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Abstract Peatlands store about one-third of total global soil carbon. Vegetation composition strongly
regulates peatland carbon dynamics. Global warming and climate-driven ecohydrological changes are expected
to alter peatland vegetation composition, necessitating accurate simulation of vegetation dynamics to predict
future fate of peatland carbon. We incorporated six plant functional types (PFTs) into the ORCHIDEE-PEAT
model to represent bryophytes (mosses), C3 graminoids (sedges and grasses), boreal broadleaf deciduous
shrubs, boreal needleleaf evergreen trees, tropical evergreen and raingreen (water-driven deciduous) trees
growing in peatlands. The introduction and elimination of each PFT in response to bioclimatic conditions, as
well as sapling establishment, growth, mortality, and competition among PFTs, are explicitly modeled.
Simulated vegetation distributions align well with site-level observations from West Siberian wetlands, where
extensive vegetation composition measurements are available for model evaluation. The model slightly
overestimated gross primary productivity (GPP) across 60 sites. Evaluation using global satellite-derived land
cover, leaf area index and GPP data was encouraging, though challenges lie in the lack of observational data
specific to peatlands. From 1901 to 2020, simulated tropical peatland vegetation composition remains relatively
stable. In northern peatlands, as a result of warming and declining water table, bryophyte and C3 graminoid
cover decrease by 0.2 (13%) and 0.1 (13%) million km?, respectively, while shrub and tree cover increase by 0.3
(75%) and 0.03 (2%) million km?, respectively. The impacts of these vegetation shift on peatland carbon balance
can be explored in future studies using the model, which integrates peatland vegetation dynamics with peatland-
specific hydrology and carbon cycling.

Plain Language Summary Peatlands are a type of wetlands that store large amounts of carbon in
their soils. Natural peatlands remove carbon dioxide from the atmosphere, but they also release methane,

another powerful greenhouse gas. Whether peatlands act overall as a source or sink of greenhouse gases depends
on the balance between carbon dioxide uptake by plants and the release of carbon dioxide and methane from the
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soil. To better represent these processes, we included bryophytes, C3 graminoids, shrubs, and trees in the
ORCHIDEE-PEAT model to account for the diversity of peatland vegetation types and their competitive
interactions. We evaluated the model by comparing its simulated plant distribution and carbon uptake with
observation-based estimates. The model suggests that from 1901 to 2020, peatlands in the Northern Hemisphere
experienced changes in plant communities: the coverage of peatland bryophytes and C3 graminoids decreased,
while the coverage of peatland shrubs and trees increased. In tropical regions, peatland vegetation changed little.
This model provides a useful tool for studying how changes in plant communities may affect peatland
greenhouse gases and how peatlands may influence the global climate system.

1. Introduction

In recent decades, widespread greening of the Earth has occurred in response to climate warming and elevated
CO, concentrations. This has been well documented by satellite data, and to an extent confirmed also by increased
productivity observed from field observations, and warming experiments (Frost et al., 2025; Jeong et al., 2024;
Piao et al., 2020; Zhu et al., 2016). It signifies various changes, including increase in vegetation height, leaf area
and biomass, as well as shifts in vegetation composition (e.g., shrubification of arctic and sub-arctic tundra) and
phenology (Bjorkman et al., 2018, 2020; Mekonnen et al., 2021; Myers-Smith et al., 2020; Piao et al., 2020; Zhu
et al., 2016).

Northern high latitude regions, containing the largest expanse of peatlands in the world, have been warming much
faster than elsewhere (Rantanen et al., 2022). Natural peatlands, which store approximately one third of the
world's soil carbon (Ribeiro et al., 2021), are also important CO, sinks and CH, sources, with the cooling effect of
CO, uptake offsetting the warming effect of CH, emissions, leading to a net cooling effect on the climate system
(Frolking & Roulet, 2007; Leifeld & Menichetti, 2018). However, recent climate change and human activities
have caused significant hydrological shifts in peatlands. For example, a widespread drying has been observed in
European peatlands in recent centuries (Swindles et al., 2019), whereas in northeastern Canada peatlands, a
wetting trend was more frequently observed (Zhang et al., 2022). Warmer climate and hydrological changes can
induce changes in the composition of peatland vegetation. Different types of peatlands (e.g., ombrotrophic bogs
and minerotrophic fens) and plant species may respond differently, but the general trend is a shift from the
prevalent non-vascular Sphagnum mosses toward a greater abundance of vascular plants in response to rising
temperatures (Dieleman et al., 2015; McPartland et al., 2020; Norby et al., 2019; Weltzin et al., 2003) and
declining water table levels (Jassey et al., 2018).

Shifts in peatland vegetation composition can alter the capacity of peatlands to function as CO, sinks and CH,
sources (Bragazza et al., 2013; Gavazov et al., 2018; Goud et al., 2017; Kalhori et al., 2024; Mekonnen
etal., 2021; Ratcliffe et al., 2020; Wang et al., 2015). However, our knowledge about peatland vegetation changes
at large scales remains limited. The fine-scale spatial complexity of peatlands (i.e., intricate variations in peatland
topography and hydrology leading to distinct vegetation compositions in the hummock-lawn-hollow micro-
topography) poses significant challenges for accurately classifying peatland vegetation mixtures using remotely
sensed data and common mapping techniques (Résénen et al., 2020). In addition, remote sensing faces significant
challenges when dealing with dense vegetation (e.g., paludified forests in boreal North America and lowland
tropical peatlands, which are typically covered by dense swamp forests) and is hindered by contamination from
clouds and aerosols (Piao et al., 2020).

Process-based models are valuable tools for understanding and predicting vegetation dynamics in ecosystems,
accounting for the interactions between vegetation, hydrological processes and carbon fluxes. However, peat-
lands are complex adaptive systems that are challenging to model (Belyea & Baird, 2006). To date, peatlands have
been incorporated into many process-based land surface models (Chadburn et al., 2022; Chaudhary et al., 2017;
Kleinen et al., 2012; Miiller & Joos, 2020; Qiu et al., 2018; Shi et al., 2021; Zhao & Zhuang, 2023). Nevertheless,
many existing models have limitations in representing the complexity of peatlands and accurately capturing their
responses to climate forcings (Qiu et al., 2022). A major source of the complexity in peatland responses to climate
is vegetation feedbacks. The representation of peatland vegetation in models ranges from those that include only
non-woody vegetation types such as mosses and graminoids (Qiu et al., 2018; Wania et al., 2009), to those that
also incorporate shrubs and trees (Chaudhary et al., 2017; Miiller & Joos, 2020; Zhao & Zhuang, 2023). In the
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state-of-the-art land surface model, ORCHIDEE-PEAT, peatland-specific hydrology and water table dynamics
(Qiu et al., 2018), and their coupling with the carbon cycle (Kwon et al., 2022; Qiu et al., 2019; Salmon
et al., 2022) are explicitly modeled. However, the parameterization of peatland vegetation in the model has been
relatively simple - it uses only one grass-like plant functional type (PFT) to represent the average vegetation
growing in intact northern peatlands. This approach overlooks the diversity of vegetation growth forms and their
distinct responses to climate change. Moreover, it hinders the model's applicability to tropical peatlands, which
are typically characterized by dense trees rather than herbaceous vegetation. To address this limitation, we
enhanced the representation of peatland vegetation by incorporating multiple peatland-specific PFTs, including
bryophytes, C3 graminoids (using the characteristic parameters of the grass-like PFT from ORCHIDEE-PEAT),
shrubs, and trees (Section 2.2).

