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Abstract

Evapotranspiration (ET) and gross primary production (GPP) are critical fluxes contributing to the energy, water,
and carbon exchanges between the atmosphere and the land surface. Land surface models such as the Commu
Land Model v5 (CLM5) quantify thesfluxes, estimate the state of carbon budgets and water resources, and
contribute to a better wunderstanding of <climate ch
of CLM5 to model ET and GPP magnitudes well but emphasized systematic underestimations and lower variability
than in the observations.

Here, we evaluateC L M5 preglictions of water and energy fluxasing observations from eddy covariance
stationsfrom the Integrated Carbon Observation System (IC@3hote sensingandreanalysis dataets We
assess simulated ET and GPP fittwa grid scale (CLM&ig) and the plant functional type (PFT) scale (Cldh
CLM5per exhibited a low systematic error in simulating the &Tthe ICOSsites (average bias 0f4.68%),
indicating that PFTFspecific ET tosdy maiches the observationsmagnituet. GPP was underestimated by
CLMb5pet, especially in deciduous forests (bias -@f3.76%). The results showed an underestimatioh
spatiotemporal variability ofiswulated ET and GPP distribution moments across PFirsboth CLM setups
compared toeanalysis datand remote sensing produciBhese findinggrovideessential insiglstforimproving
land surface modelsighlighting the need tenhanceCLM56 s a b i | i spatiotengporal \eapabilitym ET
and GPRsimulationsacross PFTs.
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1. Introduction

Ecosystem processes, such as evapotranspiration (ET) and gross primary production (GPP), play an important ro
in cycling water, carbon, and energy between ecosystems aradntbephere. Changes in the magnitude and
variability of these fluxes can indicate ed&Xihagtst em
al., 2021 Migliavacca et al., 2021 These changes can lead to stienn alterations and lorgrm trends in water
resources and carbon pools in the atmosphere and the land surface. Thus, the accurate quantification of tf
variability of ecosystem processes is pivotal for developing tdiraBange projections and formulating effective

mitigation policies Friedlingstein et al., 202%raf et al., 2023

Notably, an accurate, functional understanding of land surface processes is essential to identify threatene
ecosystems in the present and the future and facilitate carbon budget calculations. Land surface models (LSM:
serve as deterministic and procéssed simulators of ecosystems, capturing energy, water, and carbon fluxes
while considering their interactions and the heterogeneity of the land suUkfslser(and Koven, 2020LSMs can
complement poinscale observations from-gitu research infrastructures by providing spatiotemporally uniform

and extensive highesolution outputs. Their higlesolution procesbased simulations contrast the often coarsely
resolved remote sensing data. Hence, LSMs are frequently used tools for investigating and projecting the currer
understanding of ecosystemopesses, such as GPP and ET, on various scales. However, there is uncertainty in the
LSM structure, the parameters, the input data, and the initial conditions, which carry over to the simulated variables
Therefore, assessing how well the general simtileTeand GPP variability compares to the observations is crucial.
Such evaluations deliver essential context on LSM biases and form a basis for analyses of more complex ecosyste
responses. Recent studies already found discrepancies between LSM simulations of ET and GPP and observatic
collected in the field and frommeote sensing. For instance, these discrepancies are evident in their magnitude and
variability (De Pue et al., 20238oas et al., 2023Cheng et al., 2021Strebel et al., 2093and their response to
drought Ukkola et al., 2016Wu et al., 2020Green et al., 2034 Therefore, assessing the accuracy of LSMs in
representing observed GPP and ET fluxes is crucial to test and improve our current understanding of ecosystel

process variability and identify the limitations of stafehe-art LSMs.

Current land surface models, e.g., the Joint UK Land Environment Simulator (JULES), the Community Land
Model 5 (CLM5), or the Community Atmosphere Biosphere Land Exchange Model (CABLE), employ a tiling

system within the grid cell to account for functioddferences of distinct patches on the land surface. The natural
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and crop vegetation is grouped into plant functional types (PFT), the entities for which ecosystem process
calculations are resolvedigher and Koven, 202@onan et al., 2002Solomon and Shugart, 1993 ypically,

PFTs are defined based on morphological and phenological characteristics of the vegetation (e.g., leaf type and le
longevity) and climateRonan et al., 2002 However, the usefulness of this PFT definition, or at least its current
coarsely resolved implementation, is a subject of delGatléraru et al., 201%an Bodegom et al., 2012The

primary argument against it is that observed plant traits implemented aglBt€H0 parameters vary to some extent

in space and time in response to a changing environmentsgétiotemporal dependence of PFT traits is only
marginally represented in LSMs. On top of that, most research assessing LSMs only used a handful of observatio
sites and did not analyze aggregated values for groups of sites observing the same PFT.\Seshwanad

provide essential insights, as a recent study highlighted the differences between vegetation type concepts used
observation networks, e.g., the International GeospBiErgphere Programme (IGBP) classification, and PFTs

used in LSMs and underlined the importance of improving these PFT corCepikq Page et al., 20R4

The phenology of ecosystem processes, i.e., their seasonal cycles and evolution through the year and the growil
season length, have shifted in timing due to climate change. A recent study investigated which factors drive the
changes in the mean annual dgrics of ecosystem processes in Eurétah(nati et al., 2033and many of these
discovered feedbacks, for instance, the effect of increased atmospheric dryness on growing season length, are or
implemented simplistically in LSMs. Furthermore, robust simulations of LSMs for impact assessments become
even more critical as ecosystem$persience more disturbances along with the changing climate. For example,
projections show that droughts have recently become more frequent in Eiaopard et al., 202Rousi et al.,

2022 and that these extreme events will become even more frequent and severe in thestubereet al., 20107

While the combined effect of a higher occurrence of compound drought events is currently not fully understood, it
is clear from observations that individual drought years, or droughts in general, have already had a profound impac
on ecosystem processediarope Graf et al., 2020van Der Woude et al., 202Boppe Teran et al., 20R&iven

that the frequency and severity of extreme events
the characteristics of the simulated distributions compare with the observed can contextualize findings of modelec

ecosystem drought responses in Europe.

One predominantly used LSM is the Community Land Model version 5 (CLIM&)rénce et al., 2012018. In
the most recent version, CLM5 solves the biogeochemistry (BGC), i.e., the carbon and nitrogen cycles between th

atmosphere, vegetation, and soil. CLM5 has been widely employed for quantifying and examining ecosystems a
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various scales, including globa{i¢ et al., 2020Sitch et al., 201.3_awrence et al., 20)9regional Cheng et al.,

2027, Boas et al., 2023and sitescale Gtrebel et al., 2023Jmair et al., 2020Song et al., 202Cisher et al.,

20193 applications. Several studies have highlighted the ability of CLM5 to simulate ecogystases close

to the observationdNozniak et al., 2020Lawrence et al., 201€heng et al., 202XZhang et al., 2023Boas et

al., 2023. However, they have also emphasized an underestimated magnitude and variability in the simulations

across different time scales and under various conditions.

The present study assesses CLM56s ability to capt
comparability to point scale observations, we conducted-tagblution simulations at 0.0275° (approx. 3 km)
resolution over the European CoordirmhRegional Climate Downscaling Experiment (CORDEX) dom@iiorgi

et al., 2009, resulting in 1544 x 1592 grid cells. Notably, the output contained variables from the ssdadeid

i.e., from within a 3 km grid cell, for PFTs present in the grid cell. We then compared the CLM5 grid level
(CLMb5g;iq) and PFT level data (CLMbr) to observations from a continental network of sites: The Integrated
Carbon Observation System (ICOS) provides the WARNNTER-2020 data\(Vvarm Winter 2020 Team and

ICOS Ecosystem Thematic Centre, 2)2£hich includes Eddy Covariance measurements over a dense network
of over 70 sites in Europe. It was named after and curated to support research on the effect of the warm winter ¢
2020 on terrestrial carbon fluxes. These ICOS data are regarded alsl thiaigdard for calibrating and evaluating
processbased models due to their ample spatial coverage as a network encompassing diverse land cover type
Thus, it offers an excellent opportunity to comprehensively assess simulated GPP and ET for specific PFT from
our CLMS5 setup over Europe.

Additionally, we include remote sensing data from the Global Land Surface Satellite (GILA®S, €t al., 202))

and reanalyses from the European Center for Medamge Weather Forecasts ReanalysisLand (ERASL,
Copernicus Climate Change Servi@d19) as well as from the Global Land Evaporation Amsterdam Model
(GLEAM, Martens et al.Z017) in our analyses to identify common patterns of ecosystem process variability

between CLM5, irsitu observations, reanalysis, and remote sensing data.

In summary, this study uses ICOS observations as ground truthtdadenpareghem with grid and PFT level

CLM5 dat and terrestrial surface fluxes from reanalyses and remote sensing derivatives to:
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Compare performance indices (root mean square error and percent bias) between the models and ICO
measurements on a pate and PFIgroup basis to assess the systematic error and accuracy of ET and
GPP simulations.

Investigate how the models represent the observed ET and GPP for different PFTs regarding-their sub
annual averaged phenologies, standard deviaimhtiming of important phenological events.

Evaluate the simulated PH&vel ET and GPP statistical distributions and their moments (mean, variance,
skewness, and excess kurtosis) to contextualize assessments of factors, like droughts, which impact th
shape of these distributions.

Compare the intesite differences between ET and GPP time series waRihgroupgo estimate how the

observed intr&PFT variability is represented in the models.

Thus, these findings offer critical information for comparisons of GPP and ET from the evaluated models.

Furthermore, this study also paves the way for a bettermed analysis of the drought response of ET and GPP

from the models being assessed oveoger We expect that:

1.

There is a lower systematic bias, and the simulation is closer to the observations by the PFT scale than th
grid-scale CLM5 outputs, remote sensing, and reanalysis data.

The remotely sensed and modeled data approximate critical events in the phenologies of ET and GPF
within the standard deviation of the ICOS measurements for sites of one PFT. However, this ability varies
between PFTs.

The remotely sensed and modeled ET and GPP data distributions show a lower range among the momen

within the PFT groups than the ICOS measurements.
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2. Methods and Data
2.1. Community Land Model version 5

We use the CLM5Lawrence et al., 2012019, which is forced offline with custom input data. The land surface

of a region in CLM5 is first disaggregated into grid cells, which are uniformly distributed and simulated
individually. These grid cells are tiled into land units (i.e., natural vegetation, crops, lakes, urban areas, and glaciers
with a relative area coverage within the grid cell. Importantly, plants in the naturally vegetated land units compete
for water ina single soil column. The vegetation is grouped into PE&wience and Chase, 2Q0Which are
distinguished through leaf habit (evergreen or deciduous), morphology (needle and broad leaves, grass, and shrub
and the bioclimate of the grid cell location (boreal, temperate, and tropical). While competition for soil moisture
includes interactions among different PFTs, this is closer to natural conditions than separated soil columns ant
encourages evaluations on the PFT scale. Here, we use-83@5which calculates vertical carbon and nitrogen
pools and fluxes between the veg®n, soil, and atmosphere. In the following subsections, we briefly describe
the essential processes in CLM5 that are particularly relevant to this study, as well as the input data and leadin

features of the European CLM5 setup.

2.1.1. Gross primary production and evapotranspiration

The stomatal conductance of plantg @uples water exchange with carbon uptake between vegetation and the

atmosphere. In CLM5,¢ds calculated by the Medlyn stomatal conductance madetifyn et al., 201t

Q0 p®p )

3l
€4 o

Where g is the Medlyn intercept and defaults to 100 mol st, and g is the Medlyn slope, a PF3pecific
parameter. D is the vapor pressure deficit indicating atmospheric water demangdsahd €Q partial pressure

at the leaf surface relative to the total atmospheric pressure. A is the carbon assimilated through photosynthesis.

