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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 Community

Land Model v5 (CLM5) quantify these fluxes;o-a+—++bute—t+o0—a better—under standi ng
ecosystems,—an@stimate the state of carbon budgets and water respurces contribute to a better
understanding of cl i mat ePaststudieshave shown theabilitytof GLM5 teemodet vy s t e ms
ET and GPP magnitudes well but emphasized systematic underestimations and lower variability than in the

observations.

Here, we evaluate the simulated ET and GPP from CLM5 at the grid scale ) B the planfunctional

type (PFT) scale (CLM&y) with observations from eddy covariance stations from the Integrated Carbon
Observation System (ICOS) over Europe. For most PFTs, GlMBd CLM%:r compared better to ICOS than
publicly available reanalysis data and estimates obtained from remote sensingerCEMEbited a low
systematic error in simulating the ET of the ICOS measurements (average Ha356f), implying that the
PFT-specific ET matches the magnitude of the observations closely. However sGlddBerely underestimates
GPP, especially in deciduous forests (bias4¥.76%).Furthermore, the simulated ET and GPP distribution

moments across PFTs in CLM5and CLM%gr and their reanalyzed and remotely sensed counterparts indicate

an_underestimated spatiotemporal variability compared to the observations acrossFEtteseere—the
) N . B o
: indi i i iabili i s Europe.

These results are essential insightsstodies usindurtherevaluations-i@LEM5-land surface modelsy pointing
to the limitations of CLM5 in simulating the spatiotemporal variability of ET and GPP across PFTs.

of

cl

mat e

c



40

45

50

55

60

65

1. Introduction

Ecosystem processes, such as evapotranspiration (ET) and gross primary production (GPP), play an important

role in cycling water, carbon, and energy between ecosystems and the atmosphere. Changes in the magnitude and

variability of these fluxes can indicatewreemeaisystemsod inhibited
environmentgKihn et al., 2021Migliavacca et al., 2091 These changes can lead to shern alterations and

long-term trends in water resources and carbon pools in the atmosphere and the land surface. Thus, the accurate

guantification of the variability of ecosystem processes is pivotal for developing climate change projections and

formulating effective mitigation policies-(iedlingstein et al., 202%raf et al., 2028

Notably, an accurate, functional understanding of land surface processes is essential to identify threatened
ecosystems in the present and the future and facilitate carbon budget calculations. Land surface models (LSMs)
serve as deterministic and procesbased simulators of ecosystems, capturing energy, water, and carbon fluxes
while considering their interactions and the heterogeneity of the land sufiaber(and Koven, 2020LSMs

can complement poirgcale observations from -Bitu research infrastructures by providing spatiotemporally
uniform and extensive higtesolution outputs. Their higtesolution procesbased simulations contrast the often
coarsely resolved remote sensing data. Hence, LSMs are frequently used tools for investigating and projecting the
current understanding of ecosystem processes, 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 simulated ET and 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 ecosystem responses. Recent studies already found discrepancies between LSM simulations of ET
and GPP and observations collected in the field and from remote sensing. For instance, these discrepancies are
evident in their magnitude and variabilitpé Pue et al., 202Boas et al., 2023Cheng et al., 2021Strebel et

al., 2023 and their response to droughtkkola 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 ecosystem process variability and identify the limitations affstegeart 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 ExchangeeM(@dABLE), employ a tiling

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

PFTs are defined based on morphological and phenological characteristics of the vegetation (e.g., leaf type and
leaf longevity) and climateBpnan et al., 2002 However, the usefulness of this PFT definition, or at least its
current coarsely resolved implementation, is a subject of deBatdafaru et al., 2015/an Bodegom et al.,

2012. The primary argument against it is that observed plant traits implemented -asI&Ed parameters vary

to some extent in space and time in response to a changing environment. This spatiotemporal dependence of PFT
traits is only marginally represented in LSMs. On top of that, most research assessing LSMs only used a handful
of observation sites and did not analyze aggregated values for groups of sites observing the same PFT. Such
analyses would provide essential insights, as a recent study highlighted the differences between vegetation type
concepts used in observation networks, e.g., the International GeoBpbsphere Programme (IGBP)
classification, and PFTs used in LSMs and underlined the importance of improving these PFT cOraelobs (

Page et al., 2024

The phenology of ecosystem processes, i.e., their seasonal cycles and evolution through the year and the growing
season length, have shifted in timing due to climate change. A recent study investigated which factors drive the
changes in the mean annual dynamics of ecosystem processes in Ralopeat{ et al., 2093 and many of

these discovered feedbacks, for instance, the effect of increased atmospheric dryness on growing season length,
are only implemented simplistically in LSMs. Furthermore, robust simulations of LSMs for impact assessments
become even more critical as ecosystems experience more disturbances along with the changing climate. For
example, projections show that droughts have recently become more frequent in Mardgped(et al., 2023

Rousi et al., 2022and that these extreme events will become even more frequent and severe in the future
(Lehner et al., 2097 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 impact on ecosystem processes in EGmgpet al., 2020Van Der Woude et al., 2023

Poppe Teranetal., 2023 Gi ven that the frequency and severity
distributions, investigating how the characteristics of the simulated distributions compare with the observed can

contextualize findings of modeled ecosystem drought responses in Europe.