The fractional area covered by each PFT within a grid cell can be prescribed from vegetation/land cover maps or
dynamically simulated using the vegetation dynamics module. The vegetation dynamics module in ORCHIDEE-
PEAT was adapted from the LPJ model (Krinner et al., 2005; Sitch et al., 2003) and further improved by Zhu
et al. (2015). Vegetation dynamics are determined by the balance between sapling establishment and plant death
caused by natural mortality (background mortality, extreme coldness-induced mortality and spring frost-induced
mortality for trees), competition between PFTs, and disturbances. However, the module does not differentiate
peatlands from upland ecosystems, thus the establishment and death of plants are constrained by the grid cell
mean bioclimatic conditions, and non-peat PFTs compete with peat PFTs for light and space. In light of the
differences between peatlands and upland ecosystems, marked by the presence of water at or near the soil surface
and the thriving of specialized plants in such conditions, we revised the vegetation dynamics module to separate
peatlands and upland ecosystems (Section 2.3). Vegetation dynamics of peatlands are now independently
simulated and fully coupled with peatland-specific hydrology and carbon cycle modules. The results of the model
are evaluated using global satellite-derived land cover map, GPP and LAI products, as well as site-level mea-
surements of vegetation cover and GPP (Section 5.1). The model is used to predict peatland vegetation dynamics
from 1901 to 2020 (Section 5.2).

2. Model Description
2.1. ORCHIDEE-PEAT: Starting Point for New Development

Peatland is represented as an independent soil tile in the model (Figure 1a), its hydrological processes, including
rainfall interception, evaporation, transpiration, water infiltration at the soil surface, water diffusion in the soil,
and soil surface runoff, are simulated on a half-hourly time step (Qiu et al., 2018). Water infiltration and diffusion
in the soil are simulated using an 11-layer scheme (with exponentially increasing layer thickness and totaling 2 m)
to solve the Richards diffusion equation. The hydraulic parameters (hydraulic conductivity and diffusivity) for the
diffusion equation are calculated using the Mualem-Van Genuchten model (Mualem, 1976; Van Gen-
uchten, 1980). The peatland soil tile is parameterized with peat-specific soil hydraulic properties. More specif-
ically, the peatland soil tile is characterized by a large porosity and high saturated hydraulic conductivity,
facilitating a rapid infiltration of rainfall and snowmelt water, and possessing a substantial water storage and
retention capacity (Largeron et al., 2018; Qiu et al., 2018). Moreover, if the peatland area fraction within a grid
cell is less than 1, the model simulates the hydrological processes typical of fens, which receive precipitation and
surface runoff from other biomes within the same grid cell (Qiu et al., 2018). Conversely, if the peatland area
fraction is 1, the model simulates the hydrological processes typical of bogs, with precipitation being the only
source of water input.

The carbon cycling dynamics of peatland include photosynthetic assimilation, maintenance, and growth respi-
ration of peatland vegetation simulated at a half-hourly timescale, carbon allocation to plant biomass pools,
prognostic phenology, and the exchange of carbon between plant biomass pools, litter, and soil carbon pools
simulated on a daily basis. For each PFT, there are eight plant biomass pools: leaves, roots, aboveground and
belowground sapwood and heartwood, fruits and a plant carbohydrate reserve. Litters are categorized into
metabolic and structural carbon pools, both above and below the surface. The three soil carbon pools (active,
slow, and passive) are vertically discretized into 32 layers, extending to a maximum depth of 38 m. The
decomposition of carbon and carbon flows between the pools are calculated at each layer, controlled by the
residence time of carbon in each pool, soil temperature, moisture, and depth. The vertical buildup of peat is
parameterized through the downward movement of carbon between soil layers (Qiu et al., 2019).
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Figure 1. (a) Prescribed distribution of peatlands (the gray map, from Xu et al., 2018), locations of peatland sites used for evaluating the simulated peatland GPP, and
representation of four independent soil tiles (one for bare soil, one for all upland trees, one for all upland grasses and crops, and one for peatland) in each model grid cell;
(b) a schematic of the peatland vegetation dynamics module. The dynamic area occupied by each peatland PFT is determined by bioclimatic conditions and competition
among PFTs. Bioclimatic factors directly constrain the distribution of peatland PFTs (e.g., minimum temperature and water table position required for survival, as
shown in Table 1; spring frost and extreme cold can cause tree mortality) and indirectly influence PFT distribution by regulating vegetation growth processes

(e.g., photosynthesis and respiration), which subsequently impact the competitive ability of a PFT (e.g., primary productivity and phenological processes influenced by
temperature and moisture, such as leaf emergence and senescence).

2.2. Incorporation of New Peatland Plant Functional Types

One characteristic that distinguishes peatlands from upland ecosystems is the presence of specialized vegetation
adapted to waterlogged, often acidic and oligotrophic soils. The representation of vegetation in peatlands must
take into account (a) the abundant cover of bryophytes, and (b) the development of shallow root systems in plants
to avoid oxygen stress beneath the water table (Frolking et al., 2009).

We incorporated a bryophyte PFT as detailed in Druel et al. (2017) into ORCHIDEE-PEAT to represent non-
vascular plants such as mosses in peatlands. Considering that bryophytes lack true roots and rely on rhizoids
for water acquisition and anchorage, carbon allocation to the root pool is set to be zero in the model. The biomass
of bryophytes' non-vascular stems and leaves is represented by the leaf carbon pool in the model and is char-
acterized by “pseudo-stomata” to regulate the exchange of CO, and water fluxes with the atmosphere. In com-
parison to vascular PFTs, the stomatal conductance of the bryophyte PFT is larger but exhibits less sensitivity to
humidity and atmospheric CO, concentration (Equations 1 and 2 in Druel et al., 2017). While the leaf senescence
of the bryophyte PFT is reduced to represent its resistance to extreme conditions, the associated metabolic cost is
parameterized as an increase in its leaf biomass carbon turnover (Equation 3 in Druel et al., 2017). Considering
that peatland mosses can develop a thick mat under favorable conditions, consequently limiting light and oxygen
availability to the lower part of the canopy, the leaf biomass turnover rate of the bryophyte PFT will increase once
the maximum LAI is reached (Equation 4 in Druel et al., 2017). During and after drought, peatland moss loses its
moisture and dries out (desiccation), resulting in a reduction of its photosynthetic capacity. This process is
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Table 1
Bioclimatic Limitations for Peat PFTs

Peat PFT KBG (yril) Tmin.cril (OC) T (OC) WTmin,crit (m) WTmax,crit (m) WTcrit (m) kWT (d_l)

grow

Bryophytes 0.0 0.5 0.001
C3 graminoids 0.3 0.8 0.0005
BoBS shrubs 0.125 —45 0.2 0.001
BoNE trees 0.05 —45 0.5 0.001
TrBE trees 0.14 10

7
7
7
TrBR trees 0.14 10 7

Note. BoBS shrubs: Boreal broadleaf deciduous shrubs; BoNE trees: Boreal needleleaf evergreen trees; TrBE trees: Tropical
evergreen trees; TrBR trees: Tropical raingreen trees; Kpg: the maximum background mortality rate (Equation 1); T, ot
daily minimum temperature limitation, below which the mortality rate will increase (Equation 2); T,,,,: mean weekly air
temperature during the growing season, below which trees cannot survive; WT,;, oo WT and WT_: critical WT
thresholds used to calculate the mortality of peat PFTs due to WT limitations (Equations 4-6). Positive values of the water
table indicate that the water table is below the surface.

max,crit?

accounted for by incorporating a desiccation function to scale the maximum rate of carboxylation and the
maintenance respiration of the bryophytes PFT by a monthly running mean hydric stress factor (Equation 6 in
Druel et al., 2017), with the hydric stress factor describing the relative water content along the rooting profile.