W W

e (2)

The calculation of A is adapted from Bonan et 201()). It is based on the Farqguhar modehiquhar et al., 1980
and limited by the photosynthetic capacity given by the LUNA modlekef al., 201§. It requires knowledge of

the gradient of C@concentration from the outside to the inside of the leaf and neglectst@@ge at the leaf

7
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surface. gand ¢ are the leaf surface and internal partial.@@ssures, and is the stomatal resistance, which is
the inverse of g Further, eand ¢are calculated.
© p8i 0 (3)

pg&i  p#& 0O 4)

[OR]

e

A

The factor 1.4 refers to the diffusivity ratio between,@®d HO gases in the leaf boundary, and 1.6 is the same
ratio in the stomata. Thequations for A, g G, and g are computed iteratively until converges, using a hybrid
algorithm with the sec aawtencenst al.h)20)8Tha phatosyBthesisid séaded tmihe h o
canopy GPP by considering the effect of sunlit to shaded area ratios of the total leaf area.

The water input from the atmosphere to the land surface can be snow accumulating on the ground, streamflow, lak
water, intercepted by the vegetation canopy, or can infiltrate the ground. The water in the ground percolates throug
20 soil layers and is sted, directly evaporatedr taken up by plant roots relative to their transpiration demand.
Hydraulic stress in a plant is calculated in a hy
flow (Bonan et al., 2004

The transpiration flux T is calculated with the resultinfyjom above.

Q Q
1 (5)

& is the HO vapor pressure at the leaf surface, anslthe saturation ¥D vapor pressure resulting from the leaf
temperature. If T cannot meet the atmospheric water demand because aghaisoile shortage, CLMBGC
introduces water stress and attenuatdsaged on that transpiration deficit factor. Through decreasedater

stress also regulates photosynthesis, A.

Total evapotranspiration is then determined by summing the transpiration and evaporation from vegetation
interception, surface water, the ground, and potentially snow.
2.1.2. Setup of the European CLM5

The European Coordinated Regional Climate Downscaling Experiment (CORBIBX) et al., 200pdomain

delimited the extent of this study, matching with the extent of regional atmospheric models. With a resolution of 3
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km (0.0275°), our grid contains 15441592 grid cells, including the ocean. We used s&lode CLM5 with the

activated BGC module and stub models for ice, sea, and waves.

The simulations were forced by the Consortium for S18allle Modeling (COSMO) ReanalysisEo{lmeyer et

al., 2015 Wabhl et al., 201y a 6 km resolution data set providing meteorological variables over the European
CORDEX domain from 1995 to 2019. The main advantage of using this reanalysis is the high resolution and a
better representation of seasonal precipitation intensities compared to a coarser resolved global reanalys
(Bollmeyer et al., 2025 Using this forcing in highiesolution LSM simulations should lead to a more accurate
simulation of subsurface and surface hydrological fluxes, especially in regions with a relatively heterogeneous
land surfaceWWahl et al., 201;7Prein et al., 2016

The static surface information was initialized for the year 2000 and was determined using input data from a standar
repository Lawrence et al., 20)8 These data include land use information fradurft et al., 202 PFT
distribution maps fromL@awrence and Chase, 200%oil texture fromIGBP, 2000, and slope and elevation taken

from (Earth Resources Observation And Science (EROS) Center),. 2017

The CLM5BGC needs initial conditions for the carbon pools. For that, awgpinorkflow is necessary to bring

the carbon pools and fluxes of carbon to a steady state before starting with production simulations-Ughe spin
method consists of two steps. Firstly, an accelerated decomposition simulation step, where carbon pools ar
artificially minimized. Secondly, a conventional simulation step, growing the carbon pools to the desired
equilibrium state. During both spimp stes, the atmospheric forcing from 1995 to 2012 was cycled (i.e., a cycling
period of 18 years). The progress towards a steady state is monitored by assessing the difference in total carb
fixed in the ecosystem between a selected year within the lagat&ycling period and the same year in the
previous cycling period. &y is the total ecosystem carbon (including vegetation and soil) in the year yiognd C

t is the complete ecosystem carbon intheyeary A grid cell 6s carbon pool s

following is fulfilled.
5
—_— 5 PQB WwQWIi (6)

The following conditions define the final steady state on the continental scale.
1. 97% of the grid cells (and the total area) are in equilibrium.

9
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2. The change in continental ecosystem carbon across the contitmmtighan 2 Tg C yearfor the three

preceding cycle periods.

The soil organic matter carbon pools in high northern latitudes were the slowest to reach equilibrium, which was

reached after just about 1500 simulation years.

After the spirup, we conducted a 2dear (1995 until 2018) transient simulation starting with the initial conditions
established by the spirp. We output the simulated variables from two model levels for the analyses.

1. CLM5eer: Thi s is t he mo dvedetatisrrelatadtstatgseandifluxes adlculation.osingo f
output at this level (not the default configuration) allows for multiple time series per grid cell, each
corresponding to a single PFT. This enables a selection of modeled data as needed. Fqrvi&tance
comparing model data to ecosysttaviel measurements, CLMA relates to the simulated time series of
the corresponding PFT, resulting in an adequate assessment of model functions. When comparing to in
situ observations, we will refer to CLM& when we subset the ICOS site location and the agreeing PFT
from the CLMS5 data.

2. CLM5giq: The grid cell level output aggregates the PFT and the other tiles (i.e., croplands, urban areas,
and lakes) that compose the grid cell area. Consequently, this data does not relate to a single functione
type. Instead, it informs about the average state and fluxes in the grid cell area. In this studyis CLM5

designates CLM5 data extracted from the grid ce

2.2. Evaluation data
2.2.1. Station data

As ground truth data in the comparisons, we used the ICOS research infrastructure, which has a station observatic
network spanning 14 European countriéSQS RI, 202 Each station has at least one eddy covariance
measurement tower and incorporates a processing workflow following a standardized protocol. We use the curate
data, the WARMWINTER-2020 data setfarm Winter 2020 Team and ICOS Ecosystem Thematic Centre), 2022
which consists of homogenized variable time series following the ONEFLUX data piptdisieiello et al., 2020

The ICOS WARMWINTER-2020 data has measurements of 73 stations totaling over 800-gtisn(available

years are statiedependent). corresponding to multiple land cover types (see Figure 1 for a map with the station

locations and Table S1 for more information on the available years per station). Note that the land cover type

10
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indicated by the ICOS site metadata and represented in the measurements refers to the predominant PFT in t
footprint of the eddy covariance station. We omitted the stations over wetland and mixed forest land cover types tc
ensure a coherent analysis hesmno PFT counterpart is implemented in CeM5Also, shrub PFTs were not
included in our analyses because there were insufficient shrubland sites in the ICOS data to support a robus
evaluation. The analyses also excluded stations whose land cover type was not included in metadata sites (e.(
DEIMS-SDR https://deims.ory leaving a total of 42 stations for our analyses. Because the land cover types from
the selected sites correspond well with PFTs in CLM5, we will also refer to them as PFTs.

The processing workflow of the WARIMINTER-2020 data extracts daily time series for GPP, partitioned from

the net ecosystem exchange (NEE) using the tiglet method and a dependence on a variable friction velocity
threshold (in g C da}y GPP_NT_VUT_REF We retained negative GPP values in these data, which stem from the
uncertainty of the NEE measurements and partitioning method, to avoid introducing bias into the GPP distributions
(Reichstein et al., 201 Pastorello et al., 2020For the ET evaluation, we also extracted thefgega latent heat

flux (W m2, LE_F_MDS. Importantly, we verified our results by checking for inconsistencies in the analysis of
ICOS NEE NEE_VUT_RELF, ecosystem respiratioRECO_NT_VUT_RBFand energy balance corrected latent

heat flux CE_CORR.

The conversion of latent heat (W3ninto ET (mm day) is achieved by multiplying with the factor 0.035,
assuming a constant enthalpy of vaporization decoupled from temperature because variable enthalpy has

negligible effect on the overall outcome of the conversion.

Lastly, we use the leaf area index (LAI) from the ICOS Archive final quality data set (ETC L2 Archive). LAl is
measured bynly sparsely available starting from 2017 and, thus, only has two years intersecting with our study
period (2017 and 2018furthermore, the data within this intersection period is only available for a smaller number
(in relation to the EC data above) at ENF and CRO ditesrefore, we do not include the analysis in the main text

but include these results only in the Supplementareh#tforthe context of the main analyses of ET and ET.

2.2.2. Remote sensing and reanalysis data

To asses€LM5 performancen the context of additional complementary data products, we inckrdetely
sensedsPP data from the Global Land Surface Satellite (GLASS, Liang @0&l)j. The GLASS GPP product
uses the Moderate Resolution Imaging Spectroradiometer (MODIS) and Advanced VerRRedahtion

11
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Radiometer (AVHRR) sensors and the revised Light Use Efficiency (LUE) madehg et al., 2020n 8-daily
resolution in time and 0.05° resolution in space.We also compare the CLM5 outputs with GLASS ET data, which
applies a multmodel ensemble (e.g., MODEST, remote sensing Penmbfonteith ET) to remote sensing
information to estimate-8aily latent heat oma 0.05° grid. We convert latent heat to,&$ described in Section
2.2.1.Similarly, MODIS-derived GLASS LAl datgMa and Liang 2022s used in this study to provide context

to the ET and GPP analyses (same 0.05° grid atadl{3 resolution).

Lastly, we usd_Al and ET reanalysis data for evaluation, which fuse observations and models. Namely, they are
the European Center for Medidrange Weather Forecasts ReanalysisLBnd product (ERA5L, Copernicus
Climate Change Servic@19), which has a spatial resolution of 0.1° and hourly temporal resolution, and the
Global Land Evaporation Amsterdam Modehly ET, GLEAM version 3.5a, Martens et aRq17), which has a
spatial resolution of 0.25° and daily temporal resolution.

2.3. Data processing

First, the remote sensing and reanalysis data are bilinearly remapped to the 3 km European CORDEX grid an
interpolated to &laily means for 19952018. The ICOS observation time series are interpolatediti8means

for each station whose data availi&p overlaps with our study period. Then, we extracted the C{MELASS,

ERASL, and GLEAM data from the grid cell closest to the location of each selected ICOS station. Further, we
selectthe time seriesinCLMGt hat coincides with that grid cell an
we focus only on the four predominant PFTs represented in the entire ICOS station network: Evergreen Needlelez
Forest (ENF), Deciduous Broadleaf Forest (DBF), GrasslaaR#\|, and Croplands (CRO), as outlined in Table

1. Finally, the periods where station data is absent or of bad quality (determined by the corresponding measureme
or gapfilling quality flag in the ICOS datadrediscardedrom the simulations to ensure we are comparing the

same set of conditions.

12
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Table 1: The predominant plant functional types (PFTs) in the Integrated Carbon Observation
System (ICOS) WARM-WINTER -2020 observation dataset that correspond with the
International Geospheré Biosphere Programme (IGBP) land cover classifications, the numbeof
corresponding sites, and the accordant PFTs in the European Community Land Model v5
(CLMb5) setup.

Number of

ICOS IGBP PFT Stations Corresponding CLM5 PFTs
Evergreen needleleaf forest | 18 Needleleaf evergreen trée
(ENF) temperate

Needleleaf evergreen tre&oreal
Deciduous Broadleaf forest | 8 Broadleaf deciduous trée
(DBF) tropical

Broadleaf deciduous trée

temperate

Broadleaf deciduous tréeboreal
Grasslands (GRA) 8 Cz arctic grass

Cs grass

Csgrass
Croplands (CRO) 8 Cz Unmanaged Rainfed Crop

Cz Unmanaged Irrigated Crop

The ICOS observations were also interpolated -ttai8/ means, encompassing a time scaith significant
variability of ecosystem processd3e( Pue et al., 2023to match the coarsest time resolution of other dats
(i.e., GLASS remote sensing) and thus to facilitate comparison of processes at the same scale. For a consiste
comparison, the analyses only account for time steps where valid values are present for all data sources. W

evaluate the data for each variable over each station and groups of stations with the same PFT.

13
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2.4. Analyses
2.4.1. Yearly evolution and statistical distributions

We calculate ET and GPP Pispecific phenology (mean s@mnual dynamics), resulting in daj-year (DOY)
plots. This is done by averaging the sandaBy time step across years for each site and calculating the mean and
standard deviation of sigpecific DOY belonging to one PFT.