One predominantly used LSM is the Community Land Model version 5 (CLM&yrénce et al., 2012018.
In the most recent version, CLM5 solves the biogeochemistry (BGC), i.e., the carbon and nitrogen cycles
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between the atmosphere, vegetation, and soil. CLM5 has been widely employed for quantifying and examining
ecosystems at various scales, including globa et al., 2020 Sitch et al., 2015Lawrence et al., 2039
regional Cheng et al., 202Boas et al., 2093and sitescale Gtrebel et al., 2023Jmair et al., 2020Song et al.,

202Q Fisher et al., 2019aapplications. Several studies have highlighted the ability of CLM5 to simulate
ecosystem processes close to the observatiWpgriiak et al., 2020Lawrence et al., 201Lheng et al., 2021

Zhang et al., 2023Boas et al., 2093 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 capture
comparability to point scale observations, we conducted-fgigblution simulations at 0.0275° (approx. 3 km)

resolution over the EuropeaBoordinated Regional Climate Downscaling Experim@@ORDEX) domain

(Giorgi et al., 2009 resulting in 1544 x 1592 grid cells. Notably, the output contained variables from the
subgridscale, i.e., from within a 3 km grid cell, for P&present in the grid cell. We then compared the CLM5
grid level (CLM&yiq) and PFT level data (CLM#by) to observations from a continental network of sites: The
Integrated Carbon Observation System (ICOS) provides the WWRNTER-2020 data \(Varm Winter 2020
Team and ICOS Ecosystem Thematic Centre, R0&Bich includes Eddy Covariance measurements over a
dense network of over 70 sites in Europevas named after and curated-sme-was-curated-named-afterand to
support research on the effect of the warm winfehe-year2020 ontheterrestrial carbon fluxesThese ICOS

data are regarded as the gold standard for calibrating and evaluating -pesexssnodels due to their ample
spatial coverage as a network encompassing diverse land cover types. Thus, it offers an excellent opportunity to
comprehensively assess simulated GPP and ET for specific PFT from our CLM5 setup over Europe.

Additionally, we include remote sensing data from the Global Land Surface Satellite (GLASS®) €t al.,
2021) and reanalyses from the European Center for Medamge Weather Forecasts Reanalysis L5nd
(ERASL, Copernicus Climate Change Servi2z819) as well as from the Global Land Evaporation Amsterdam
Model (GLEAM, Martens et al.2017) in our analyses to identify common patterns of ecosystem process

variability between CLMS5, irsitu observations, reanalysis, and remote sensing data.

In summary, this study uses ICOS observations as ground truthltdatalcompares them with grid and PFT
level CLM5 dataand terrestrial surface fluxes fra@analysesand remote sensing derivatives to:

ecosystem

pro



1. Compare performance indices (root mean square error and percent bias) between the models and ICOS
measurements on a pate and PFIgroup basis to assess the systematic error and accuracy of ET and
125 GPP simulations.
2. Investigate how the models represent the observed ET and GPP for different PFTs regarding their sub
annual averageghenolodes, theirstandardieviation and timing of important phenological evegtand
standard-deviations.

3. Evaluate the simulated”FT-level ET and GPP statistical distributions and their moments (mean,
130 variance, skewness, amccesskurtosis) to contextualize assessments of factors, like droughts, which
impact the shape of these distributions.
4. Compare the intesite differences betweeBT and GPPtime serieslifferences-ofvithin PFT-groupsed
stationsto estimate howihe observed intr®FT variabilityis represented in the modetstferent-PFF

specific ET-and-GRP-time-seres-are-inthe-models-and-the-observations.

135 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 bgtfiemmed analysis of the drought response of ET and GPP

from the models being assessed over Europe. We expect that:

1. There is a lower systematic bias, and the simulation is closer to the observations by the PFT scale than

the gridscale CLM5 outputs, remote sensing, and reanalysis data.

140 5.2. The remotely sensed and modeled data approximate critical events in the phenologies of ET and GPP

within the standard deviation of the ICOS measurements for sites of one PFT. However, this ability

varies between PFTs.