Vascular plants in peatlands are represented by five PFTs, including a C3 graminoid PFT (Qiu et al., 2018); a
boreal needleleaf evergreen tree PFT (Krinner et al., 2005), a tropical evergreen tree PFT (Krinner et al., 2005), a
tropical raingreen tree PFT (Krinner et al., 2005), and a boreal deciduous shrub PFT (Druel et al., 2017). All the
vascular peat PFTs are parameterized with shallower roots than those in upland ecosystems (Figure S1 in Sup-
porting Information S1).

2.3. Modeling Peatland Vegetation Cover Changes

We revised the vegetation dynamics module of ORCHIDEE-PEAT to distinguish between peatlands and upland
ecosystems. All peatland PFTs are assumed to grow exclusively within the peatland soil tile and are thus con-
strained by the specific conditions of that tile (e.g., peatland water table position). Peatland PFTs thus do not
compete with vegetation from upland ecosystems. As such, peatland vegetation dynamics, water and carbon
cycles are independently simulated and coupled in the model.

The changes of peatland vegetation cover is simulated on a daily time step by explicitly modeling the introduction
and elimination, sapling establishment, light competition and mortality of each PFT. Whether a PFT can be
introduced and survive under the prevailing climate conditions is determined by bioclimatic limitations
(Figure 1b, Table 1). Plant mortality occurs in response to extreme cold (for woody PFTs), spring frost (for
broadleaf woody PFTs), too low/high water table, and competition. In addition, a background mortality is
calculated for woody PFTs (Zhu et al., 2015) (Figure 1b).

2.3.1. Background Mortality (Myg)

A dynamic background mortality rate, which accounts for the longevity of different woody PFTs and the in-
fluence of growth efficiency on mortality, is calculated following Zhu et al. (2015):

KBG
My = [—=25__) /365 1
BG (1 +0.035V)/ M

where Kgg is the maximum background mortality rate (Table 1), proportional to the inverse of the PFT's lon-
gevities; V is the growth efficiency of the PFT, defined as the ratio of the net annual biomass increment to the
maximum LAI of the preceding year.
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2.3.2. Extreme Coldness Induced Mortality (Mgc)

In the model, woody PFTs are considered adapted to a given climate if the minimum temperature in each day
(Tmin) exceeds a PFT-specific threshold (T, i) and the mean weekly air temperature during the growing season
is greater than 7°C (T,,y,) (Zhu et al., 2015). If Ty, falls below T, .. (extreme coldness, Table 1), the mortality
rate increases linearly with decreasing temperature (Zhu et al., 2015):

TOW.

MEC =0.04 x (Tmin,crit - Tmin)? (2)

2.3.3. Spring Frost Induced Mortality (Mgp)

A frost damage limitation is employed to represent the damage caused by spring frost on broadleat woody PFTs
(Zhu et al., 2015). Over the consecutive 40 days after leaf-out, if Ty, falls below a threshold of —3°C (Tgg .,y), the
tree mortality rate increases with decreasing temperature. Moreover, this mortality rate is multiplied by the time
elapsed since leaf-out, as a greater elapsed time implies a larger mass of vulnerable foliage (Zhu et al., 2015):

! — Neaf—ou
Mg (t, Tyin) = 0.01 X (Tsp cric — Tin) {%} (3)

Where ¢ is the day of the year; fio,r _ oy 1S the day of the year when leaf-out takes place.

2.3.4. Too Low/High Water Table Induced Mortality (M)

In addition to the temperature-related limitations mentioned above, a critical abiotic factor that impacts the growth
of peatland vegetation is water table levels (WT) (Breeuwer et al., 2009). Observational and experimental
planting studies have shown that for many peatland grasses and sedges, the survival rate decreases as the WT
becomes deeper, and their growth is hindered when the WT is more than 1 m below the surface (Bess et al., 2014;
Cooper & MacDonald, 2000; Schipper et al., 2002; Triisberg et al., 2011). In contrast, a shallower water table
threshold has been identified as conducive to the growth of peatland moss. For example, to rehabilitate peatland
moss in degraded peatlands, the WT is typically raised to around or above the soil surface (Bonsel & Son-
neck, 2011; Temmink et al., 2021). We tentatively parameterized a linearly increasing mortality rate for the
peatland C3 graminoids PFT and the bryophytes PFT when the mean water table in the preceding month
(WT one) falls below WT, ;i but remains above WT, .. . (Table 1, Figure S2 in Supporting Information S1):

4)

WT, — WT e
MWT — kWT % MIN(I,MAX(O month min,crit ))

B
WTmax,crit - WTmin,cril

where kyrt is a PFT-specific parameter. WT is diagnosed from the total water volume within the unfrozen soil
column as follows:

Nutigzen (9. _ g
0.-6),.

WT = D fi - i
unfrozen e (05 _ ar) i

©)

where Dypgozen 18 the total depth of unfrozen soil, Nyyfiosen 1S the number of soil layers with temperature above 0°C,
Az; is the thickness of layer i, 6; is the volumetric soil moisture of layer i, ,, and 6; are the residual and saturated
soil moisture content, respectively. WT 1is defined as a positive distance below the soil surface, such that
increasing WT indicates a lowering of the water table.