Further, we determined the statistical distributions as probability density functions resulting from the Gaussian
kernel density estimateS¢ott, 1992 Subsequently, the distribution moments (mean, variance, skewness, and
excess kurtosis) are calculated. The distributions and their moments are baseddailyait&lues corresponding

to one PFT for each data source. The uncertainties of the distribution moments are calculated based on Harding
al. 2014.

2.4.2. Shift of phenological events

The three analyzed phenological events of ET andiGiRP start of the growing season, the peak, and the end of
the growing seasadinare determined for each PFT group and data source as the average DOY of the event amon
the stations and available years within that PFT group for each variable:dEily 8me series of each variable

was first smoothed with &dimensional Gaussian filtéo rule out potential errors due to smsdhle variability

and dampen the effect of potential outliers. More specifically, the peak timing is the mean DOY of the overall
maxima of the smoothed averaged yearly evolution across stations for each PFR aodmte. The start and the

end of the growing season were determined by the meand®@ two infliction points (Li et al. 2023; Lian et

al. 2020; Whitcraft et al, 2015) of the smoothed yearly averaged evolution across stations for each PFT and dat
source. The shift of these eventsiisiply the difference of the determined mean RBpé&cific DOYbetween the

models and the observations. As a measure of uncertainty of the meapédfic DOY, we also calculate the

standard deviation of the DOY of the events across stations in each PFT group.

2.4.3. Performance metrics

The percent bias (PBIAS) measures systematic model error and is calculated as follows.

0600 ¥Y—0-"T_—— - h D P TT /
.‘
B W p ( )
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Where n is the number of time steps;; ¥ the simulated value of the variable X at the time i, apdiXthe
observed value of the variable X at the time i. If the PBIAS for variable X is positive, the model overestimates; if
negative, it underestimates the observed variable X. In our analysigh¥ interpolated-8aily mean.

Furthermore, we estimated the root mean square error (RMSE) to indicate model accuracy and the root mean sque
di fference (RMSD) to indicate similarity. RMSE anc
assumes the truthfulness of the reference data. Hence, we use the RMSD when comparing data only betwee

models.

YO "YO'YD "YO h h (8)

A RMSE close to zero indicates that the model approximates the observations nicely. Similarly, a low RMSD
reveals a high similarity between the two analyzed series. We calculate these metrics-stateopdyasis and a
set of stations belonging to the same PFT.

2.4.4 Modified Taylor diagrams

The Taylor diagram (Taylor, 2001) depicts multiple model performance indices in a single diagram by making use
of the relationship of the calculation terms of the standard deviation, correlation, and RMSE. Their relationship can
be summarized in the folldng equation of error propagation:

YO™MO , 06 ,0 C, , I 9)
Wherelo is the standard deviation of the observatidnrgs the standard deviation of the simulatiand r is the
Pearson correlation coefficient. The muéiriate diagram can be constructed due to the geometric relationship
between these statistical indices through the law of cosines. Thereby, plotting the calculated Pearson correlatio
against the stadard deviation of the models and the observation on a trigonometric polar plane, the RMSE
manifests as the pol&uclideardistance from the referencbservations. We calculate the standard deviation and
the Pearson correlation on the P§buped stacketime seriesand plot these for e for each data source on one
Tayl or diagram per PFT. We modify the default Tay
PBIAS for the corresponding source and PFT.

15



3. Results

340 3.1. Land surface representation

mwENF ==DBF msmGRA ==CRO ==other
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Figure 1: The share of represented plant functional types (by color: Evergreen Needleleaf Forest (ENF, green),
Deciduous Broadleaf Forest (DBF, orange), Grasslands (GRA, purple), and Croplands (CRO, pink)) in a) in the
ICOS station network used in subsequent analyses and b) in the corresponding grid cells in our European CLME
setup. In ¢) is a map showing the ldoas of the ICOS stations, with the marker type indicating their PFT and the
color of the marker indicating their hydidimate (adapted from Jafari et aR@18) based on the mean annual
precipitation from the Consortium for Sm&tale Modeling (COSMGReanalysis 60ur 3 km European CLM5
simulation domain corresponds to the entire map box in c).
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350

Before evaluating the GPP and ET variables from CLM5 and how they are compared with observations, we first
assess if the PFT composition of the entire ICOS station network is comparable to the PFT composition in the
respective cells selected in CLM®& This is important, as GPP and ET magnitudes, variability, seasonality, drought
responses, and trends strongly depend on the present vegetation type. In Figure 1 we observe that ENF, the PFT
almost half of the present ICOS stations, represents onipdaeoquarter of the corresponding CLMbarea. DBF

also covers a smaller share of the area in those grid cells than in the ICOS station network. On the other hand, GR
and CRO are overrepresented in ClgMBompared to the share of respective ICOS stations. Consequently, when
comparing with the ICOS observations, the selected data from gl ia are, on average, overrepresenting the
functionality of GRA and CRO and underrepresenting ENF and DBF, which hampers the evaluation gfsCLM5
with in-situ ET and GPP. Hence, we also included the respectivebi KPP and ET in the subsequent analysis,
enabling an accurate assessment of the functionality and relationships between PFT in the model. Additionally, we
assess the similarities and differences between the two model scalegq @hdICLM-Fr, and their approximation

to the observations.
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355 3.2. General model performance

This section presents model performance indices correlation, RMBEl PBI AS, comparing e:
GPP estimates with measurements from the ICOS sites. We compared the RMSE and PBIASsin bgss
(Table S2 and Table S3), which yielded good results for most sites. The focus of this study, though, is the

performance of PFT aggregations, combining data from sites that belong to the same PFT.
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Figure 2: Modified Taylor diagrams with observations from the Integrated Carbon Observation System (ICOS) of
evapotranspiration as reference (black markers) and showing model performances between the yg#08196
(years varying by station; see Suppértary Table S1. Data sources by color: Community Land Model v5 (CLM5),
CLMb5yig: red, CLM5er: yellow, Global Land Surface Satellite (GLASS): green, European Center for Medium
Range Weather Forecasts Reanalysis 5and (ERASL): brown, Global Land Evaporation Amsterdam Model
(GLEAM): purple). Each diagram shows these plots for one plant functional type. Upper left: Evergreen Needleleaf
Forest (ENF, circles), upper right: Deciduous Broadleaf Forest (DBF, triangles), ItefierGrasslands (GRA,
squares), and lower right: Croplands (CRO, crosses). The azimuth angle indicates the Pearson correlation with

19



360

365

370

the ICOS data, the radial distance is the standard deviation, and the semicircles centered at the reference standar
deviation show the root mean square error (RMSE). The size of each marker indicates the percent bias (PBIAS).
Figure 2 shows modified Taylor plots visualizing the performance indices of model ET against observations for
each PFT. For more specific information, Supplementary Table S4 lists the number -olail tBne stepghat

went intocalculatingthese indices and their values. For ENF, all the models indicate a correlation of around 0.8
with the ICOS observations, and CLM& CLM5eper, and GLEAM have a similar variabilityo ICOS CLM5prr

has a higher absolute RMSE and a smaller absolute PBIAS than £LMISET across PFTs, except in CRO.
Notably, the systematic bias in CLM5 is generally negative, with the sarept®n. On the other hand, ERASL,
GLASS, and GLEAM exhibit a general positive systematic bias for ET. ERA5L and GLASS show more significant
deviations from the ICOS ET observations at ENF and DBF than GiMBd CLMyiq but have smaller RMSE

values at GRA and CRO. GLEAM has generally low RMSEs and performs best among the models simulating ET
at ENF and CRO. The most considerable systematic ET biases are found for ERA5L at CRO and DBF sites
followed by GLASS for the samBFTs.The low absolute PBIAS of CLM&r across all PFTand the lower
correlation than the other model data at GRA and CRO points to potentially nmissimgplistic representations

of ecohydrological processes or management. Besides, all models approximate the ICOS ET observations fairly

well, with correlations mostly over 0.8 but with partly high systematic biases by ERA5L at DBF and CRO sites.
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Figure 3: Modified Taylor diagrams with observations from the Integrated Carbon Observation System (ICOS) of
gross primary production as reference (black markers) and showing model performances between the years 199
T 2018 (years varying by station; see SupplelgnTable S1For colors, labels, and acronyms, refer to Figure

2.In Figure 3 we show modified Taylor diagrams with the GPP performance indices of the models against the
ICOS observations for each of the selected PFT. For more specific information, Supplementary Table S5 lists the
number of GPP #laily timesteps that went intoalculatingthese indices and their values. CLdbperformed

better than CLM&iq in approximating the ICOS GPP observations at DBF sites, showing a higher correlation and
lower RMSE and GRA sites. Conversely, CiM closer to the observatis for ENF and CRO PFTs. The
GLASS data show the lowest GPP RMSEs and highest correlation values concerning ICOS measurements acro
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all PFTs. All models approximated the ICOS GPP best (lowest RMSE) at ENF, and the worst performance was a
CRO sites. Furthermore, all models exhibit a negative, systematic bias in simulating the observed GPP across al
PFTs. Especially at DBF and GRA PETA.M5;iiq, CLM5r1,and GLASS show large systematic underestimations

of the measurements. CLMb has a notably small PBIAS related to the ICOS data for ENF and CRO sites.
Especially at CRO sites, all models showcase comparatively low correlation valu@&s Vhile the correlation

is high (>0.75) for all models at DBF and GRA sites, especially for GkMBd GLASS at DBF sites (0.93 and
0.92), the high PBIAS hints that modeled data do not incorporate important processes or management practices
that cause to the high carbon uptake at DBF sites over the long term. Because of the slowly evolving cagbon state
in the terrestrial ecosystems, the initial conditions of the carbon pools (e.g., soil organic matter, carbon in plant
organs in the vegetation) coule a cause for the difference in the magnitude of the GPP.
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375 3.3. PFT phenology and its variability
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Figure 4: In the left column are the yearivapotranspiration (E)Tevolutions averaged across stations belonging

to one plant functional type (rows: Evergreen Needleleaf Forest (ENF), Deciduous Broadleaf Forest (DBF),
Grasslands (GRA), and Croplands (CRO)) and across the years (available years vary per station, see
Supplementaryable S1). We differentiate the data source by color (Integrated Carbon Observation System (ICOS)
observations: black, Community Land Model v5 (CLM5), C{:M%ed, CLM%¢1: yellow, Global Land Surface
Satellite (GLASS): greerEuropean Centerof MediumRange Weather Forecasting Reanalysis %and
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(ERAS5L): brown, Global Land Evaporation Amsterdam Model (GLEAM): purpllee corresponding standard
deviations across the sites and across the years are plotted in the right column to measure the spread around thi
mean
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Figure 5: Mean shifts in ET phenological events (the start of the growing season, peak,emtidhthe growing
season) between the Integrated Carbon Observation System @B&sYyations (solid black line) and the models
(by color: Community Land Model v5 (CLM%}LM5gyiq: red, CLM%r1: yellow, Global Land Surface Satellite
(GLASS): green, Europeddenter for MediunRange Weather Forecasts Reanalysis 5 Land (ERA5L): brown,
Global LandEvaporation Amsterdam Model (GLEAM): purple), among sites belorigilnge planfunctional

type: Evergreen Needleleaf Forest (ENF), Deciduous Broadleaf Forest (BiB&9slands (GRA), and Croplands
(CRO). On the-axis is the day of the year of the evé&mtor bars in grey correspond to the standard deviation of
the day of the event in the modatsoss sites of one plant functional type, and the error bars in black correspond
to the standardieviation across the respective observations.
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This section describes the results of the investigation on the mean and the standard deviation of the yearly evolutic
of ET across PFTs and data sources (Figure 4 a, ¢, e, g). We will analyze the ET mean and standard deviation f
each PFT sequentially.maverage, the annual evolution of ET for CLyisand CLM%er compares well to the

ICOS measurements, as already hinted by the good correlation values in the previous section. They also captu
the observed seasonal transitions between low winter ET and high summer Ekeegl forCRO sites, CLM§id

and CLM%r ET are slightly lower than the ICOS observations throughout the year, but especially in summer
(mean PBIAS 0f-13.08 and-18.70%, respectively, see Supplementary Table S4). ERA5L and GLASS
overestimate ET at sites of all PFTs, most predominantly in tHe &N DBF sites and dng summer (mean

PBIAS of +28.64 and +18.25%, respectively). The magnitude of variation across sites within each PFT (Figure 4
b, d, f, h) is captured well, generally showing smaller variation at DBF and CRO sites and larger variation at ENF
and GRA. Some specific aspeofghis variation across sites are captured best by GkMBhe bimodality of the
intra-station variation at GRA sites across the year (Figure 4 f) and the peak variability across stations at CRO site
in the second half of the year (Figure 4 h). Thislgixhthe ability of CLM%grto differentiate ET between stations

and the PFTs better than CLM&and the other models. The GLASS ET variability across stations compares

remarkably well to the observed across ENF at DBF sites (Figure 4b and d).