145 3. ﬂhe remotely sensed and modeled and GPPdata distributions show a lower rangeimong the
moments ef-variability—ef-ET-and-GPPvaluewithin and-aecrosgthe PFT groups than the ICOS

measurements. Commented [1]: Maybe this needs to be quantified
well? Not so difficult to calculate the difference betws
“ moments, e.g:ange of variance between ICOS and C
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2. Methods and Data
2.1. Community Land Model version 5

We use the CLM5L@awrence et al., 2012019, which isforced 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 in a single soil column. The vegetation is grouped into B#ilierfce and Chase,

2007, which are distinguished through leaf habit (evergreen or deciduous), morphology (needle and broad
leaves, grassand shrubs), and the bioclimate of the grid cell location (boreal, temperate, and tropgickd).

competition for soil moisture includes interactiemigr-among different PFTSs, this is closer to natural conditions

than separated soil columns and encourages evaluations on the PFHemlave use CLMBGC, which

calculates vertical carbon and nitrogen pools and fluxes between the vegetation, soil, and atmosphere. In the
following subsections, we briefly describe the essential processes in CLM5 that are particularly relevant to this
studyand as well athe input data and leading features of the European CLM5 setup.

2.1.1. Gross primary production and evapotranspiration

The stomatal conductance of plantg (@puples water exchange with carbon uptake between vegetation and the
atmosphere. In CLM5,sgs calculated by the Medlyn stomatal conductance mddietlyn et al., 201t

Q" p®p @

SIS
€4 o

Where g is the Medlyn intercept and defaults to £@@ol n? s?, and g is the Medlyn slope, a PF3pecific
parameter. D is the vapor pressure deficit indicating atmospheric water demandsahd €Q partial pressure

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

W W 5

0@ @
The calculation of A is adapted from Bonan et 201(})-ane-is It is based on the Farquhar modeafquhar et
al., 1980 and limited bythe photosynthetic capacity given hilge LUNA model Ali et al., 2016. It requires

knowledge of the gradient of G@oncentration from the outside to the inside of the leaf and neglects CO
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storage at the leaf surface.and ¢ are the leaf surface and internal partial.@@ssures, and is the stomatal
resistance, which is the inverse eflgurther, gand ¢are calculated.

O & p8id (©)]
pai  p& o 4)

S

&)

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. The equations for A,y and ¢ are computed iteratively until converges, using a hybrid
algorithm with the sec dawtencenast al.26)8TheaphatosyBthesisig séated tmthe h o d
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,
lake water, intercepted by the vegetation canopy, or can infiltrate the ground. The water in the ground percolates
through 20 soil layers and is stored, directly evaporatethken up by plant roots relative to their transpiration

demand. Hydraulic stress in a plant is calculated i

media flow Bonan et al., 2074

The transpiration flux T is calculated with the resultigijom above.

Q Q
i

®)

e is the HO vapor pressure at the leaf surface, arslthe saturation ¥D vapor pressure resulting from the leaf

temperaturelf T cannot meet the atmospheric water demand because of a soil moisture shortaglB&LM5

introduces water stress and attenuatdsaged on tht transpiration deficit factorThrough decreased,gvater

stress also regulatésephotosynthesis, A.

rdaihevapotranspiration is

then determined by summing the transpiration evaporation from vegetation interception, surface water, the

ground, and potentially snow.

2.1.2. Setup of the European CLM5

The Europeartoordinated Regional Climate Downscaling Experin{f@@RDEX{, Giorgi et al., 200pdomain

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

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

The simulations were forced by tR@nsortium for SmalScale Modeling COSMO Reanalysis 6Kollmeyer et

al., 2015 Wahl et al., 201y a6 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 reanalysis
(Bolimeyer et al., 2015 Using this forcing in highiesolution LSM simulations should lead to a more accurate
simulation of suksurface and surface hydrological fluxes, especially in regions with a relatively heterogeneous
land surface\Wahl 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
standard repositoryLéwrence et al., 2038 These data include land use information frétarft et al., 202))

PFT distribution maps fromLawrence and Chase, 200%oil texture from IGBP, 2000, and slope and
elevation taken fromHarth Resources Observation And Science (EROS) Center). 2017

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

the carbon pools and fluxes of carbon to a steady state before starting with production simulations-Ufhe spin
method consists of two steps. Firstly, an accelerated decomposition simulation step, where carbon pools are
artificially minimized. Secondly, a conventional simulation step, growing the carbon pools to the desired
equilibrium state. During both spup steps, 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
carbon fixed in the ecosystem between a selected year within the-lesarl@ycling period and the same year in

the previous cycling period.i&, is the total ecosystem carbon (including vegetation and soil) in the year y, and
Cioty-t is the complete ecosystem carbonintheyelary A grid cel |l 6s carbon pool s

following is fulfilled.

b
‘T PQAB wQWI (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.
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2. The change in continental ecosystem carbon across the continent is lower than 2 Tyf@ ylearthree

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 2¢ear (1995 until 2018) transient simulation starting with the initial
conditions established by the spip. We output the simulated variables from two model levels for the analyses.