While tropical peat swamp trees thrive in waterlogged conditions thanks to their short taproots and extensive root
systems, which include lateral roots, aerial roots and split roots, trees in boreal peatlands require WT to be several
centimeters to several tens of centimeters below the surface to support their growth (Bussieres et al., 2008;
Nuyim, 2000). Therefore, for the distribution of the boreal peatland tree PFT and the boreal peatland shrub PFT,
the mortality rate increases linearly when WT, . is shallower than a PFT-specific critical threshold (WT,

Table 1):

mont] crit>
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Table 2

WT,
Experimental Design for the Simulations (1850-2021) My = kwr X M]N( 1, MAx<0’ 2 ﬁ)) (6)

WT,

crit

Experiment Atmospheric CO, level Meteorological forcings

Hist Rising
FixCO2 Fixed at 286 ppm

FixClimate Rising

1901-2021 2.3.5. Competition Between Peatland PFTs
19012021

Recycled 1901-1920

In the model, vegetation is represented as a single canopy layer. As such,
graminoids and bryophytes do not grow beneath trees/shrubs in the under-

story, but rather compete with shrubs and trees for space. Light competition
between woody vegetation (peatland shrub and tree PFTs) and non-woody vegetation (graminoids and bryo-
phytes PFTs) occurs when the total cover of all peatland PFTs exceeds the prescribed peatland area (Section 3). In
such cases, woody vegetation is assumed to receive more light and outcompetes non-woody vegetation, thus the
mortality of non-woody PFTs will be increased to reduce their fractional cover. As shrubs are of intermediate
height, their area is adjusted when the total cover of peatland woody PFTs exceeds 95% of the prescribed peatland
area. Specifically, shrub cover is reduced until the total woody PFT cover no longer exceeds this threshold (Druel
et al., 2019). The competition between non-woody PFTs is calculated based on their respective net primary
productivity (NPP) such that a more productive PFT is more competitive. The competition between woody PFTs
is calculated based on the foliage projective cover of woody PFTs. As the canopy closes and reduces the amount
of sunlight, the establishment rate of woody PFTs is reduced (Smith et al., 2001).

3. Simulation Setup

We performed three global simulation experiments at 2° X 2° spatial resolution (Table 2). The Hist experiment is
a standard historical simulation, in which the transient period from 1850 to 2021 was forced by historically rising
atmospheric CO, concentrations and historical meteorological forcing (recycled 1901-1920 meteorological
forcing was used for the period 1850-1900 due to the lack of meteorological forcing prior to 1900). To attribute
the simulated changes to rising atmospheric CO, and climate change, we conducted two additional sensitivity
experiments. In the FixCO2 experiment, atmospheric CO, concentration was fixed at 286 ppm, while historical
meteorological forcing was applied during the transient period. In the FixClimate experiment, atmospheric CO,
concentration followed historical increases, whereas meteorological forcing was fixed by recycling 1901-1920
conditions throughout the transient period.

Each run was conducted in three steps: (a) The full land surface scheme ORCHIDEE-PEAT was forced for
100 years with repeated 1901-1920 meteorological forcing and constant preindustrial atmospheric CO, con-
centration (286 ppm). (b) The soil carbon sub-model was run for 10,000 years to simulate the accumulation of
peat carbon. (c) A transient simulation from 1850 to 2021.

In all three runs, the model was forced by 6-hourly CRU-JRA v2.3 meteorological forcings, which is based on the
Japanese Reanalysis data (JRA) (Kobayashi et al., 2015) and adjusted to align with the CRU TS 4.06 data (Harris
et al., 2020). The agricultural and forestry use of peatland and net changes of peatland areas were not considered,
as the aim of this study is to investigate vegetation shifts within peatlands driven by climate change. Therefore, the
area of peatlands (the total coverage of all peatland vegetation types) in each grid cell was fixed and prescribed
based on PEATMAP (Xu et al., 2018), with the area of each peatland vegetation types being dynamically
simulated as described in Sect. 2 (Figure 1). The area coverage of different upland vegetation types, whose surface
runoff is directed to peatlands, was prescribed based on the ESA CCI land cover product (Bontemps et al., 2013)
and LUH2v2 data set (Hurtt et al., 2011).

4. Evaluation Data Sets

While peatlands often occur as small-scale, spatially heterogeneous ecosystems, consistent and high-resolution
observational data specific to peatlands are very limited. Therefore, model evaluation was largely based on
available global data sets. Simulated peatland vegetation distributions were evaluated against ESA WorldCover
2021 data set over global peatland regions as delineated in PEATMAP, a probability map of forested and treed
peatlands in Canada, and field survey data on the fraction of grasses, shrubs, mosses and lichens cover at West
Siberian wetlands. Simulated peatland GPP was evaluated against three satellite-derived GPP (X-BASE, GOSIF,
and VPM) data sets sampled over peatland areas and GPP observations derived from eddy covariance (EC) flux
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Figure 2. Simulated areal fraction (per unit of total grid cell area) of peatland C3 graminoids (a), bryophytes (b), shrubs (c),
and trees (d). The green line and shaded gray area are the normalized latitudinal distribution of simulated and observed
(overlay of the ESA WorldCover 2021 product with PEATMAP) peat PFTs, respectively.

towers. Simulated peatland vegetation dynamics (trends in LAI) were evaluated using three satellite LAI
(GIMMS LAl4g, GLASS, and GLOBMAP V3) data sets over global peatland regions.

The ESA WorldCover 2021 product was developed and validated using data from Sentinel-1 and Sentinel-2
(Zanaga et al., 2022). It provides global coverage of 11 generic classes at a spatial resolution of 10 m: tree
cover, shrubland, grassland, cropland, built-up, bare/sparse vegetation, snow and ice, permanent water bodies,
herbaceous wetland, mangrove, moss and lichen, at a resolution of 10 m. To estimate the area of peatland covered
by different peat PFTs, we aggregated the ESA WorldCover 2021 land cover data to a resolution of 0.1°, and then
performed a pixel-by-pixel overlay of the aggregated data with the 0.1° resolution observation-based peat mask
from PEATMAP (Xu et al., 2018). A correspondence table between ESA WorldCover 2021 classes and our
peatland PFT is provided in Table S2 in Supporting Information S1.

The probability map of forested and treed peatlands in Canada provides an estimate of the likelihood that a given
area has a tree canopy cover greater than 10% and a peat depth greater than 40 cm. Thompson et al. (2016) first
used forest structure information (the presence of black spruce or larch, stand height, and stand age) from the
Canadian National Forest Inventory, along with bioclimatic variables (mean diurnal range and the standard
deviation of monthly temperature), to predict the presence of forested and treed peatlands at the ground plot level.
The resulting boosted regression tree model was then applied to predict the distribution of forested and treed
peatlands across Canada at a spatial resolution of 250 m.

Simulated peatland vegetation distribution in West Siberia was evaluated against field observations collected
from West Siberian wetlands between 1999 and 2013 (Peregon et al., 2008, 2009). A total of 660 field surveys
were conducted at 16 sites (Figure 3b), encompassing various wetland types (i.e., fens, bogs) and microtopo-
graphical features (i.e., ridges, hollows) at each site. Because the model did not explicitly represent different
wetland types or microtopographical variability, site-level averages were used to assess the model performance.

The FLUXCOM-X-BASE (X-BASE for short) GPP product (2001-2021, a spatial resolution of 0.5°) (Nelson
et al., 2024) was generated using the FLUXCOM-X framework, which trains machine learning models on in situ
EC measurements and applies them globally using a set of predictor variables, including meteorological variables,
plant functional type, as well as land surface temperature and vegetation indices from the Moderate Resolution
Imaging Spectroradiometer (MODIS). The GOSIF GPP product (2000-2022, a spatial resolution of 0.05°) was
produced from OCO-2-based (Orbiting Carbon Observatory-2) SIF (Solar-induced chlorophyll fluorescence)
product and linear relationships between SIF and GPP (Li & Xiao, 2019). Eight SIF-GPP relationships with
different forms have been used to account for uncertainty from the SIF-GPP relationship. Given that all of the
eight SIF-GPP relationships performed well in estimating GPP globally, here we use the ensemble mean to
evaluate our model. The vegetation photosynthesis model (VPM) GPP (2000-2016, a spatial resolution of 0.5°)
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was estimated from the absorption of light by chlorophyll and the efficiency of converting the absorbed energy to
carbon fixed by plants (Zhang et al., 2017). In addition to this improved theory of light use efficiency, a state-of-
the-art vegetation index gap-filling and smoothing algorithm and a separate treatment for C3/C4 photosynthesis
pathways have been employed. To estimate peatland GPP, we performed a pixel-by-pixel overlay of PEATMAP
with the three global GPP data sets mentioned above.