Figure 5 reveals the shift in the timings of key phenological events based on ET (growing season start, summe
peak, and growing season end) between each model and the ICOS observations. Generally, for ENF and DBF sit
(Figure 5 a, b), all models show the earlier occurreand at CRO (Figure 5 d) they show a later occurrence of
these phenological events than the measurements. &k NS the mean timing of the events within the standard
deviation of the ICOS timing across all PFHowever, it shows substantial variability, larger than observed in

the event timings across GRA sites. Similarly, GLASS and Cl:M&how close approximations to the observed
timings but simulate all these events significantly earlier at DBF sites and significantly later at CRO sites, with
little variation in the timings across sites. The ERA5L and G&MEdata exhibit a much earlier growing season

start (24 and 20 days earlier) and summer peak (16 and 12 days earlier, respectively) than observed by ICOS
GRA sites.
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3.3.2. GPP
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Figure 6: In the left column are the yearly Gross Primary Production (GPP) evolutions averages stations
belonging to one plant functional type (rows: Evergreen Needleleaf Forest (BXEuous Broadleaf Forest
(DBF), Grasslands (GRA), and Croplands (CRO)) and acrosyd¢hes (available years vary per statjosee
Supplementaryable S1). We differentiate the dataurce by color (Integrated Carbon Observation System (ICOS)
observations: black, Communityand Model v5 (CLM5), CLMj&q: red, CLM5¢1: yellow, Global Land Surface
Satellite(GLASS): green). The corresponding standard deviations across the sites and across te ydaited

in the right column to measure the spread around this mean.
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Figure 7:Mean shifts in GPP phenological events (the start of the growing season, peak,amdiahthe growing
season) between the Integrated Carbon Observation System @B&Yyations (solid black line) and the models
(by color: Community Land Model v5 (CLM%}|M5gyiq: red, CLM%r1: yellow, Global Land Surface Satellite
(GLASS): green), among sité®longing to one plant functional type: Evergreen Needleleaf Forest (ENF),
Deciduous Broadledforest (DBF), Grasslands (GRA), and Croplands (CRO). On-#pasis the day of the year

of the event. Error bars in grey correspond to the standard deviation of the day of the evemhauéhe across
sites of one plant functional type, and the error bars in black corresponddtatidard deviation of theespective
observations

The GPP values of all PFTs show a summer peak and a low period in winter (Figure 6). The negative values prese
in the ICOS measurements are caused by the processing of the measurements by ICOS and are, therefore, |
represented by CLM5 or GLASS. Again, a general underestimation of observed GPP is shown across all PFT:
(Figure 6 a, c, e, g), particularly during teemmer months from all models. CLM5% shows larger GPP than
CLMb5giq and, therefore, has a lower systematic bias (mean PBIAS across PFI9.61 and-27.65%. see

Supplementary Table S5). GLASS GPP is closer to the ICOS GPP at ENFaDBERA, and hathe lowest
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mean PBIAS across PFTs-d6.67). The most substantial underestimations are at DBF during summer (Figure 6
c), where CLM%,iq and CLM%¢rhave a PBIAS 0f38.88 and43.76%, and GLASS24.52%. The GPP variability

across sites is, similarly to ET, lowest at DBF sites. Notably, GLASS remote sensing GPP underestimates the
variability among sites of one PFT substantially throughout the yg@R&at and CRO sites (Figure f, h). The
observed variability dynamics across the year, e.g. the bimodality at GRARgere(6 f) that was also visible

for ET, is captured best by CLM5. However,not all modelscapture the behavior of CRO GPP irsée
variability (Figure 6 h). This supports the suspicion of the influence of management and missing processes in CRC
in the models, possibly concerning the timings of planting, fertilizing, and harvesting thesttogrsaause of these
mismatches. The overall negative systematic bias in the models points at potentially missing sertsitivities
lower levels of, e.g., atmospheric CO2 and VPD that havereeently found to increase the watese efficiency

and carbon assimilation (Poppe Teran et al. 2023; Friedlingstein et al. 2023).

Shifts in phenological events between the observations and the models are already noticeable in Figure 6, but a
guantified and visualized in detail in Figure 7. CLidEtand CLM%;iq predominantly simulate the timing of these
events within the standard deviation across ICOS stations for each PFT. In the GLASS GPP data, the events a
more shifted from the measurements, most notably at DBF sites (16 days earlier growing seasdnldtaldym

earlier summer peak) and at CRO sites (22 days belated peak and 45 days belated end of the growing seaso
Generally,in both CLM5 scales, the shifts to the ICOS observations werarest in CRO. Similar to the ET

event timings, CLMbershows the largest variation of these timings among the models, but especially at GRA sites,
and also considerable differences in the timing of the growing season end of ENF sites. These findings confirm th
ability of CLM5perto approximate PFEpecific variation of ecgystem processes, but the contrasting results of the

model performance indices will be further reviewed in the Discussion section.
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3.4. Statistical distributions

435 3.4.1.ET
mm|COS W CLM5gq == CLMSpr; mmGLASS mmmERASL mssGLEAM
b)

0.60 0.60 DBF
2 2 |
g £
€ 0.45  0.45
e ©
£ 030 £ 030
0 o
8 o015 8 o1s
o o
(a8 o

0.00 - 0.00

0.60 0.60
Fin) 2
z 2
€ 0.45 S 0.45
© o)
£ 030 £ 030
e e
8 o015 S o1s
o e
[a [a}

0.00 - 0.00

I | ] ] |
-2 0 2 4 6 -2 0 2 4 6
ET [mm day™] ET [mm day™]

Figure 8: The probability density curves for all evapotranspiration (ET) values from stations belonging to the
selected plant functional types: Evergreen Needleleaf Forest (ENF), Deciduous Broadleaf Forest (DBF),
Grasslands (GRA), and Croplands (CRO). @kt source differs by color (Integrated Carbon Observation System
(ICOS) observations: black, Community Land Model v5 (CLM5), Gldifed, CLM%t: yellow, Global Land
Surface Satellite (GLASS): green, European Center for MeBange Weather Forecasieanalysis 5 Land
(ERAS5L): brown, Global Land Evaporation Amsterdam Model (GLEAM): purple
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In this section, we describe the results of the statistical distributions of ET in the model and the observations for
each PFT. Then, we give more details on the moments of these distributions and how the models compare to tt
observations. Generally, tieodels approximate well the shape of the distributions (Figure 8), with a pronounced
peak inthe occurrence of positive ET values close to O that represent low winter values across all PFTs and,
moreover, the slowly decreasing frequency of values towards the high ET summer values, which is more variable
among the models. The variability of the summer peak magnitude (see previous section) among stations of th
same PFTauses the ICOS and CLMS ET distributions to have oslightly pronounced second mode at the high
summer ET values. On the other hand, the ERA5L and GLEAM ET distributions show a very pronounced second
mode at the higher ET values for each PFT. This hints at the lower variatitisysummer peak magnitude among
these stations, which misrepresents the observed high variation in ICOS.

The moments of these distributions give more insigittstheir specific characteristics. Further, differences in
moments between the observations and the models can yield important information on potential misrepresentatior
(Figure 9). For example, a differing mean between ICOS and a model fpodngeneral shift in the distribution,
specifically its center of mass. Therefore, we confirm a shift of ET distributions of ERA5L, GlaA8&SLEAM

towards higher values for all PFTs in reference to ICOS. Gkind CLM%er have lower means, except for
CLM5per at CRO. The second moment, the variance, informs about the variability of values. Notably, GLEAM
data underestimatand GLASS data overestimate the observed variability of ET at all PFTs. &£+ a broad

range of variability across PFTs, which corresponds well with ICOS observations, whiley(zlai® the other

models show a very similar level of variability independent of the PFT. All models agree with the observed positive
sign of the skewness (indicating a longer right tail of the distribution) for all PFTs. And while all the models
simulate a platykurtic (negative excess kurtosis, pronounced relative tailedness) characteristic of the distribution:
across PFTs, ICOS sheveptokurtic (positive excess kurtosis, less pronounced &its more pronounced peak)
behavior at ENF and CRO sites. Furthermore, the variatitheosfe ach model 6 s s k esnse s s e
ranges for each color in Figure 9 ¢ and d) across the BFeTsonsiderably lower than the observed ranges
(corresponding saxis ranges)Altogether these findings showcase the ability of CLi5t0 model intra and
inte-PFT ET variance better than the other considered models on the one hand, but shortcomings of all the

considered models to represent the variation of the extreme ends of the ET distributions across all PFTs.
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Figure 9: The mean (a), variance (b), skewness (c), and excess kurtosis (d)evhpiogranspiration (ET)
distributions (visualized in Figure 8) from the modelsxys, colors:Community Land Model v5 (CLM5), CLM5
grid: red, CLM5PFT: yellow, Global Land Surfa&atellite (GLASS): green, European Center for MeeRange
Weather Forecasts Reanalysi$&nd (ERA5L): brown, Global Land Evaporation Amsterdam Model (GLEAM):
purple), asopposed to the corresponding values from observaticagi§} aggregatedor each planfunctional

type (marker type): Evergreen Needleleaf Forest (ENF), Deciduous Broadleaf foBtSt, Grasslands (GRA),
Croplands (CRO). The error bars are the standard errors ofébpective moment, depending on the sample size.
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3.4.2. GPP
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Figure 10: The probability density curves for all Gross Primary Production (GPP) values from stations belonging
to the selected plant functional types are shown: Evergreen Needleleaf Forest (ENF), Deciduous Broadleaf Fores
(DBF), Grasslands (GRA), Croplda (CRO). The data source differs by color (Integrated Carbon Observation
System (ICOS) observations: black, Community Land Model v5 (CLM5), £k k8, CLM%1: yellow, Global

Land Surface Satellite (GLASS): green).
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We continue to delineate the results of the same analyses for the GPP distributions and their moments (Figure 1(
The frequency peaks at the low GPP values, which correspond to the base wintareG@#erestimated by all
models at ENF, DBFand GRA. This could partly be explained by negative GPP values in the ICOS data, which
the models do not represeBly definition, there is no negative GPRowever, thesaegative values are given
through the uncertainty range of the NEE partitioning method and are retained in the analysis to preserve the
partitioning distribution (Reichstein et al. 2012, Pastorello et al. 2020). This is probably relatelétestimating

the observed winter GPP in ENF and GRA sites seé&imire6 a and e. Another striking finding is the missing
occurrence of the highest observed GPP values in the models at all PFTs, but most noticeable at DBF sites, whe
the upper half range of GPP values (>12 g Ciilesnotrepresented in any model. The overrepresenteetanige

GPP values and the partly pronounced second modes in thamgiel GPP values across PFTs are possibly caused

by the low summer peaks and low variability across sites (see Figure 6).