1. CLM5ee: This is the model 0 s-relatedtstatesendriees gdiculdtionoUsingof veget ati on
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. For instance, when
comparing model data to ecosyst@vel measurements, CLM& 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 CLM5 data.
2. CLM5ygq: 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 functional
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 cell closest

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
observation network spanning 14 European countlié®$ RI, 202). Each station has at least one eddy
covariance measurement tower and incorporates a processing workflow following a standardized protocol. We
use the curated data, the WARMINTER-2020 data setWarm Winter 2020 Team and ICOS Ecosystem
Thematic Centre, 2022which consists of homogenized variable time series following the ONEFLUX data
pipeline @astorello et al., 2020 The ICOS WARMWINTER-2020 data has measurements of 73 stations

totaling over 800 statiogears(available years are statialependent)corresponding to multiple land cover types

(see Figure 1 for a map with the station locations and Table S1 for more informatiba available years per

10
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statior). Note that the land cover type indicated by the ICOS site metadata and represented in the measurements

refers to thepredominant PFT in théootprint of the eddycovariance station. We omitted the stations over

wetland and mixed forest land cover types to ensure a coherent analysis because no PFT counterpart is

implemented in CLMBer. Also, shrub PFTs were not included in our analyses because there were insufficient

shrubland sites in the ICOS data to support a robust evaluation. The analyses also excluded stations whose land

cover type was not included in metadata sites (e.g., DEBMR,

), leaving a total of 42 stations

[ Formatted: Hyperlink

for our analysesBecause 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 WARIWINTER-2020 data extracts daily time series for GPP, partitioned from

the net ecosystem exchange (NEE) using the -tigiet method and a dependence on a variable friction velocity

threshold (in g C day 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., 201Pastorello et al., 2020For the ET evaluation, we also extracted the gap

filled latent heat flux (W m, LE_F_MDS. Importantly, we verified our results by checking for inconsistencies

in the analysis of ICOS NEENEE_VUT_REF, ecosystem respiratiotRECO_NT_VUT_REF and energy

balance corrected latent heat fllwE( CORR.

The conversion of latent heat (W3ninto ET (mm day) is achieved by multiplying with the fact@.035,

assuming a constant enthalpy of vaporization decoupled from temperature because variable enthalpy has a

negligible effect on the overall outcome of the conversion.

Lastly, we use the leaf area ind@Al) from thelCOS Archive final quality data set (ETC L2 Archive). LAl is

measured bynly sparsly availablestarting 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 aboveE&F and CRO site§ herefore, we do not include the analysis in the

main textbut include these results only in the Supplementary Material for context of the main analyses of ET and

ET.
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2.2.2. Remote sensing and reanalysis data

To consider the CLM5 in the context of additional complementary data products, we include GPP data from the
Global Land Surface Satellite (GLASS, Liang et &021). The GLASS GPP product uses the Moderate
Resolution Imaging Spectroradiometer (MODIS) and Advanced Very-Regiolution Radiometer (AVHRR)
sensors and the revised Light Use Efficiency (LUE) modkeéefg 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 ammadgl ensemble (e.g., MODIS

ET, remote sensing PenmBionteith ET) to remote sensing information to estimataidy latent heat on a
0.05° grid. We convert latent heat to ,E86 described in Section 2.2dimilarly, MODIS-derivedGLASS LA
data(Ma and Liang 2022js used in this studytprovide context to the ET and GPP analyses (same 0.05° grid

and 8daily resolution).

Lastly, we useé.Al and ET reanalysis data for evaluation, which fuse observations and models. Namely, they are
the European Center for Medidrange Weather Forecasts ReanalysisL&nd product (ERAS5L, Copernicus
Climate Change Servic@19), which has a spatial resolution of 0.1° and hourly temporal resolution, and the
Global Land Evaporation Amsterdam Modeh(y ET, GLEAM version 3.5a, Martens et aq17), 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 and

interpolated to &laily means for 1995 2018. The ICOS observation time series are interpolated-dailg

means for each station whose data availability overlaps with our study pEhern. we extracted the CLMG,
GLASS, ERASL, and GLEAM data from the grid cell closest to the location of each selected ICOS station.
Further, we select the time series in CLdM% h a't coincides with tpreddminaptr i d
PFT. Importantly, we focus only on the four predominant PFTs representedentited COS stationnetwork:

Evergreen Needleleaf Forest (ENF), Deciduous Broadleaf Forest (DBF), Grasslands (GRA), and Croplands

(CRO), as outlined in Table_Einally, theperiods where station data is absent or of bad quality (determined by

the corresponding measurement or -fillipg quality flag in the ICOS datajis- are discarded from the

simulationsto ensure we are comparing the same set of conditions.

12
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Table 1: The predominantplant functional types (PFTs)in the_Integrated Carbon Observation
System(ICOS) WARM -WINTER -2020 observation datasethat correspond with the
International Geosphere Biosphere Programme (IGBP) Iand cover classifications the number of
corresponding sites, and the accordant PFTs ithe European Community Land Model v5

(CLM5) setup.