In addition to the three satellite-derived global GPP data sets, 305 site-years of GPP observations from 60 wetland
EC sites were used to evaluate the simulated peatland GPP (Figures 1la, Table S1). EC only measures the net
exchange of CO, (NEE) between the biosphere and atmosphere at the ecosystem level. NEE is then partitioned
into GPP and ecosystem respiration (ER) using the nighttime temperature-driven (NT) method (Reichstein
et al., 2005) or the daytime temperature-driven (DT) method (Lasslop et al., 2010).

The GIMMS LAI4g LAI product for the years 1982-2015 (a spatial resolution of 1/12°) was generated by biome-
specific back propagation neural network models which utilize the latest PKU GIMMS normalized difference
vegetation index (NDVI) product and massive high-quality Landsat LAI samples (Cao et al., 2023). Then the
GIMMS LAI4g LAI data for the years 2016-2020 was consolidated with the reprocessed Moderate Resolution
Imaging Spectroradiometer (MODIS) NDVI product using a pixel-wise fusion method. The GLASS v4 LAI
product (1981-2018, a spatial resolution of 0.05°) used in this study was derived from biome-specific general
regression neural networks, and is based on the Advanced Very High Resolution Radiometer (AVHRR) surface
reflectance data set provided by NASA's long-term data record project (Liang et al., 2021; Xiao et al., 2016). The
GLOBMAP v3 LAI product (1982-2020, a spatial resolution of 1/13.75°) was generated by a quantitative fusion
of AVHRR LAI (1982-2000) and MODIS LAI (2001-2020) (Liu et al., 2012). MODIS LAI was generated from
MODIS surface reflectance data using the GLOBCARBON LAI algorithm, and the LAI for AVHRR was
retrieved from GIMMS NDVL

The ESA WorldCover 2021 product and the satellite-derived GPP and LAI data sets described above were used in
their original published form, as provided by the original authors. No reprocessing of the original retrievals or
algorithms was performed in this study. For comparison with the model results, these data sets were aggregated to
a spatial resolution of 2° X 2° and a monthly temporal resolution. The EC-derived GPP data were obtained from
multiple sources. From some sites, GPP was provided directly by site principal investigators, while for others it
was obtained from FLUXNET, AmeriFLUX (https://ameriflux.lbl.gov/), and the Integrated Carbon Observation
System (ICOS, https://www.icos-cp.eu/) (Table S1). For sites obtained from FLUXNET, AmeriFLUX, and
ICOS, we used daytime-partitioned GPP (GPP_DT) because it provides more complete data coverage across sites
and years. To assess the sensitivity of our results to the choice of flux partitioning method, we repeated the
analysis using nighttime-partitioned GPP (GPP_NT) where available and found that this choice does not affect
the main results or conclusions of the study (Figure S3 in Supporting Information S1).

5. Results
5.1. Model Evaluation

By the year 2021, simulated total areas of peatland C3 graminoids, bryophytes, shrubs and trees are 0.6, 1.3, 0.7,
and 1.1 million km?, respectively. Direct and quantitative comparisons between the simulated peatland vegetation
cover and the ESA WorldCover 2021 product are challenging, especially in heterogeneous landscapes where
multiple vegetation types coexist. The model represents vegetation as a single canopy layer, constraining the sum
of vegetation fractions to not exceed 1. In contrast, the ESA WorldCover data set assigns each 10 m X 10 m pixel a
single dominant land cover class. For example, a pixel is classified as “tree cover” if trees occupy 10% or more of
the area, even if shrubs or herbaceous vegetation are present below the canopy at a higher density than trees. This
can lead to overestimation of tree cover and underestimation of shrubs and grasses within the pixel. For instance,
high confusion between shrubland and tree classes, as well as between grassland and tree classes, has been re-
ported in the ESA WorldCover 2021 product for Siberian temperate tundra regions (Zanaga et al., 2022).
Figures 2a—2c shows that the model broadly captures the latitudinal distribution of bryophytes and shrubs,
compared to observations derived by overlaying the ESA WorldCover 2021 product with the PEATMAP
peatland distribution map (shaded gray area). However, the model overestimates peatland bryophyte cover in
regions between 40°N and 60°N, and underestimates graminoid cover north of 60°N. Compared to the ESA
WorldCover data set and the probability map of forested and treed peatlands, boreal peatland tree cover,
particularly in the Boreal Plains, Boreal Shield West, and Hudson Plains regions in Canada, appears to be
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Figure 3. (a) Observed (obs.) and Simulated (sim.) area fraction of peatland bryophytes, graminoids, and shrubs in Western
Siberia. (b) The location of the field surveys in Western Siberia. (c) The probability map of forested/treed peatland in Canada
(Thompson et al., 2016).

underestimated (Figures 2d and 3c). Note that the probability map indicates the likelihood that each 250 m grid
cell has a tree canopy cover greater than 10%. The fundamental differences in how vegetation is represented in the
model, the ESA WorldCover data set, and the probability map hinder a more robust evaluation of the model. It is
also important to recognize that current estimates of peatland distribution (e.g., PEATMAP) are subject to
substantial uncertainties (Hugelius et al., 2020; Xu et al., 2018). Therefore, it is essential to integrate satellite-
based observations with ground-based data to enhance the accuracy of peatland mapping and vegetation cover
assessments.

We further evaluated the simulated peatland vegetation distribution against field observations from the world's
largest high-latitude peatland area, the West Siberian Lowlands (Figures 3a and 3b). In field surveys, graminoids
and bryophytes often grow in the understory, which can cause the total vegetation fractions to exceed 1 for a given
location. To facilitate comparison between simulated and observed vegetation fractions, we normalized both the
observed and simulated fractions of graminoids, bryophytes, and shrubs by their respective totals. Figure 3a
shows that the relative coverage of peatland bryophytes, C3 graminoids, and shrubs in the West Siberian
Lowlands are well captured by the model.