The models showower GPPmeansthan the ICOS measurememts all PFTs in Figure 11 a. Similarly, for all
models across all PFTs, the underestimated GPP variance inditates spread of the PFT distributions than in
ICOS. While models agree on the positive skewness of the GPP distribution (skewed to the left), the larges
skewness at CRO sites is not well represented by all the models. Finally, similar to the findings with ET kurtosis,
the models fail to distinguish the distinct leptokurtic characteristics (less heavy tails) of the GPP distribution of
CRO sites compared the other PFTs, as seen in the observations. Across PFTs and for all models, the ranges
spanned by the int/BFT distribution moments are smaller than the observed. Most strikingly, the GPP variance
range across PFTwhich is, among the models, tla@ges for CLM5per (between 8 g C dayand 12 g C dajy),

is much smaller thafor ICOS (11 g C dayto 27 g C day). This suggestshe models do not simulate GPP
differently enough between the PFT groupings. Thus, model developm#jperameter optimization studies that

aimto improve these representations should focus on enhancing the variability at DBF.
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Figure 11: The mean (a), variance (b), skewness (c), and excess kurtosis (d) of the grossppaduatyon
(GPP) distributions (visualized in Figure 10) from the modelaxig, colors:Community Land Model v5 (CLM5),
CLM5 grid: red, CLM5PFT: yellow, Global Land Surfacatellite (GLASS): green), as opposed to the
corresponding values from observationsagis) aggregated for each plant functional type (marker type):
Evergreen Needleleaf Forest (ENB)eciduous Broadleaf Forest (DBF), Grasslands (GRAppands (CRO).
The error bars are thetandard errors of the respective moment, depending on the sample size.
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3.5. The intersite similarity of PFT groups

To support the interpretations of our findings, we quantify the similarity of ET and GPP across sites of the same
PFT and compare the differendestweernthe modelsaandthe observations. In this section, we analyze the mean
RMSD of each PFT per ET and GPP data sources. A low RMSD indicates that the stations corresponding to on
PFT are similar, while a high RMSD hints at a greater diversity within the PFT. By comparing the mean RMSD
per PFT for ET and GPP across data sources, we can evaluate how much diversity is captured in the data of
particular PFT in the observations anddels. The standard deviation of the RMSD for each PFT gives information

on the spread of the inteite RMSDs within the PFT group around that mean.

= |COS mmCLM5g;ig CLM5ppr mmGLASS mmERASL mmGLEAM

a) b)
ENF DBF

12 —-----t , 12 - ;
S S,
11} 1]
T o8- : T os- - -
: :
g o4- 2 04-
o o

0.0 —- e - -- 0.0 —- e - --

c) d)
_(_SRA CRO

12 - ‘ R 12 - 4
S S
[ (T
T o8- : Ll
: :
n 0
Q 04- + Q 04- L
o o

0.0 — S - -- 0.0 —- s --

Figure 12: The bars indicate the mean of the root mean square difference (RSMD) of evapotranspiration calculated
for sites with the same plant functional type. The error bars are their standard deviation. Low values indicate high

35



500

505

510

similarity between the sites, and high values show high dissimilarity. The color of the bars differentiates the data
source (Integrated Carbon Observation System (ICOS): black, Community Land Model v5 (CLM%).Qlelll5
CLMb5eer: yellow, Global Land Surface Satellite (GLASS): green, European Center for M&dinge Weather
Forecasts Reanalysis 5 Land (ERAS5L): brown, Global Land Evaporation Amsterdam Model (GLEAM): purple).
Figure 12 shows that CLM& and GLEAMhavelower ET time series differencbstween the corresponding sites

for all PFT than ICOS. CLMrhas a lower mean RMSD than CLibamong ENF and DBF sites. Both CLM5

and CLM5;iq underestimate the observed diversity of ET at ENF and DBF sites. Interestingly, the variation of
ERAS5L and GLASS ET time series for ENF is higher than observed, and they also show the most significant
variation of RMSD. Me a n w h odélseis lower Bh&ndhat oihh@Cs NCLINRSMID\Ss ao f a
higher diversity of ET between GRA sites and CRO sites than GddMBhe CLM5t surpasse the observed

mean RMSD for the GRA PFT, highlighting the potential to simulate GRA sites variably. All other models
underestimate it slightly (CLMfa, ERAS5L) or more pronouncedly (GLASS, GLEAM). Particularly at CRO sites,

the ET RMSD of CLMb5¢ris substantially higher than the other models and at a similar level as ICOS observations.
In contrast, all other models show significantly lower mean RSMDs there. Generally, a higher ET RMSD mean in
a PFT group comes with a higher spread (higher staniéaridtion) for all da sources. The RSMD in ET between
stations is lower for CLM&qs and GLEAM than for ICOS for all PFTs.
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Figure 13: The bars indicate the mean of the root mean square difference (RSMD) of gross primary production

calculated for sites witthe same plant functional type. The error bars are their standard deviation. Low values

indicate high similarity between the sites, and high values show high dissimilarity. The color of the bars

differentiates the data source (Integrated Carbon Observ&jmtem: black, Community Land Model v5 (CLM5),

CLMb5grid: red, CLM5PFT: yellow, Global Land Surface Satellite (GLASS): green).

Figure13 shows that for GPP, the models generally have a lower mean RSMD than ICOS across stations for all
515 PFT, except for CLM&iq at DBF. CLM%¢rhas a more diversely simulated ET across ENF, GRA, and CRO sites

than CLMS;iq. Interestingly, the observed magnitude of the RMSD is lowest for DBF and highest for CRO and has

a more extensive range across PFTs than the models. For example, the RMSDs of ICOS data differ by

approximately 1.3 g C ddybetween GRA and CRO, while ClgM, CLM5prr, and GLASS indicate similar
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RSMDs for those PFTs. Especially CLM5shows a constant withiBRFT variability of around 1.5 g C day
independent of the PFT. Higher mean GPP RMSD values also come with a higher standard deviation. These resul
hint ata complex relationship of variability representation within the PFTs. The higher RMSE values of&LM5S

in the general model performance analysis (Section 3.2) suggest that the variation across sites of one PFT seen hi
does not directly translate to a better model performance. Apart from the magnitude of the variability, its accurate

and proportionate timg is pivotal for enhanced model performance.
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4, Discussion

Our results show that CLM& and CLM%¢r approximate the ET observations from ICOS better than GLASS
remote sensing and ERASL reanalysis but worse than GLEAM reanalysis. Moreover, especially foe@he15
systematic error in simulating ET is lower than all other evaluated data sets. For GPP, we found that &idV5
CLM5per performed worse than GLASS data, indicated by a larger PBIAS and larger RMSE. Surprisingly,
CLMb5pergenerally had a higher RMSE than Cldybut, at the same time, a lower PBIAS. Averaged ET and GPP
phenologies were relatively well simulated but exhibited underestimations across all PFT, especially in DBF,
compared to ICOS measurements. CkkMbetter captured the PFSpecific mean and standard deviation of the

ET and GPP annual dynamics than ClgM5the reanalyses, and remote sensing data. The GPP and ET
distributions analysis showed underestimations of their observed variability for all mot#MSyiq, CLM5per,

GLASS, ERASL, and GLEAM. Lastly, we found that for most PFTs, the modeled and remotely sensed data was
too similar between stations of the same PFT group compared to the ICOS observations.

4.1. Uncertainty
4.1.1. Observations

Notably, the EC measurements carry uncertainties that might affect the results of this study, especially related t
the systematic errors in the simulations. For instance, EC measurements neglect the energy from large eddies. -
check for possible inconsistencies, we evaluated the energy balance corrected. BT the ICOS sites
(Pastorello et al., 2020This methodology assumes a constant Bowen ratio to close the energy imbalance.
Simulated ET underestimates &1to a greater degree than the rammrected ICOS ET (Figure S1, Figure S2),
suggesting a higher systematic error than in the analysis afaroected ET. Besides that, we discovered the same
patterns with the corrected ET, concluding that the energy balance error did not introduce significant bias to our
results and the interpretations. Furthermore, GPP is not directly measured but partitioned from NEE. The NEE
partitioning method has an undeéng uncertainty stemming from potentially unfulfiled assumptions that
propagate to the GPP and ER variables in the ICOS data. So, we also ensured that our results remained consist
by evaluating the nepartitioned NEE and the ER variables (Figure S8ure S4, Figure S5, Figure S6). We
discovered a substantial underestimation and missing variability in NEE and ER across PFTs in CLM5, confirming
the systematic underestimation in our analysis of GPP. While we believe that our analyses have followed

meticulous approaches to ensure robusilte by applying the ICOS quality flags and comparing these additional
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variables, many studies still emphasized the biases arising from a shifting footprint with varying wind direction
and wind speed and the energy balance correction method assuming a constant Bowkmgadbdl., 2020
Eshonkulov et al., 201€hu et al., 20211 Therefore, we encourageveloping and usingovel and more accurate
energy balance closure methodb#ng et al., 2024 Furthermore, dropping baglality gapfill data from the ET

and GPP time series might introduce a bias that underrepresents periods of low friction velocity and atmospheri
inversion conditions. Lastly, based on the geographical distribution of thed@@& network, the results might
misrepresent Southern and Eastern Europe andasairand arid hydralimates (Figure lalso readDhnemus et

al. 2024). Those factors might have influenced the diversity of ET and GPP values and the ranges of their
distributions.

4.1.2. Forcing

Importantly, discrepancies between the COSMO Reanalysis used to force the Europegra@life station
observations might introduce deviation into our analyses that could hamper interpretations of our results regarding
the model functionality. While the higiesolution forcing data already includes information from observations
through data assimilation, particular locatipasd conditions might be less well represented than others, and a
resulting bias in the meteorological variables would propagate to the simulation of ET and GPP. However, data
assimilation approaches minimize the systematic error of the atmospheric ontbeedbservations. Furthermore,

the probability and potential influence of including a bias fithie forcing of a single location is lowered by
considering multiple sites in the performance and statistics of the PFTs. Nevertheless, we assessed th
meteorological variables from the COSMO Reanalysis 6 (temperature, shortwave incoming radiation, precipitation,
relative humidity) with the ICOS statiatata to scrutinize potential errors arising from the forcing. We used the
same approach for the GPP and ET evaluation (Figurec<Sr gur e S14) . We di scovered
average yearly dynamics and distributions represent the ICOS obsesvatell. More minor yet notable
misrepresentations include underestimations of shortwave downward radiation and precipitation in summer anc
relative humidity over GRA and CRO sites throughout the year compared to the measurements. This could explai
some of our anal yestmations ByTCLMS5nNDtabfy e maan dne variance across the PFTs
and their ranking are represented reasonably well for all forcing variables, as opposed to our results with GPP an
ET. Furthermore, the skewness and excess kurtosis of the forcing teurgarad shortwave downward radiation
compare well to the ones from ICOS, indicating wedtching distributions between the COSMO Reanalysis 6

and the observations. However, in particular, the higlegree moments of the distribution are not well simulated
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for precipitation and relative humidity. These characteristics of the distributions affect the CLM5 simulations of
GPP and ET and might have influenced our results. Further considerations, including ensemble simulations witt
perturbed forcings, are requirto capture the uncertainty introduced into CLM5 fubwt this is beyond the scope

of this study.

4.1.3. Static information and initial conditions

The static surface information, including the soil texture, elevation, aspect, land unit, and PFT distributions, affect
the simulation of ET and GPP in CLM5. The soil texture composition will define how water is stored and conducted
in the soil, contributig to the evaporation from the soil, an essential ET component. Further, the soil texture will
influence root water uptake if vegetation i s presete
another critical ET component. Further, ET is regulated by the available energy, which is determined by how the
canopy, the elevation, aride aspect of that location influence the incoming radiation. Especially the diversity
between these input variables across the locations of the ICOS stations might have played an essential role in tl
simulation of the PFBpecific ET and GPP distributien

Lastly, particularly for CLM%i4, GLASS, GLEAM, and ERASL, the distribution of PFTs across the domain and

in the grid cells corresponding to the ICOS stations define the equations and parameters that will be used for th
calculation of ET and GPP. Consequently, if the grid cells cornelipg to ICOS stations are dominated by PFTs

t hat do not comply with the stationsé footprints,
affected. Importantly, this does not apply to the ClM®ecause & could select the data that belongs to the
adequate PFT. Therefore, interpretations of our results relating directly to vegetation functions implemented in

CLMS5 are here primarily focusing on the CLM5%data.