Number of

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

Needleleaf evergreen tredoreal
Deciduous Broadleaf forest | 8 Broadleaf deciduous trde
(DBF) tropical

Broadleaf deciduous trde

temperate

Broadleaf deciduous tréeboreal
Grasslands (GRA) 8 Cz arctic grass

Csgrass

Csgrass
Croplands (CRO) 8 Cz Unmanaged Rainfed Crop

Cz Unmanaged Irrigated Crop

The ICOS observations were also interpolated -ttaiy means, encompassing a time scale with significant
variability of ecosystem processé3e(Pue et al., 2023to match the coarsest time resolution of other s

(i.e., GLASS remote sensing) and thus to facilitate comparison of processes at the same scale. For a consistent
comparison, the analyses only account for time steps where valid values are present for all data sources. We
evaluate the data for each variable over each station and groups of stations with the same PFT.

14
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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 sarmaBy time step across years for each site and calculating the mean
and standard deviation of sipecific 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
exceskurtosis) are calculated. The distributions and their moments are based -olaisfl\&lues corresponding

to one PFT for each data source. The uncertainties of the distribution moments are calculated based on Harding et
al. (20149.

2.4.2. Shift of phenological events

The threeanalyzed phenological events of ET and GRRe start of the growing season, the peak, and the end of

the growing seasoinare determined for each PFT group and data source as the average DOY of the event among

the stdions and available years within that PFT group for each variable.-fihéy8time series of each variable
was first smoothed with B-dimensional-Gaussian-filtérdimensional Gaussian filtéo rule out potential errors
due to smalkcale 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 PFT and

data sourceThestart and the end of the growing season were deterrhindte mean DOY of the two infliction

points(Li et al. 2023; Lian et al. 2020; Whitcraft et al, 20D%)the smoothed yearly averaged evolution across
stations for each PFT and data souiidee shift of these events fisen-simply-the-difference-of- the-determined

mean—PFIspecific DOY-—of these—eventsimply the difference of the determined mean BB&cific DOY
between the models and the observations. As a neeasumncertainty of the mean PiSpecific DOY, we also

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

2.432. Performance metrics

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

15
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Where n is the number of time stepsi=¥ is the simulated value of the variable X at the time i, ang Xs the
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 analy@gh¥ interpolated-8aily mean.

Furthermore, we estimated the root mean square error (RMSE) to indicate model accuracy and the root mean
square difference (RMSD) to indicate similarity. RMSE and RMSD are calculated the same. However, the term

6errord assumes the truthfulness of the reference dat a. Hence,

between models.

YD "YO'YD YO J ®)

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-statipdrasis 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 following equation of error propagation:
YO™MO, 0 ,0 ¢, i (C)]

Wherello is the standard deviation of the observatigikds the standard deviation of the simulatiand r is the

Pearson correlation coefficient. The nmuwidiriate diagram can be constructed due to the geometric relationship

between these statistical indices through the law of cosines. Thereby, plotting the calculated Pearson correlation

against the standard deviation of the models and the observation on a trigonometric polar plane, the RMSE

manifests as the polauclideaftuclideandistance from the reference observatioVe calculate the standard

deviation and the Pearson correlation on the-gféliped stacketme-seriesime seriesand plot these for e for
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55 markerdéds size by 't toeesppridiagsburceé and FFB.I AS f or t he

L each data source on one Taylor diagram per PFT. We modify the default Taylor diagram by scaling each
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-3.1. Land surface representation
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Before evaluating the GPP and ET variables from CLM5 and how they are compared with observations, we first
assess if the PFT composition of thgtire 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,

370 drought responses, and trends strongly depend on the present vegetation type. In Figure 1 we observe that ENF,
the PFT of almost half of the present ICOS stations, represents only around a quarter of the corresponding
CLMb5giq area. DBF also covers a smaller share of the area in those grid cells than in the ICOS station network.
On the other hand, GRA and CRO are overrepresented in glhktBimpared to the share of respective ICOS
stations. Consequently, when comparing with the ICOS observations, the selected data frojxy Gatsl%re,

375 on average, overrepresenting the functionality of GRA and CRO and underrepresenting ENF and DBF, which
hampers the evaluation of CLMB with in-situ ET and GPP. Hence, we also included the respective M5
GPP 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 scales,
CLMygiiq and CLMber, and their approximation to the observations.

380 3.2. General model performance

This section presents model performance indiceselationRMSE and PBIASc o mpar i ng each model 6s ET and

GPP estimates with measurements from the ICOS sites. We compared the RMSE and PBIASsia basis
(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.

385 Table 2: The evapotranspiration (ET) root mean square error (RMSE) indicates the general
model approximation and the percent bias (PBIAS), demonstrating systematic bias to the
observations. Each value corresponds to a group of stations 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

390 indicated.