By overlaying the PEATMAP mask with the three satellite-derived global GPP products, we estimate that global
peatland GPP ranges from 4.1 to 5.1 Pg C yr™" for the period 20012015 (Figure 4b). Our model predicts higher
values, ranging from 5.6 to 6.0 Pg C yr~! over the same period. In temperate and boreal regions (north of 23.5°N),
the simulated peatland GPP (averaged over the period 2001-2015) exceeds all three satellite-derived estimates by
0.7 (X-BASE) to 1.0 (VPM) Pg C yr_1 (Figures 4c—4f). In tropical regions (south of 23.5°N), the simulated
peatland GPP closely matches the GOSIF estimate, with a difference of less than 0.01 Pg C yr™', while it is higher
than the X-BASE and VPM estimates by 0.4 and 0.6 Pg C yr™, respectively. The model captures the pronounced
seasonal cycle of GPP in temperate and boreal peatlands, but it overestimates peak values during the growing
season (Figure 5a). In tropical peatlands, the model simulates weaker seasonality and smaller interannual
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Figure 4. Simulated peatland GPP averaged over 2001-2015 (a); global total peatland GPP from the three satellite-derived
data sets (X-BASE, VPM, GOSIF), their average, and the model simulation (b); differences between the model and satellite-
derived estimates from X-BASE(c), VPM (d), and GOSIF (e), and their average (f).

variability compared to satellite-derived GPP products, and consistently overestimates GPP throughout the entire
period (Figure 5b).

It is worth acknowledging that satellite-derived global GPP products provide aggregated GPP values that account
for all ecosystems within each grid cell, which may include a diverse range of land cover types beyond just
peatlands. Therefore, the estimated peatland GPP from global satellite GPP products may be subject to un-
certainties due to potential mismatches between peatland-specific GPP and the general ecosystem GPP values
reported by these products, as well as variations in methodology and spatial resolution across different data sets.
In addition, by reconciling GPP estimates with soil respiration data, a recent study inferred a global GPP that is
approximately 32% higher than estimates derived from satellite remote sensing products or satellite-driven
upscaling approaches (Jian et al., 2022). Therefore, the apparent positive bias in simulated GPP relative to
satellite-derived estimates does not necessarily imply an overestimation of peatland GPP by the model. To further
assess model performance using an independent observational constraint, we compared simulated GPP with
observations from peatland eddy covariance sites (305 site-years from 60 wetland sites). This comparison in-
dicates that the model slightly overestimates peatland GPP, with a mean bias error of 0.61 g C m™> day™"
(Figure 6).

Figure 7 presents trends in LAI from 1982 to 2018, derived from three remote sensing data sets and the model
simulation (values reported below are in m?> m~2 yr™'). The model reproduces the observed LAI trend of global
peatlands from 1982 to 2012 well, with a simulated rate of change of 0.002 (Figure 7f). In comparison, the
observed LAI trends from the three remote sensing data sets range from 0.001 (GIMMS) to 0.003 (GLOBMAP),
with an average trend of 0.002. However, while the observed LAI trends from 2012 to 2018 range from —0.002
(GLASS) to 0.007 (GLOBMAP), the simulated LAI trend is —0.004. Thus, the model underestimates the rate of
LAI change of global peatlands during this period. Similar to the satellite-derived GPP products, these remote
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Figure 5. Simulated and observed monthly GPP for northern peatlands (north of 23.5°N) (a) and tropical peatlands (south of
23.5°N) (b).
sensing LAI data sets are not specific to peatlands. They are better suited for evaluating simulated LAI in regions
where peatlands are more prevalent, such as the Hudson Bay Lowlands (HBL), the West Siberian Lowlands
(WSL), and the central Congo Basin. For these three peatland complexes, The GIMMS data set exhibits the
smallest LAI change from 1982 to 2018 (10_5, 10~*and 107 for HBL, WSL, and the Congo Basin, respectively),
while the GLOBMAP data set shows the largest increase in LAI (0.001,
. 0.0004 and 0.0004 for HBL, WSL, and the Congo Basin, respectively). The
simulated peatland LAI trend falls within the range of these observations
MBE =0.61, r*=0.57, RMSE =1.08 - - ) .
(1073, 0.0002 and 10~ for HBL, WSL, and the Congo Basin, respectively).
v Bog
10 4
= % Swamp
| 5 Marsh 5.2. Peatland Vegetation Dynamics Over the Last Century
= *
©
T g i FeR From 1901 to 2020, the model predicts an increase in the water table depth
TE & WEETIRdS across northern peatlands (Figure S4 in Supporting Information S1). As a
O result of this deeper water table and hence drier growing conditions, the areas
2 64 covered by peatland bryophytes and C3 graminoids in northern regions are
& simulated to decrease by 0.2 million km? (13%) and 0.1 million km? 13%),
O respectively, while the coverage of peatland shrubs and peatland trees is
E 41 T =oms, 2 =oan, st =107 predicted to increase by 0.3 million km? (75%) and 0.03 million km? (2%),
L__S respectively (Figures 8 and 9a). In addition to drier conditions, climate
= warming may also contribute to shrub and tree expansion by reducing cold-
n 27 related mortalities (Zhu et al., 2015). The shift in peatland vegetation is
most pronounced in the Northwest Territories of Canada, Western Canada,
o and the Russian Far East. In the two major northern peatland complexes, HBL
. i . i i i and WSL, changes in vegetation cover are relatively small in absolute terms

0 2 4 6 8 10 12
Observed GPP (gC m~2 day™1)

Figure 6. Observed (x axis) and simulated (y axis) GPP (multi-year mean) at
60 wetland sites (Figure 1a, Table S1). The inset shows observed and
simulated GPP across individual 305 site-years. MBE: mean bias error;
RMSE: root mean square deviation; % coefficient of determination.

but substantial in percentage terms (Figures 9b and 9c). In the HBL, non-
woody plants decline by 0.02 million km* (6%), while shrubs expand by
0.03 million km? (105%). In the WSL, non-woody plants decrease by 0.05
million km? (11%), while shrubs expand by 0.04 million km? (62%). Tree
expansion in the HBL is negligible, while in the WSL, it increases by 0.01
million km? (27%). The water table and air temperature (Figure S5 in
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Figure 7. Trend in LAI from 1982 to 2018 from the GIMMS (a), GLOBMAP (b), and GLASS (c) data sets, their average (d),
and trend in the simulated peatland LAI (e). Panel (f) presents the anomaly of global peatlands LAIL.

Supporting Information S1) of tropical peatlands remained relatively stable, leading to negligible changes in the
vegetation composition.

We conducted two additional simulations (FixCO2 and FixClimate, Table 2) to study the impact of the two
primary drivers, rising atmospheric CO, and climate change, on the simulated distribution of peatland vegetation.
In response to rising atmospheric CO, levels, plants enhance their assimilation rate and improve water use ef-
ficiency. The resulting increase in photosynthetic capacity and NPP of trees leads to greater coverage of trees
(Zhu et al., 2015). When the atmospheric CO, is held constant at 286 ppm (FixCO2), the model predicts an
expansion of peatland shrubs and trees by 0.14 million km?, from 1901 to 2020. This increase is only 45% of that
predicted in the Hist simulation (Figure 10). Trees and shrubs have a competitive advantage over graminoids and
bryophytes because of their superior access to light. Additionally, their expansion increases transpiration, leading
to drier conditions that are unfavorable for bryophytes and graminoids. Therefore, the smaller expansion of trees
and shrubs in the FixCO2 simulation alleviates pressure on graminoids and bryophytes. Consequently, the decline
in bryophytes and C3 graminoids area in the FixCO2 simulation is 0.16 million km® smaller than in the Hist
simulation. In the FixClimate simulation, repeated 1901-1920 meteorological forcing is used to drive the model.
Compared to the Hist simulation, the FixClimate simulation predicts wetter and cooler peatland conditions in
Alaska, northern Canada, Central and Southern Europe, and the Russian Far East, which restrict the expansion of
peatland shrubs and trees (Figures S5 and S6 in Supporting Information S1). As a result, shrub and tree cover
increases by only 0.03 million km?* in FixClimate simulation, which is only 10% of that predicted in the Hist
simulation. These results suggest a synergistic interaction between rising atmospheric CO, and climate change,
where their combined impact drives greater tree and shrub expansion than what would be expected from their
individual effects alone.
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Figure 8. Simulated change (2020-1901) in the fractional cover of peatland C3 graminoids (a), peatland bryophytes (b),
peatland shrubs (c), peatland trees (d).