The initial conditions of the carbon cycle, most notably the size of the soil and vegetation carbon pools, are anothe
source of uncertainty. Essentially, our spjmand production simulations were restricted to the years where the
high-resolution forcingwas available (1995 2018). The spiup simulations, therefore, recycle atmospheric
forcings for a substantial period, which we alsge in the production simulations. Hence, the production
simulations adopted the equilibrium state (incoming carbon equals outgoing carbon) required to conclude the spin
up. However, in natural conditions, there was no carbon equilibrium in the simulated Ipstgad, the carbon

cycle experiences dynamic changes, such astlenng trends resulting from changing environmental conditions.

Many European ecosystems exhibited a net carbon uptake, thus acingrben sinkFilli et al.,2017 Winkler
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et al., 2023 measured in ICOS accordingly. The negative itaxgh mean NEE indicates carbon sources, evident
across all PFTs in the EC observations (Figure S4 a). On the other hand, the simulations show a NEE close to ze
for all PFTs, directly showing the effect the equilibrium state of the land surface in the model. The results of
DBF, which is the most significant carbon sink in the ICOS data and simultaneously shows the largest GPP
underestimations by CLM5, underline a potentially important role of the cadpghbrium in our results. Future

work will conduct a more comprehensive spim under conditions closer to a reabrld carbon equilibrium (the

1950s or earlier) and a transition run before the production simulations to capture the dynamic trends of the lanc
surface processes. Possiblye thias in the EC measurements towards conditions with low friction velocity and
atmospheric inversion might also cause overestimations of GPP and the resulting carbon sink in ICOS.

4.2. PFT-specific evaluation

While CLM5err showed a smaller systematic error than Gld¥br most PFT compared to the observations (lower
absolute PBIAS), the ability to approximate the observation time series is worse (higher RMSE). A shifting sign in
the bias of the CLM& data explains these counterintuitive results. The presence of both positive and negative
bias (in time and across stations) cancels out and yields an overall low PBIAS. In summary, we find in the
evaluation that the ET time series of Ckdylare not closer to obsations than CLMgiqs for any PFT, but CLM&-r
generally approximates the ET sum over time better than GlNts ENF, DBF, and CRO. However, it is also

clear that, on average, the phenology of CkM closer to the observed than CLM§ for instance, for both ET

and GPP at DBF and GRA sites. Furthermore, the timings of the phenological events ip-CAelBnost often

closer to the observed than in CLMb Importantly, critical PFIs peci f i ¢ characteristics
steep spring GPP increase, are only captured by GiiM&d tte intersite variability of ET and GPP throughout

a standard year. This discrepancy between the evaluation metrics and the vegetation phenology suggests tr
CLM5eercould better capture the PEpecific variability that ICOS observes. However, this variability is modeled

in a way that did not contribute to a low RMSE, for instance, shifted in time or space, so the averaggecRiET
comparisons (the phenology attte distribution moments) compare better with ICOS than CkM%urther
evidence for this explanation is that CLMbgenerally captures me variability (higher ET and GPP standard
deviation across sites throughout the year for ENF, GRA, and CRO, and higher variance for each PFT). This ability
to capture more variability than the other models, closer to the observed variability, can improve the representec
variability in CLM5eer if the suitable variation can be modeled at the right time and location. This spatiotemporal

discrepancy of simulated and observed GPP and ET variability could potentially be solved with optimized PFT
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parametersBaker et al., 2022Birch et al., 2021Cheng et al., 202Dagon et al., 202Meng et al., 2021Fisher
et al., 2019h

Several past studies also indicated the underestimation of ET and GPP in CLM5 compared to obs&wasions (

et al., 2023Strebel et al., 202Zheng et al., 202Birch et al., 202}, which we confirm in this study. Parameter
improvements could also alleviate these general underestimations of GPP and ET across PFTs, especially durir
summer Dagon et al., 2020 However, optimal parameters might vary from site to site ¢t al., 201% even if

they have the same PFT. Thus, CLM5, and more generally, LSMs that implement plant traits as parameters on tt
PFT level, cannot capture this intrinsic PFT variability resulting from these traits. Albeit optimized parameters
might still reduce the bias ohe continental level, a more comprehensive approach to the spatiotemporal variability
of plant traits might improve regional simulations drasticalipderegg et al., 2022/an Bodegom et al., 2014

Kattge et al., 2011

Given the hydraulic role of vegetation leaves in controlling transpiration, there is a tight relationship between ET,
GPP, and LAI. In CLMEGC, the assimilated carbon by GPP gets further partitioned to respiration and the carbon
storage in the plant organ.e., leaves, roots, and stefgrthermore, the leaf carbon then controls the development
and state of the vegetation leaves and, thus, the LAl On the other hand, LAI controls GPP by determining the
upscaling factors from leaf photosynthesis to theopg, thereby driving canopy conductance. Unfortunately, no
largescale LAl insitu measuremen@nd no CLM5er simulated LAlare available, and comparisons between
CLMb5giq LAl and reanalysis or remote sensing LAl suffer from known biases in the latter and yield no further
context on our evaluation based on ground truth informatée adhered tan LAI evaluation of CLM5 with
sparsebut systematic ICOS measuremerERASL reanalysisand GLASS based on MODI&upplementary

Figure S15)Notably, thelCOS LAl measurements are only available for two years of theygpediod (2017 to

2018) and are limited to ENF and CRO sites. Additionaiyl,measurements' expensive and tilmensive nature
restricts the time resolution to a fex@arly measurement pointds a result, the data points for comparison are

few, and the uncertainties are lar@aoticeable larger error bars in Supplementary Figure. &tfther caveat is

the potential mismatch of the land surface representation between the EC tower fq&priand GPP
measuremenfsaind the area covered by the LAl measurement campaigmgver,some key findings from this
analysis are still robust. For example, all models overestimate LAl at ENF and CRO sites (Supplementary Figure
14 a), contrasting the results of GPP and Hie variance in ENF sites is mugifore significanin GLASS and

ERASL than in CLM3%4, Which is closest to the observations. The higivder moments are more uncertain
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because of the small number of data points. The contrasting results, especially between the LAl andI®RP PFT
averages, suggest that processes and parameters connecting the assimilated carbon to the leaf area, dependin
the environmental conditions, must be revisited. However, we make an even stronger case for systematic, long
term, and highresolution LAI insitu measuremen{for example using drone¢Bates et al. 202}),)which would

support a more robust and diverse evaluation of the simulations of this essential variable.

4.3. Inter-site similarity of PFT groups

For all models (CLM&iq, CLM5per, ERASL, GLASS, GLEAM), the distributions of ET a@PP across PFTs are

very similar, which is not the case for the observations. This is especially true for their variances (i.e., their spreac
around the mean) but also notable for the means, skewnesses, and kurtoses. We expee¢tedoGibhdéy more
significant variability than CLM&is and the other gridcale models because the aggregated, mixed PFT data of
the grid cell would homogenize the variables and cancel out some of the variability. Whiled&&Mbvs a more
extensive range of variation of ET and GPP across PFTisGh#&5;i4, ERASL, GLASS, and GLEAM, it still

vastly underestimates the observed range of variance by ICOS, especially for GPP (Figure 9, Figure 11).

The mean RMSD across sites of the same PFT indicates that ET across sites can be as differeptfior GERA

and CRO as in the observations (Figure 12). However, the ET differences across sites with the same PFT wer
underestimated at ENF and DBF. GPP differences across sites with the same PFTs were underestimated for
PFTs (Figure 13). This suggedtsee missed variance could mainly stem from missed PFT internalsiteer
differences or unresolved differences in-sipecific abiotic conditions (e.g., soil depth and texture). Possibly, this
could not be improved through optimization of P§fecific parameters, as these sites would still share the same
set of parameters. Agnhanced concept of functional types in vegetation, focusing on the spatiotemporal variability
of observed plant traits, could better facilitate improvements that raise the simulated ET and GPP variance in spac

and time.

4.4. Data requirements

As outlined above, beyond parameter optimizations, a comprehensive implementation of functional ecosysternr
diversity could significantly improve the LSM simulation outputs regarding multiple aspects of their distributions.

This could introduce a statd-the-art understanding of vegetation function into LSMs, which is essential to
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evaluate different theories of plan trait evolution and their effect on current and future energy, water, and carbor

cycles.

In that light, we encourage sites to-logate research infrastructurdsufter et al., 2023 like ICOS and the
Integrated European Lorierm Ecosystem, critical zone, and seelogical Research Infrastructure (eLTER

RI). Thereby, sites cover additional observation spheres like biodiversity (e.g., functional diversity of plants) and
socicecdogy (through forest and crop management and driving land use change) and establish a strong base fc
studies to increase the understanding of the whole system (Ohnemus et alMi2024;al., 2018 Mirtl et al.,

2021, Baatz et al., 2018 Further, thiswould promote largscale observations needed to introduce more trait
variability into LSMs. Lastly, combining LSMs and these holistic observations by data assimilation, going beyond
decoupled modeling effort8loom et al., 202Pand resulting in an ecosystem reanalyBaafz et al., 20291would

provide essential, explicit and accurate data on the carbon cycle, which are currently unavailable.

4.5 Distribution moments and droughts

Investigating the influence of drought on the analyses, or generally the ability of the models to simulate drought
and the vegetation response, is complex due to the differences in drought response functionality. For instance, pla
water stress might occuue to different magnitudes of water deficit in the swil, different aggregation time
scales, and with @ariable lag to the water deficit. A future study will investigate the-B&alle drought responses

from the model and how the drought propagates through théwyeitological sphere and compare it to
observations. However, drought frequency, duratardseverity affect the shapes of the distribution of the
precipitation and, eventuallthe ecosystem processes. Thusbwiefly discuss possible insighitgo their drought
responses.

Importantly, the skewness and excess kurtosis moments, which inform about the characteristics of the distributiot
tails (relativity between the tails and the general tailedness, respectively) of precipitation (Guo, 2022), and
vegetation states and function (Kanavi et al., 2020; Liu et al., 2022; Cooley et al., 2022), are influenced by dry
conditions, depending on thdirequency, duration and severity. We found a low variability in the skewness and
excess kurtosis of the precipitation used to force our CLM5 simulations (Figure S10 ¢ and d), specifically a
significantly lower skewness and excess kurtosis at ENF and ditB§. A lower positive skewness than the
observations means that the distribution is less skewed towards lower values, and a lower positive excess kurtos

than the observations indicates generally larger taéilgpossible interpretation of these differences in the
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distribution moments is that the atmospheric forcings show more frequent, longer, and more severe extreme
precipitation events, while the ICOS measurements are more concentrated around theiWWhikarhe
propagation of these extreme events could be complex anlthean we generally found the samesults(lower
skewness and smaller absolute excess kurtosis) for the simulated distributions of ET and GPP for almost all mode
and PFTs (Figures 9 ¢ and d and 11 c and d), suggesting a more direct relationship. However, because of tt
possible nodinearity and the ifluence of other factors, the detailed relationship between these findings and the
ability of CLM5 to simulate ecosystem drought responses must be examined in future studies. In ang case, th
missing accuracy in representing higher distribution momentseratmospheric forcings and in land surface

models must be considered in studies using these to investigate drought.
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5. Conclusions

We evaluated the simulated evapotranspiration (ET) and gross primary production (GPP) from a 3 km resolvec
Community Land Model v5 (CLM5) set up over the European CORDEX domain. We differdritiatenodel

outputs between the grid scale (CLjM® and the plant functional type scale (CLM# and comparthem with

ICOS station data as ground truth data. Furthermore, we codnpitineET and GPP from remote sensing derived

data from the Global Land Surface Satellite (GLASS) and reanalysis products such as the European Centre fc
MediumRange Weather Forecast ReanalysisLand (ERA5L) and the Global Land Evaporation Amsterdam
Model (GLEAM). CLM5gy:iq and CLM%et exhibited promising skills in approximating the observations and often
performed better than ERA5L, GLASS, and GLEAM. CLM& showed a lower systematic bias (lower percent
bias) but approximated the ICOS observations generally worse (larger root mean square error) tham CLM5
(Figures2 and3 and Supplementary Tables S4 and. &3 and GPRveresystematically underestimatedross

all PFTs throughout the year for both model scdispecially during summer at DBF sites, GRr#3substantially

lower for CLM5erand CLM%yiq than for ICOS observations (FigudgFigure6).