PFT N CLM5grid | CLM5prr | ERASL | GLASS | GLEAM
RMSE ENF 6784 |0.71 0.72 0.83 0.83 0.67
[mm day?] | DBF 2302 | 0.55 0.61 0.72 0.69 0.56

GRA 3745 | 0.65 0.86 0.59 0.57 0.59

CRO |4647 |0.7 0.99 0.86 0.84 0.61

20



4369.5| 0.65 0.80 0.75 0.73 0.61
PBIAS ENF 6784 |-21.24 -16.15 20.31 12.57 14.14
[%0] DBF 2302 |-9.96 -0.41 43.57 29.02 15.67
GRA 3745 |-18.62 -13.55 3.51 2.38 2.08
CRO | 4647 |-4.67 9.91 44.18 26.26 6.74
4369.5| -13.62 -5.05 27.89 17.56 9.66
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Figure 2: Modified Taylor diagrams with ICOS observaations of evapotranspiration as
reference (black markers) and showing model performances (by color: CLM&iq: red, CLM5 per:
yellow, GLASS: green, ERA5L: brown, GLEAM: purple). Each diagram shows these plots for
one plant functional type: Evergreen Needleleaf Forest (ENF, circles), Deciduous Broadleaf
Forest (DBF, triangles), Grasslands (GRA, squares), and Croplands (CRO, crosses). The
azimuth angle indicates thePearson correlation with the ICOS data, the radial distance is the
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standard deviation, and the semicircles centered at the reference standard deviation show the
root mean square error (RMSE). The size of each marker indicates the percent bias (PBIAS).
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Figure 1 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-dfaiyf tBne-steps that
went into the-ealedlation—otalculating these indices and their values. For ENF, all the models indicate a
correlation of around 0.8 with the ICOS observations, and GkMELM5per, and GLEAM have a similar
variability tharto ICOS. InFable 2—we-li heperformance-indicesfo and-the-nrumbedaih\8time-steps

i i Lldv5per has a higherbsoluteRMSE and a
lewersmaller absolut®BIAS than CLM%.q for ET across PFTs, except in CRO. Notably, the systematic bias in
CLMS5 is generally negative, with the same exception. On the other hand, ERASL, GLASS, and GLEAM exhibit
a general positive systematic bias for ET. ERASL and GLASS show more significant deviations from the ICOS
ET observations at ENF and DBF than Cld#band CLMyig but perform-simitarhandhave smaller RMSE
valuesat 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 same PFTBLM5per shows a substantially lower approximation of the observations

than CLM5%;iq and other models at GRA and CRO sites, with the maximum RMSE and lowest correlation to

ICOS among modeldhe low absolute PBIAS of CLMbr in reference to the observations is retained across all
selected PFTsThe low absolute PBIAS of CLMEr across all PEFand-the-lowercorrelation-than-the-other
modeldata-at GRA-anrd-CRO pointsat potentially missind, the lower correlation than the other model data at
GRA and CRO points to potentially missimy simplistic representations of ebgdrological processes or

management. Besides, all models approximate the ICOS ET observations fairly well, with correlations mostly
over 0.8, but wittpartly high systematic biases by ERA&L.DBF and CRO sites
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(RMSE) The size of each marker indicates the percent bias (PBIASjigure 2: Modified Taylor
diagrams with ICOS observaations of gross primary production as reference (black markers)
M30 and showing model performances (by color: CLM%i4: red, CLM5pe7: vellow, GLASS: green,
ERAS5L: brown, GLEAM: purple). Each diagram shows these plots for one plant functional
type: Evergreen Needleleaf Forest (ENF, circles), Deciduous Broadleaf Forest (DBF, triangles),
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‘ Grasslands (GRA, squares), and Croplands (CRO, crosses). The azimuth angle indicates the

pearsorPearson
435
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In Figure 3we show modified Taylor diagrams with the GPP performance indices of the models againstthe [ Formatted: Indent: Left: O cm, Hanging: 1,27 cm

ICOS observations for each of the selected Ffeble-3-shows-the-performance-indicesfor- GBP.

more specific information, Supplementary Table S5 lists the number of @R/ &ime- steps that went
440 into the-ealedlation-afalculatingthese indices and their valu€:-M5per-performed-betterthan-CEMG

measurements-across-al-RPFAR. models approximated the ICOS GPP Wgstvest RMSE)at ENF, and
445 the worst performance was at CRO sites. Furthermore, all models exhibit a negative, systematic bias in

simulating the observed GPP across all PFTs. Especially at DBF and GRA PFT gi& IOMM 5prr,
and GLASS show large systematic underestimations of the measurements-ChhadSnotably
smallew PBIAS related to the ICOS data for ENF and CRO sifspecially at CRO sites, all models
showcase comparatively low correlation values (<0.7). Whiledhelation is high (>0.75) for all