6. Discussion
6.1. Peatland Modeling and Evaluation Challenges

A critical challenge in peatland modeling is the difficulty in constraining key parameters and process repre-
sentations (Hou et al., 2023). In this study, we improved ORCHIDEE-PEAT by incorporating multiple peatland-
specific PFTs into a dedicated peatland soil tile and simulating dynamic competition among these PFTs. While
the original single-PFT model substantially underestimates global peatland GPP, the new model simulates greater
GPP values that are closer to the satellite-based estimates, though it exhibits a positive bias (Figure S7a in
Supporting Information S1). Both the original single-PFT model and the new model capture the overall increasing
trend in peatland LAI since the early 1980s (Figure S7b in Supporting Information S1). However, the new model
simulates greater interannual variability in LAI. These results indicate that a more detailed representation of
peatland vegetation and interactions among different vegetation types, as implemented in the new model, can
substantially affect the magnitude and variability of simulated peatland vegetation structure and productivity.

The positive bias in simulated peatland GPP likely reflects uncertainties in the parameterization of peatland PFTs
in the new model, including key parameters (e.g., photosynthetic capacity and rooting depth), as well as the
functional relationships describing vegetation responses to environmental drivers (e.g., mortality in response to
water table depth and its variability), which are currently based on simplified assumptions or broad general-
izations. In the absence of observational or experimental constraints, a comprehensive sensitivity analysis in
future studies could help guide further refinement of these parameterizations.
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Figure 9. Historical change in the area of peat vegetation in the Hist run for the global domain (a), the HBL region (b), and the
WSL region (c).

While the performance of ORCHIDEE-PEAT in the evaluation is encouraging, evaluation is complicated by the
scarcity of spatially and temporally consistent observational data specific to peatlands. Existing remote sensing
products, such as global GPP and LAI data sets, include limited training data from peatland flux tower sites and
are therefore not specifically calibrated for peatland ecosystems. They are influenced by mixed land cover types
within each pixel. Ground-based data sets, while more reliable, remain geographically sparse and often lack co-
located measurements of carbon fluxes and vegetation structure. Furthermore, uncertainties in peatland extent, as
seen in global maps like PEATMAP, propagate into both model forcing and evaluation metrics. To benchmark
models, it is crucial to obtain:

1. Peatland distribution and vegetation composition: The hidden nature of peat layers beneath the surface makes
it difficult to distinguish between peatland and non-peatland areas. In addition, peatlands are often small and
interspersed with non-peatland ecosystems. To address these challenges, a combination of advanced remote
sensing data and multi-source data is essential for creating a high-resolution map of peatland distribution and
vegetation covers (Karlson & Bastviken, 2023). Moreover, reconstructing historical peatland distribution and
vegetation changes remains a critical gap that needs to be addressed.

2. Peatland vegetation and C fluxes measurement: Despite growing recognition of the crucial role of peatlands in
carbon storage and climate regulation, observational constraints on peatland vegetation dynamics and carbon

(a) Area of non-woody PFTs (x 10% km?) (b) Area of Woody PFTs (x 108 km?2)
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Figure 10. Evolution of global area of peatland non-woody plants (bryophytes and C3 graminoids) (a), and woody plants
(shrubs and trees (b) from 1901 to 2020 in the Hist, FixCO2 and FixClimate experiments.
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fluxes remain limited and unevenly distributed across regions (Zhao et al., 2024). Although recent efforts have
expanded peatland and wetland observation databases, these data sets remain biased toward boreal and Arctic
regions, with tropical peatlands largely underrepresented (Olefeldt et al., 2021; Peltola et al., 2019; Virkkala
etal., 2022). Moreover, substantial uncertainties persist in the spatial upscaling of ecosystem CO, fluxes due to
limited site coverage and strong environmental heterogeneity (Virkkala et al., 2021). Therefore, Expanded
monitoring networks and improved sampling methodologies are essential for obtaining more accurate and
representative estimates of peatland vegetation dynamics and C fluxes (Lopez-Blanco et al., 2024).

6.2. Vegetation Shifts in Northern Peatlands

The model predicts a shift in vegetation composition in northern peatlands from 1901 to 2020, characterized by a
decline in non-woody PFTs and an expansion of woody PFTs. This aligns with field observations of shrubifi-
cation and woody encroachment in northern peatlands (McPartland et al., 2020; Norby et al., 2019). Changes in
vegetation composition can significantly influence peatland carbon cycling. For example, an expansion of gra-
minoids could increase CH, emission rates, as the aerenchyma tissue of graminoids facilitates the transport of
CH, from the anoxic zone of the soil directly to the atmosphere, bypassing the aerobic zone where CH, oxidation
takes place (Goud et al., 2017). An expansion of shrubs could enhance peatland C uptake by increasing ecosystem
productivity (Ratcliffe et al., 2019). However, its impact on peatland net ecosystem exchange remains uncertain,
as field studies have reported conflicting results. In some cases, the expansion of shrubs can decrease ecosystem
respiration, due to modification of the microbial community and the build-up of phenolics (Wang et al., 2015,
2021). In other cases, the expansion of shrubs can promote the respiration of ancient peatland carbon due to
priming effects (Gavazov et al., 2018; Walker et al., 2016).

Previous modeling studies have shown that the long-term effects of climate change on peatland carbon storage are
modulated by shifts in vegetation composition. Sulman et al. (2013) showed that in a small, wetland-rich land-
scape in northern Wisconsin, USA, a declining water table can lead to an expansion of wet-tolerant woody species
and dry upland communities, thereby increasing biomass carbon. Their study also highlighted that the relative
importance of plant community changes and peatland soil decomposition for the peatland carbon balance can vary
substantially depending on the timescale considered and the magnitude of water table decline. Heijmans
et al. (2008) examined the long-term impacts of climate change on vegetation and carbon dynamics in two
northern bogs, and found that the effects of warming can be compensated by increases in atmospheric CO, and
precipitation. While quantifying the effects of vegetation change on peatland C balance is beyond the scope of this
study, the model presented here integrates dynamic peatland vegetation with peatland-specific hydrology and
carbon cycling, thus is a useful tool for assessing large-scale, vegetation mediated climate change impacts on
peatland carbon dynamics in future applications.