Essentially, CLMBsr and, to a greater degree, CLMH ERASL, GLEAM, and GLASS shoed a lower
spatiotemporal variability of ET and GPP than the measurements exhibited by a lower range of all the modeled ET
and GPP distribution moments across PFTs than in ICOS. This smaller range and a lower root mean squar
difference between sites of one PFT greuggests that CLM&s, and more surprisingly, CLM&r, simulate GPP

and ET more similarly across PFTs than the ICOS measurements.

Futurestudies should investigate whether optimizing parameters in GiM&th observation data increases the
diversity of ET and GPP values or whether this is a structurally induced bias. This work provides essential insights
for studies that aim to find optimized parameters and meaningful context for analyses of more specific ET and GPF

dynamics using the evaligal data.
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755 A frozen version of the CLM5 versiarsed herés stored herehttps://doi.org/10.5281/zenodo.110918%0e
case setup for the European 3 km simulatiod a posprocessing script are available under
https://doi.org/10.5281/zenodo.11091845. Analysis, processing, and plotting arziptsilable at
https://doi.orgl0.5281/zenodo.138854,A&hich requires the helper scripts in this additional repository:
https://doi.orgl0.5281/zenodo.13885466
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We used publicly available data, namely the Waktinter-2020 data set from the Integrated Carbon Observation

System (ICOShttps://www.icoscp.eu/datgproducts/2G6ZHAK , andhttps://meta.icos

cp.eu/collections/nBLHM8IrY 2FHpiybxuS3po2Bhe ERA5Land reanalysis

(https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanaha&itand), Global Land Surface Satellite (GLASS)
765 data derived from remote sensing (http://www.glass.umd.edu/index.html) and reanalysis data from the Global

Evaporation Amsterdam Model (GLEAM, https://www.gleam.eu/). Intermediary tabular data in parquet format

corresponding to the location of the ICOS stations are stotetb#y/doi.org/10.5281/zenodo.11091888 each

data source used here, including CLM5grid and CLM5PFT. The raw CLM5 outputs over the whole European

domain, which were not used in this study, can be made available upon request &gptterabytes
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Supplement

Table S1: A list of ICOS stations, their land cover, coordinates, years of data availabilitfor
our study period (19951 2018), the coordinates of the corresponding grid cell of the 3 km
European Coordinated Regional Climate Downscaling Experiment (CORDEX) grid used in our
1150 simulations, andthe number of 8-daily data points available forthe analyses for
evapotranspiration (ET) and gross primary production (GPP). Note that stations that do not
belong to the plant functional types (PFT) of evergreen needleleaf forest (ENF), deciduous
broadleaf forest (DBF), grasslands (GRA), and croplands (CRO) were omittedand some
included sites did not have data corresponding with the study period, thus having a count of O
1155 data points. See Section 2.2.1. The indicated PFT is the predominant PFT in the footprint of the
ICOS eddy covariance towers. Stations, where the land cover was not directly indicated in the
metadata sites were also left out in our analyses.

ID country PFT | lat lon | years lat lon N (ET) | N
(cell) (cell) (GPP)
BE-Bra | Belgium ENF | 51.3 | 4.52 | 19961 51.29 |4.51 |608 670
1 2018
BE-Dor | Belgium GR |50.3 | 4.97 | 20117 50.31 |4.96 0 270
A 1 2018
BE-Lcr | Belgium DBF | 51.1 | 3.85 51.10 |385 |O 0
1
BE-Lon | Belgium CR |50.5 | 4.75 | 20047 50.57 4.76 519 476
O 5 2018
CH-Cha | Switzerland | GR |47.2 | 8.41 | 2005i 4721 |8.43 |423 459
A 1 2018
CH-Dav | Switzerland | ENF | 46.8 | 9.86 | 1997i 46.80 |9.84 |578 866
2 2018
CH-Fru | Switzerland GR |47.1 | 8.54 | 20057 47.11 8.53 284 447
A 2 2018
CH-Oe2 | Switzerland |CR |47.2 | 7.73 | 2004i 4728 |7.72 |0 592
O 9 2018

63



CZ-BK1 | Czech ENF | 49.5 | 18.5 | 200471 4950 |18.54 | 146 389
Republic 0 4 2018

CZ-Lnz | Czech DBF | 48.6 | 16.9 | 2015i 48.67 |16.95 |0 145
Republic 8 5 2018

DE-Geb | Germany CR |51.1 |10.9 | 2001i 51.10 |10.93 |824 638
O 0 1 2020

DE-Gri | Germany GR |[50.9 | 13.5 | 200171 50.95 |13.49 |673 492
A 5 1 2018

DE-Hai | Germany DBF | 51.0 | 10.4 | 20001 51.07 |10.45 | 813 548
8 5 2018

DE- Germany DBF | 52.0 | 11.2 | 20157 52.09 |11.23 | 184 113
HoH 9 2 2018

DE-Kli | Germany CR |50.8 | 13.5 | 20041 50.90 |13.54 |481 450
O 9 2 2018

DE- Germany GR |50.6 | 6.30 | 2011i 50.62 |6.28 |336 309
RuR A 2 2018

DE-RuS | Germany CR |50.8 | 6.45 | 201171 50.86 |6.44 |285 224
O 7 2018

DE- Germany ENF | 50.5 | 6.33 | 2012 50.51 |6.31 |0 125
Ruw 0 2018

DE-Tha | Germany ENF | 50.9 | 13.5 | 19967 50.96 |13.58 |1012 888
6 7 2018

DK-Gds | Denmark ENF | 56.0 | 9.33 56.07 [9.34 |0 0

7

DK-Sor | Denmark DBF | 55.4 | 11.6 | 19961 55.48 11.65 | 437 882

9 4 2018
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Fl-Hyy | Finland ENF | 61.8 | 24.2 | 19961 61.86 |24.29 | 435 812
5 9 2018
FI-Ken | Finland ENF | 67.9 | 24.2 | 2018 6799 [24.23 |0 18
9 4
Fl-Let Finland ENF | 60.6 | 23.9 | 2009i 60.63 |23.96 | 412 254
4 6 2018
Fl-Var | Finland ENF | 67.7 | 29.6 | 20161 67.76 | 29.63 | 135 133
5 1 2018
FR-Aur | France CR [43.5 |1.11 | 200571 43.54 1.12 470 483
O 5 2018
FR-BIl France ENF | 44.4 | -0.96 | 2014i 4450 |-0.98 |203 144
9 2020
FR-FBn | France ENF | 43.2 | 5.68 | 200871 4325 [569 |0 358
4 2018
FR-Fon | France DBF | 48.4 | 2.78 | 2005i 48.47 1280 |0 566
8 2018
FR-Gri | France CR |48.8 | 1.95 | 20047 48.86 |1.95 |563 313
O 4 2018
FR-Hes | France DBF | 48.6 | 7.06 | 20141 48.67 7.05 229 219
7 2018
FR-Lam | France CR |43.5 | 1.24 | 20051 4351 |1.25 |548 431
O 0 2018
FR-Tou | France GR |43.5 |1.37 | 2018 4358 |1.38 |46 28
A 7
IT-BFt Italy DBF | 45.2 | 10.7 45.21 10.75 | 0O 0
0 4
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IT-MBo | Italy GR |[46.0 | 11.0 | 200371 46.00 |[11.04 | 616 582
A 1 5 2018

IT-Ren | Italy ENF | 46.5 | 11.4 | 19991 46.58 |11.44 |531 525
9 3 2018

IT-SR2 | Italy ENF | 43.7 | 10.2 | 20131 43.74 |10.31 | 255 214
3 9 2018

IT-Tor | ltaly GR |45.8 | 7.58 | 20081 4585 |7.57 |481 251
A 4 2018

RU-Fy2 | Russia ENF | 56.4 | 32.9 | 201571 56.46 |32.89 | 156 138
5 0 2018

SE-Htm | Sweden ENF | 56.1 | 13.4 | 20151 56.10 |13.42 | 177 152
0 2 2018

SE-Nor | Sweden ENF | 60.0 | 17.4 | 20147 60.09 |17.50 | 229 181
9 8 2018

SE-Svb | Sweden ENF | 64.2 | 19.7 | 20141 64.26 |19.77 | 161 109
6 7 2018

1160 Table S2: The root mean square error (RMSE) and percent bias (PBIAS) for model
evapotranspiration (ET) in relation to the Integrated Carbon Observation System (ICOS)
observations. Stations from ICOS that did not belong to plant functional types (PFTs) of
evergreen needleleaf forest (ENF), broadleaf deciduous forest (DBF), croplandGRO), or
grasslands (GRA) or did not have overlapping periods were omitted. See Section 2.4.2. For the

1165 amount of data points per station used for the calculations, see Table S1.

ET RMSE [mm day] ET PBIAS [%]

CLM5gida | CLM5prr | ERASL | GLASS | GLEAM CLMb5gria | CLM5prr | ERASL GLASS | GLEAM
BEBa [0.54 |051 [1.12 [1.1 [065 |2053 [22.4 [103.3 [86.1 |53.95
BELon [0.67 |0.99 [0.82 [0.91 [0.49 [12.76 [24.31 [66.69 |43.88 [ 19.71
CH-Cha | 0.8 085 [059 |054 [056 |[-33.03 [-21.19 |-13.73|-10.68]-8.47
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CH-Dav | 1.2 0.95 091 |135 |0.85 -51.08 | -33.29 |-54.41|-32.38| -27.66
CH-Fru 1 0.62 0.85 0.52 [0.62 |[0.62 -23.73 | -8.69 -6.68 |-5.21 | 7.17

CZ-BK1 10.48 0.54 0.76 |0.57 |0.52 -23.06 | -26.04 |29.54 | 19.72 | 25.78
DE-Geb | 0.51 0.82 0.7 0.85 |0.48 -7.61 |-5.35 64.26 | 40.08 | 14.93
DE-Gri | 0.48 0.77 0.57 |[0.55 |[0.36 2.45 11.15 | 33.24 | 20.49 | 9.14

DE-Hai | 0.49 0.6 0.73 |0.76 |0.52 2.64 8.99 58.52 [46.6 |31.18
DE-HoH 1 0.69 0.65 0.6 0.58 |0.66 -28.06 | -16.86 |-1.62 |-10.44|-24.37
DE-KIi 0.69 1 0.79 [0.74 |0.63 6.77 19.04 [38.9 |27.7 |21.78
DE-RuR 1 0.39 0.76 0.6 0.54 |[0.45 -17.86 | 5.37 28.01 |9.89 |17.22
DE-RUS 1 0.78 0.97 0.68 |0.55 |0.68 -32.8 |-31.45 | 7.9 -12.81| -24.98
DE-Tha | 0.62 0.5 0.72 |0.71 [0.48 0.59 -0.52 |39.68 |20.84 | 13.92
DK-Sor 1 0.6 0.6 0.57 |0.66 |05 -26.29 | -14.98 | 42.64 | 20.57 | 2.18

Fl-Hyy 1 0.5 0.51 049 |041 |0.62 -35.58 | -27.65 |20.64 | 11.27 |41.7

Fl-Let 0.68 0.65 0.63 |0.8 0.73 -31.77 |-21.53 |51.02 | 11.16 | 40.21
Fl-var 1 0.37 0.49 0.73 048 |0.6 -30.13 | -9.59 67.09 | 58.22 | 84.39
FR-Aur 10.85 1.19 11 1.05 |0.78 5.44 45.08 |52.04 |37.1 |16.89
FR-Bil 0.67 0.92 146 |0.72 |0.67 -25.5 | -28.35 | 24.98 | 48.24 | 24.47
FR-Gri 1 0.77 1.01 0.9 0.85 |[0.58 -1.63 | 0.98 44.94 | 30.06 | 3.86

