. Before the 1980s, there were some regions show 

carbon stock decline (NBP < 0, blue grids in Figure 5.1.3). In contrast, positive NBP dominated 

the whole region after the 1980s (light green to red grids). This change is most significant in 

the countries around the Baltic Sea, such as Sweden and Finland. In the 1900s, both Sweden 

(NBP = -2.12 TgC/year) (1Tg = 1012g) and Finland (NBP = -0.69 TgC/year) mainly exhibited 

the carbon source (NBP < 0), and then this carbon sources shifted to carbon sink gradually. 

Particularly, since the 1980s, both Sweden (NBP = 4.80 TgC/year in 1980s) and Finland (NBP 

= 3.60 TgC/year in 1980s) show strong carbon sink, and the cumulative NBP from 1980 to 

2022 are 257.12 TgC and 238.57 TgC. Carbon stocks in the British Isles have been increasing 

at an accelerating rate for over a century (mean NBP = 1.98 TgC/year), which is more 

significantly after the 1980s (mean NBP = 2.67 TgC/year since 1981). 

 

 



 

 

Figure 5.1.2 Historical evolution of the simulated European average of A) Gross 

Primary Productivity (GPP), B) Net primary productivity (NPP) and Heterotrophic 

respiration (HR) and C) Net Biome Productivity (NBP) across European peatlands from 

the 0.5° gridded simulation between 1901 and 2022 

  



 

 

Figure 5.1.3 Simulated annual net biome production (NBP) for each decade from 

1900s to 2010s with NBP being for wetland grid fraction in gC m−2 wetland year−1 

5.2 Results from JSBACH HIMMELI 

With JSBACH-HIMMELI the regional simulations were performed for years 2000 to 2022 with 

a 5000 year spin-up preceding the current day production run. CRU-JRA meteorology was 

used as climatic forcing for the simulations. Open bogs and mires in Corine land cover (CLC, 

https://land.copernicus.eu/en/products/corine-land-cover) were used to define the spatial 

distribution of pristine peatlands. In addition to simulations of carbon and methane balances of 

pristine peatlands, the methane balances of mineral soils were calculated following the Spahni 

et al. (2011).  Yearly sum of peatland methane balance, mineral soil emissions, mineral soil 

uptake uptake and inundated land emissions shows net source of methane that is especially 

high in the northern parts of Europe (Figure 5.2.1).  

The individual methane flux terms for Europe are mostly dominated by peatland emissions 

both in terms of the mean level and annual variability (Figure 5.2.2). The mineral soil sinks and 

sources are less variable and together make up a terrestrial emission source that is smaller 

than pristine peatland emissions. 

https://land.copernicus.eu/en/products/corine-land-cover


 

 

Figure 5.2.1 Net annual mean methane balance between 2000 and 2022. 

Figure 5.2.2 Mean annual European sum of methane balance terms from 2000 to 2022.  

5.3 Results from DNDC 

No gridded simulation was performed with DNDC



 

 

6. Conclusions 

We prepared and designed protocols for simulating wetland GHG fluxes and carbon stocks for 

three simulations 1) historical effects of climate change and rising CO2 at site level s since 

1901, 2) effects of water table depth change simulating drainage of wetlands for idealized 

scenarios of drainage, 3) historical effects of climate change and rising CO2 on gridded 

catchment / European scale. Insofar, the ORCHIDEE PEAT model has performed all 

simulations. The JSBACH-HIMMELI model performed only simulation 1) and 3), the DNDC 

model performed no simulation. 

The lack of timely simulations by JSBACH-HIMMELI and DNDC models could delay further 

progress of the work plan based on an ensemble of three state of the art models unless the 

missing simulations are performed by these two models in the next two months before October 

2024 in order to analyze the multi model differences by the end of the year.  

Plans for exploitation include the writing of a publication with the ORCHIDEE PEAT model on 

the net climate effects of drainage on CO2 and CH4 fluxes, by coupling the results presented 

in section 4 with a simple climate model called ACC2, allowing us to analyze the tradeoffs 

between reduced CH4 emissions but increased CO2 emissions / decreased CO2 sinks for 

different configurations of drainage and rewetting.  

The next step is to perform new site simulations of future drainage and rewetting under future 

changes of climate from ISIMIPi3 bias corrected climate forcing and future evolutions of CO2 

for different SSP scenarios. 

The historical gridded simulations have been performed without drainage or land use change 

which has been a prevalent factor influencing the GHG balance of wetlands in Europe. Taking 

advantage of new historical reconstructions of peat area changes, and based on the evaluation 

of the site level simulations with drainage against meta-analysis data, we plan to reconstruct a 

gridded historical area of peatlands and to run models for simulating both environmental effects 

(climate and CO2) and direct human effects (land use change transitions involving wetlands 

and peat drainage) on historical GHG fluxes.  

Then in the last year of the project we will perform future projections of the impacts of climate 

change and land use change, using land use scenarios from WP5.  
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