6.3. Limitations of the Model and Future Development Needs

The current version of the model includes established mechanistic processes related to peatland vegetation,
carbon dynamics and hydrology. Nevertheless, nutrient competition among vegetation types is not considered due
to the absence of a nutrient cycle in the model. Another limitation is the simplified representation of peatlands as
homogenous within each grid cell, without distinguishing between different peatland types within the coarse
2° x 2° grid. Fens and bogs are the two main types of peatlands, and they differ in their hydrology, soil pH,
nutrient availability, and vegetation composition. Bogs receive water and nutrients only from atmospheric
sources, which leads to nutrient-poor and acidic conditions that favor Sphagnum mosses and support some woody
shrubs. In contrast, fens are fed not only by atmospheric precipitation, but also by groundwater and surface water
inputs. As a result, fens are typically (though not always) wetter and richer in nutrients, have higher soil pH than
bogs, and harbor a greater abundance of graminoids and brown moss species (Graham et al., 2016; Griffiths
et al., 2019). In the current model configuration, peatlands receive surface runoff from other biomes within the
same grid cell. The larger the peatland fraction in a grid cell, the smaller the lateral runoff input from other soil
tiles to the peatland. Therefore, peatlands in the model effectively span a continuum between fen-like and bog-like
hydrological conditions. However, at the coarse spatial resolution of this study, no grid cell is entirely covered by
peatland, and therefore no peatlands can be classified as pure bogs. In a sensitivity experiment in which lateral
surface runoff inputs from non-peatland biomes to peatlands were suppressed, the model simulates a lower water
table, leading to reduced coverage of C3 graminoids and bryophytes and increased coverage of shrubs and trees
(Figure S8 in Supporting Information S1). While fen-bog hydrological differences in the model affect the
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magnitude of peatland PFT area fractions, the trends in global peatland vegetation dynamics reported in this study
remain unchanged (Figure S8 in Supporting Information S1). Yet, a more explicit sub-grid representation of fens
and bogs could be important for capturing spatial heterogeneity in vegetation composition within peatland
complexes, as well as peatland responses to warming and drying (Graham et al., 2016; Weltzin et al., 2000).

As in most land surface models, ORCHIDEE-PEAT represents vegetation using a single-layer canopy. As a
result, light competition among trees, as well as the shading effects of trees on understory vegetation are implicitly
represented rather than explicitly simulated. This simplification may affect the realism of vegetation competition
and coexistence, particularly at local scales where vertical canopy structure and light gradients play an important
role. In addition to light-mediated interactions, peatland vegetation dynamics are also influenced by other biotic
interactions that are not explicitly represented in the current model. For example, mosses can inhibit the
germination, growth and establishment of vascular plants through allelopathic effects (Whitehead et al., 2018). In
addition, thick and dense moss cushions can prevent seeds from reaching the soil and alter the light and nutrient
regime for seedlings (Turetsky et al., 2012). These processes can strongly regulate plant recruitment and vege-
tation competition in peatlands, thus represent an important direction for future model development.

Fire is an important disturbance that shapes ecosystem vegetation composition and structure (Dickson-Hoyle
et al., 2024). Fire can eliminate dominant species, allowing less competitive or fire-adapted species to establish
and thrive (Guéné-Nanchen et al., 2022; Shepherd et al., 2021). Additionally, fire can alter soil properties and
hydrology, thus indirectly affecting post-fire peatland vegetation recovery (Jones et al., 2022). The fire module in
the model (Yue et al., 2014, 2015) was not activated in this study, as it requires further refinement to accurately
account for peatland-specific conditions, such as water table fluctuations, peat depth variability, and its unique
smouldering fire characteristics. Human land management and land use change represent another major distur-
bance that alters peatland vegetation dynamics. While these changes are detectable in remote sensing observa-
tions, they are not accounted for in this study. As a result, they contribute to uncertainties when comparing
simulated and observed vegetation dynamics, and should be considered in future studies (Leifeld & Meni-
chetti, 2018; Qiu et al., 2021).

Our simulations reveal a long-term change in northern peatland PFTs, with a decline in bryophytes and C3
graminoids and an expansion of shrubs and trees since 1901. While this indicates a taxonomic shift at the level of
broad functional groups, it remains uncertain whether such changes reflect functional changes at the ecosystem
level. A previous study has shown that taxonomic and functional turnover are decoupled in European peat bogs
(Robroek et al., 2017). Our model does not explicitly represent species-level processes or within-PFT trait
variability. Future developments could incorporate trait-based representations of PFTs or allow for intra-PFT
diversity to better capture the diverse response of peatland vegetation species to climate change, and to assess
functional resilience of peatland ecosystems in response to species turnover.

7. Conclusions

Peatlands have increasingly been incorporated into land surface models (LSMs) since the 2010s (Chaudhary
et al., 2017; Kleinen et al., 2012; Spahni et al., 2013; Stocker et al., 2014; Wania et al., 2009). As the peatland
modeling framework advances rapidly, there is a growing need to enhance our understanding of peatland
vegetation dynamics and its interactions with hydrological and carbon cycling processes (Qiu et al., 2022). The
ORCHIDEE-PEAT model presented here incorporates peatland-specific vegetation and integrates peatland
vegetation dynamics with hydrological and carbon cycling processes. These improvements are crucial for
accurately predicting the impact of climate change on peatlands and understanding how peatlands feedback into
climate change.

Model evaluation against multiple independent data sets shows that ORCHIDEE-PEAT is able to capture the
large-scale distribution of peatland vegetation types and the long-term trends in peatland LAI but it exhibits a
positive bias in simulated peatland GPP. Applying the model to historical climate conditions reveals large-scale
shifts in peatland vegetation composition over the twentieth century, characterized by declines in bryophyte and
C3 graminoid cover and an expansion of boreal shrubs and trees. While increased shrub and tree productivity may
enhance carbon uptake, associated increases in ecosystem respiration and changes in hydrological conditions
could offset or even reverse this effect. The model provides a framework for investigating how climate change
may alter peatland vegetation structure and carbon balance in future studies.
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10.17190/AMF/1436323 (Flanagan, 2018), https://doi.org/10.17190/AMF/2469439 (Sonnentag & Quin-
ton, 2025), https://doi.org/10.17190/AMF/1881569 (Euskirchen, 2025a), https://doi.org/10.17190/AMF/
1881570 (Euskirchen, 2025b), https://doi.org/10.17190/AMF/1902838 (Torn & Dengel, 2025a), https://doi.org/
10.17190/AMF/1480322 (Ueyama et al., 2025), https://doi.org/10.17190/AMF/1246067 (Zona & Oechel, 2019),
https://doi.org/10.17190/AMF/1871138 (Euskirchen et al., 2025), https://doi.org/10.17190/AMF/1246029 (Zona
& Oechel, 2016), https://doi.org/10.17190/AMF/1832162 (Torn & Dengel, 2025b), https://doi.org/10.17190/
AMF/1498753 (Sullivan et al., 2025). The full list of sites, including site locations, data set DOIs, and corre-
sponding citations, is provided in Table S1.

The ORCHIDEE-PEAT model (Qiu, 2026a) codes used in this study is open-source and available at https://doi.
org/10.5281/zenodo.18241888 Model outputs (Qiu, 2026b) presented in this study are available at https://doi.org/
10.5281/zenodo.18382534.
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