450 models at DBF and GRA sitesitespecially for CLM5erand GLASS at DBF site9(93 and 0.92), the

high PBIAS hints thamodeled data do not incorporate important processes or management practices that

cause to the high carbon uptake at DBF sites over the longBegause of the slowly evolving carbon

statessnin -the terrestrial ecosystems, the initial conditions of the carbon pools (e.g., soil organic matter,

carbon in plant organs in the vegetation) could be a cause for the difference in the magtite/d&R5 .
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455 3.3. PFT phenology and its variability
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Figure 5: Mean shifts in Efphenological events (the start of the growing season, peak, and the
470 end of the growing season) between the Integrated Carbon Observation System (ICOS)
observations (solid black line) and the models (by color: Community Land Model v5 (CLM5),
CLM5grid: red, CLM5PFT: yellow, Global Land Surface Satellite (GLASS): green, European
Center for MediunrRange Weather Forecasts Reanalysis 5 Land (ERA5L): brown, Global Land
Evaporation Amsterdam Model (GLEAM): purple), among sites belonging to one plant
475 functional type: Evergreen Needleleaf Forest (ENF), Deciduous Broadleaf Forest (DBF),
Grasslands (GRA), and Croplands (CRO). On taeig is the day of the year of the event.
Error bars in grey correspond to the standard deviation of the day of the event in the models
across sites of one plant functional type, and the error bars in black correspond to the standard
deviation 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
evolution of ET across PFTs and data sources (Figjarec, e, § We will analyze the ET mean and standard
deviation for each PFT sequentially. On average, the annual evolution of ET forg&Lans CLM%er

compares well to the ICOS measuremeants already hinted by the good correlation values in the previous

section They also capture the observed seasonal transitions between low winter ET and high summer ET well.
With—the—exception—d@ixcept for CRO sites, CLM&iq and CLM%er ET are slightly lower than the ICOS
observations throughout the year, but especially in summer (mean PBIAS.@8 and18.70%, respectively,

see Supplementary Table S4). ERA5L and GLASS overestimate ET at sites of alhteisT gredominantly in
the ENF and DBF siteand during summer (mean PBIAS of +28.64 and +18.25%, respectiVb/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 sitesnd largewvariation at ENF and GRA. Some specific aspects of this variation across sites

are captured best by CLM5: The bimodality of the intratation variation at GRA sites across the year (Figure

4 f) and the peak variability across stations at CRO sites in the second half of the year (Figure 4 h). This exhibits
the ability of CLM%¢r to differentiate ET betweestations and th®FTs better than CLM& and the other
models.The GLASS ETvariability across stations compares remarkably well to the observed across ENF at DBF
sites(Figure 4b and d).

Figure 5reveals the shift in themings of key phenological events based on ET (growing season start, summer

peak, and growing season end) between each model and the ICOS observations. Gendthlfy.and DBF

sites (Figure 5 a, b), all models show the earlier occurranceat CRO (Figure 5 d) they show a later occurrence

of these phenological events than the measureméhtd5er hasthe mean timing of the events within the

standard deviation of the ICOS timing across all PER-shews However, it shows substantial variability,

larger thanthe-observed in the event timingeross GRA sitesSimilarly, GLASS and CLM&iq show close

approximations to the observed timindmit simulate all these events significantharlier at DBF sites and
significantly later at CRO sites, with littkeariation in the timings across sitéthe ERA5SL and GLEAM data
exhibit a much earlier growing season start (24 and 20 ekyierrespectively and summer peak (16 and 12
days earlier, respectivelfhan observed by ICOS at GRA sites.
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3.3.2. GPP
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: Evergreen Needleleaf Forest (ENF),
Deciduous Broadleaf Forest (DBF), Grasslands (GRA), and Croplands (CRO)and across the
years (available years vary per station, see Supplentary Table S1)
60 ntegrated Carbon Observation System (I ) black
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and across the years

36



565

e CLMS5gig == CLMSppr mmGLASS

a) ENF b) DBF

Season start Peak Season end Season start Peak Season end

i ; | ; i
80 100 120

—_——
—_——
T M,

I
I
I
I
- 1 o 4
|
I
I
. 4
I
I I 1 1 I 1 1 I I I 1 1 ! 1 1 I
75 100 125 140 180 180 200 225 250 275 165 180 195 240 255 270 285
Day of year Day of year
<) GRA d) CRO
Season start Peak Season end Season start Peak Season end
[ [ [ [
11 Il 11 11
11 Il 11 Il
- I I _ I 11
Il Il Il Il
11 11 11 11
11 11 11 11
11 11 11 Il
- i1 i1 - 11 =g 11
Il Il Il Il
11 Il 11 Il
11 Il 11 11
- 14 14 - 14 14
Il Il Il Il
\ i L i [ i ! i i | i i i it i i i
75 100 125 160 180 200 240 255 270 285 60 80 100 120125 150 175 20@BO 210 240 270
Day of year Day of year