FR-Hes | 0.58 0.67 0.83 |0.86 |0.72 0.19 13.09 |51.71 | 35.65 | 36.79
FR-Lam | 0.86 1.09 097 |[1.01 |[0.79 -6.76 | 20.9 31.79 | 17.15 | -1.53

FR-Tou 1 0.69 0.89 086 |[1.04 |[0.49 -36.01 | -45.95 | 60.87 [30.99 |17.48
IT-MBo | 0.55 0.84 0.5 049 |0.72 -2.29 |-17.01 [8.99 |6.24 |16.68
IT-Ren 10.85 0.81 0.74 |0.72 |0.76 -23.81 | -3.55 -9.57 |[-15.41|2.18

IT-SR2 1 0.89 1.53 0.73 |0.76 |0.8 -34.1 |-60.81 |28.98 |3.25 |-23.83
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IT-Tor 1091 [1.01 |06 [078 [0.75 |[-45.19 |-48.2 |-38.59]-10.22[-28.59
RUFy2 | 0.4 051 |0.65 |0.69 |07 443 |-16.31 |52.09 | 26.21 | 54.79
SEHmM [045 [0.45 |1.19 |0.88 |0.9 731 |-3.36 |72.78 |61.52 | 79.05
SENor [0.36 |0.37 |0.66 |058 |0.59 |-14.29 |-4.12 |47.2 |22.25 |46.44
SESWw |045 |0.64 |055 |035 |056 |-18.82 |-0.66 |16.38 |16.8 |35.55
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Table S3: The root mean square error (RMSE) and percent bias (PBIAS) for model gross primary production
(GPP) in relation to the Integrated Carbon Observation System (ICOS) observations. Stations from ICOS that did
not belong to the plant functional types (PFTs) of evergreen needleleaf forest (ENF), deciduous broadleaf forest
(DBF), croplands (CRO), or grasslands (GRA) or did not have overlapping periods were omitted. See Section
2.4.2. For the amount of data poimter station used for the calculations, see Table S1.

GPP RMSE [g C day!] GPP PBIAS [%]

CLM5gi | CLM5pr | GLASS | CLM5¢i | CLM5pF | GLASS

d T d T
BE-Bra |2.29 1.69 1.3 -35.36 | 0.58 4.7
BE-Dor |3.19 3.39 2.74 |-4169 |-40.3 -35.11
BE-Lon |4.31 4.31 398 [-1821 |[-8.23 -11.32
CH-Cha |4.61 3.94 429 |-50.9 -38.52 | -47.17
CH-Dav |2.4 2.13 213 [-16.93 [31.37 |[-25.57
CH-Fru |3.6 2.84 262 |-40.1 -23.16 | -23.97
CH-Oe2 |[3.75 3.95 353 |-10.8 12,63 | 2.72
CZ-BK1 |[2.79 2.31 1.95 |-37.05 |-22.83 [-20.65
CZ-Lnz |4.64 3.44 2.9 -62.06 |-49.31 |-28.91
DE-Geb |3.63 4.32 298 |[-3596 |-40.43 |-1.84
DE-Gri | 2.61 2.68 2.02 [-2119 [-11.94 [-9.65
DE-Hai |2.83 2.59 1.7 -34.83 |-425 -1.51
DE-HoH |2.94 2.51 3.04 |-30.53 |[-4055 |-27.82
DEKli |35 3.66 315 |1.74 2.04 -2.73
DE-RUR | 2.4 2.39 2 -26.99 [-10.45 [-19.5
DE-RuS |4.74 5.05 434 |-43.49 [-4567 |-34.68
DE-RuW | 2.63 2.61 214 |-3213 |[-27.64 |-23.88
DE-Tha |1.87 1.48 1.29 |[-2899 [-3.95 -19.27
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DK-Sor |4.39 4.07 3.21 -47.99 -49.66 -35.24
Fl-Hyy 1.3 1.29 0.81 -14.92 -0.32 -8.91
Fl-Ken 1.16 2.34 0.72 -2.8 54.7 -14.37
Fl-Let 2.05 2.02 1.53 -19.16 -4.72 -19.98
Fl-Var 1.4 3.22 0.89 60.3 159.3 21.48
FR-Aur | 3.28 4.05 3.25 9.39 68.57 9.03
FR-BIl 1.75 2.23 1.67 -24.81 -24.43 -0.67
FR-FBn | 2.38 3.73 1.82 -48.88 -77.01 15.32
FR-Fon |3.1 2.87 2.74 =27 -36.28 -21.96
FR-Gri 4.16 4.24 3.73 -18.71 -13.87 -15.53
FR-Hes | 3.7 3.24 3.32 -24.49 -36.28 -17.36
FR-Lam |3.91 4.5 3.95 -4.09 44.8 -8.88
FR-Tou |3.44 2.53 1.77 -73.37 -47.07 -10.42
IT-MBo | 2.42 2.89 1.84 -7.9 -31.89 3.26
IT-Ren | 1.53 2.32 1.77 11.62 33.32 -2.04
IT-SR2 |5.12 6.78 4.07 -67.17 -88.85 -53.94
IT-Tor 1.82 2.49 1.66 -0.74 1.02 1.17
RU-Fy2 | 2.63 2.84 1.93 -26.11 -22.3 -23.45
SE-Htm | 2.74 2.24 1.95 -38.04 -25.42 -26.84
SE-Nor | 1.59 1.37 1.35 -25.59 -3.8 -21.62
SE-Svb | 1.13 2.02 1.22 5.64 25.07 -24.24
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Table S4: The evapotranspiration (ET) root mean square error (RMSE) indicates the general model
approximations and the percent bias (PBIAS), demonstrating systematic bias of the models (Community Lanc
Model v5 (CLM5) omyrid-scale (CLM%iiq), CLM5 on PFT scale (CLMbr), from the European Center of Medium
Range Weather Forecasts Renalysis 5 Land (EIRAS!), the Global Land Surface Satellite (GLASS), and the
Global Land Evaporation Amsterdam Model (GLEAM)) to the observations. Each value corresponds to a group
of statims representing the same plant functional type (PFT; Evergreen Needleleaf Forest (ENF), Deciduous
Broadleaf Forest (DBF), Grasslands (GRA), and Croplands (CRQO)). The amount of data points (N) for each PFT
is also indicated.

PFT N CLM5gria | CLMS5prr | ERASL | GLASS | GLEAM
RMSE ENF 5038 |0.71 0.72 0.84 0.83 0.67
[mm day?] | DBF 1663 | 0.56 0.62 0.73 0.70 0.56
GRA 2859 |0.65 0.85 0.60 0.57 0.59
CRO 3690 |0.72 1.00 0.88 0.86 0.63
mean |3285 | 0.66 0.80 0.76 0.74 0.61
PBIAS ENF 5038 |-20.57 -15.42 21.86 13.32 15.43
[%0] DBF 1663 | -9.90 -0.54 44.55 29.74 16.24
GRA 2859 |-18.62 -13.94 3.14 2.63 241
CRO 3690 |-3.24 11.20 44.99 27.30 7.58
mean |3285 |-13.08 -4.68 28.64 18.25 10.42
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Table S5: The grosprimary production (GPP) root mean square error (RMSE) indicates the general model
approximation and the percent bias (PBIAS), demonstrating systematic bias of the models (Community Land Mode
v5 (CLM5) on gridscale (CLM%si¢), CLM5 on PFT scale (CLMbr), from the European Center of MediRange
Weather Forecasts Renalysis 5 Land (ERARd), the Global Land Surface Satellite (GLASS), and the Global
Land Evaporation Amsterdam Model (GLEAM)) to the observations. Each value corresponds to a groupsf statio
representing the same plant functional type (PFT: Evergreen Needleleaf Forest (ENF), Deciduous Broadleaf
Forest (DBF), Grasslands (GRA), and Croplands (CRO)). The amount of data points (N) for each PFT is also

indicated.

PFT N CLMS grid CLMS5 per GLASS

RMSE ENF 5976 2.25 2.44 1.75

[g Cday |DBF 2473 3.71 3.35 2.81

] GRA 2838 3.14 3.01 2.63
CRO 3607 3.85 4.21 3.55
mean | 3723.5 3.24 3.25 2.69

PBIAS ENF 5976 -26.00 -7.7 -14.53

[%0] DBF 2473 -38.88 -43.76 -24.51
GRA 2838 -30.73 -25.5 -21.34
CRO 3607 -14.99 -1.48 -6.29
mean 3723.5 -27.65 -19.61 -16.67
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Figure S1: In the left column are the yearly energy balance corrected evapotranspirati@or(le €volutions
averaged across stations belonging to one PFT (rows).dWerentiate the data source by color (ICOS
observations: blue, CLM&: red, CLM%rr: yellow, GLASS: green, ERAS5L: brown, GLEAM: purple). The
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probability density curves for all EGorr values from stations belonging to the selected PFT are imighe
column. Each row shows these plots for one PFT: Evergreen Needleleaf Forest (ENF), Deciduous Broadleaf Fores
(DBF), Grasslands (GRA), and Croplands (CRO).
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Grasslands (GRA), Croplands (CRO). The error bars are the standard errors of the respective moment, depending
on the sample size.
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Figure S3: In the left column are the yearly net ecosystem exchange (NEE) evolutions averaged across station
belonging to one PFT (rows). We differentiate the data source by color (ICOS observations: blugi«Qleld5
CLMb5eer: yellow, GLASS: green, ERAS5L: brown, GLEAM: purple). The probability density curves for all NEE
values from stations belonging to the selected PFT are in the right column. Each row shows these plots for one
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PFT: Evergreen Needleleaf Forest (ENF), Deciduous Broadleaf Forest (DBF), Grasslands (GRA), and Croplands
(CRO).
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Figure S4: The mean (a), variance (b), skewness (c), and excess kurtosis (d) of the NEE distributions (visualize
in Figure S3) from the models (coloraxis), as opposed to the corresponding values from observati@xssjx
aggregated for each PFT (maaktype): Evergreen Needleleaf Forest (ENF), Deciduous Broadleaf Forest (DBF),
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Grasslands (GRA), Croplands (CRO). The error bars are the standard errors of the respective moment, depending
on the sample size.
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CLMb5eer: yellow, GLASS: green, ERA5L: brown, GLEAM: purple). The probability density curves for all ER
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PFT: Evergreen Needleleaf Forest (ENF), Deciduous Broadleaf Forest (DBF), Grasslands (GRA), and Croplands
(CRO).
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Grasslands (GRA), Croplands (CRO). The error bars are the standard errors of the respective moment, depending
on the sample size.
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Figure S7: In the left column are the yearly Temperature (Temp) evolutions averaged across stations belonging tc
one PFT (rows). Wdifferentiate the data source by color (ICOS observations: blue, GliM®d, CLM%¢r

yellow, GLASS: green, ERAS5L: brown, GLEAM: purple). The probability density curves for all Temp values from
stations belonging to the selected PFT are in the right column. Each row shows these plots for one PFT: Evergreel
Needleleaf Forest (ENF), Decidu® Broadleaf Forest (DBF), Grasslands (GRA), and Croplands (CRO).
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Figure S8: The mean (a), variance (b), skewness (c), and excess kurtosis (d) of the Temp distributions (visualize
in Figure S7) from the models (coloraxis), as opposed to the corresponding values from observati@xssjx
aggregated for each PFT (maar type): Evergreen Needleleaf Forest (ENF), Deciduous Broadleaf Forest (DBF),
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Grasslands (GRA), Croplands (CRO). The error bars are the standard errors of the respective moment, depending
on the sample size.

Figure S9: In the left column are the yearly Precipitation (Precip) evolutions averaged across stations belonging
to one PFT (rows). We differentiate the data source by color (ICOS observations: blueyClréth CLMSeer:
yellow, GLASS: green, ERA5L: brown, GLEAM: purple). The probability density curves for all Precip values from
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