Integrated Carbon Observation Syste@ofnmunity Land Model v5 (CLM5), CLMfq: red, CLM%¢r: yellow,
Global Land Surface Satellit6&LASS): greestandard deviation of the

37



}570

75

580

585

590

595

The GPP values of all PFTs show a summer peak and a low period in winter @=gufée negative values
present in the ICOS measurements are caused by the processing of the measurements by ICOS and are, therefore,
not represented by CLM5 or GLASSgain, a general underestimation of observed GPP is shown across for all

PFTs (Figure 6 a, c, e, ), particularly during the summer months from all models.pGlsWdws larger GPP

than CLM5ig and, therefore, has a lower systematic bias (mean PBIAS across PFI% 6 and27.65%. see
Supplementary Table S5). GLASS GPP is closer to the ICOS GPP at ENF, DBF and GRA, and has the lowest
mean PBIAS across PFTs e16.67).The most substantial underestimations are at DBF during summer (Figure 6

c), where CLM3%iq and CLM%¢r have a PBIAS 0f38.88 and-43.76%, and GLASS24.52%.The GPP

variability across sites is, similarly to ET, lowest at DBF sitdgtably, GLASS remote sensing GPP

underestimates the variability among sites of one PFT substantially throughout the year at GRA and CRO sites

(Figure f, h).The observed variability dynamics across the year, e.g. the bimodality at GRA sites GHigtinat

was also visible for ET, is captured best by CleM5However, all models do not capture the behavior of CRO

GPP intersite variability (Figure 6 h)This supports the suigon of the influence of management and missing

processes in CRO in the models, possibly concerning the timings of planting, fertilizing, and hatlrestiogs

as cause of these mismatch€se overall negative systematic bias in the models points at potentially missing

sensitivities or lower levels 0é.9., to atmospheric CO2 and VPD that hbeen recently found to increase the

wateruse efficiency and carbon assimilation (Poppe Terén et al. 2023; Friedlingstein et al. 2023).

Shifts in phenological events between the observations and the models are already noticeable in Figure 6, but are

quantified and visualized in detail in FigureCL.M5per and CLM%;ig predominantly simulate the timing of these

events within the standard deviatiaoross ICOS stations for each PETthe GLASS GPP data, the events are

more shifted from the measurements, most notably at DBF sites (16 days earlier growing season start and 11 days

earlier summer peak) and at CRO sites (22 days belated peak and 45 days belatédecgtbwing season).
Generally, also in both CLM5 scales the shifts to the ICOS observations were largest iSiQRD.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 ENFhagefndings

confirm the ability of CLM%er to approximate PEEpecific variatiorof ecosystem processes, but the contrasting

results of the model performance indices will be furtlkerewedin the Discussion section
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-3.4. Statistical distributions
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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 the

655 observationsGenerally, the models approximate well the shape of the distributions (Figure 8), with a pronounced
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peak in occurrence of positive ET values close) tthat represent low winter values across all PFTs and,

moreover, the slowly decreasing frequency of valuesids the high ET summer values, which is evidently

more variable among the models. The variability of the summer peak magnitude (see previous section) among

stations of the same PFT cause the ICOS and CLMS5 ET distributions to have an only slightly 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 variability of the summer

peak magnitude among these stations, which misrepresents the observed high variation in ICOS.

The moments of these distributions give more insights on their specific charactefistiber, differences in

moments between the observations and the models can yigbdrtant information on potential

misrepresentations (Figure 9). For example, a differing mean between ICOS and a model pgeneat shift

in the distribution, specifically its center of ma$serefore, we confirm a shift of ET distributions of ERA5L,

GLASS and GLEAM towards higher values for all PFTs in reference to ICOS. Gllebd CLM%er have

lower means, except for CLM& at CRO.The second moment, the varianag&@prms about the variability of

values. Notably, GLEAM data underestimate and GLASS data overestimate the observeldwafiaii at all

PFTs CLMb5ger has a broad range of variability acsd8FTs, which corresponeell with ICOS observations,

while CLM5giq and the other models show a very similar level of variability independent of theARRTodels

agree with the observed positive sign of the skewness (indicating a longer right tail ottiteeitobn) for all

PFTs.And while all the modelsimulate a platykurtic (negative excess kurtosis, pronounced relative tailedness)

characteristic of the distributions across PHTES show leptokurtic (positive excess kurtosis, less pronounced

tails and more pmounced peak) behavior at ENF and CRO skes.r t her mor e |

the

vari

ati

skewnesses and kurtosesafis ranges for each color in Figure 9 ¢ and d) across the PFTs are considerably

lower than the observed ranges (correspondiagis ranges)All together, these findings showcase the ability of

CLMb5perto model intraand interPFT ET variance better than the other considered models on the one hand, but

shortcanings of all the considered modelsrapresent the variation ¢tie extreme ends of the ET distributions

across all PFTs.
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3.4.2. GPP
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We continue to delineate the results of the same analyses for the GPP distributions and their (Rmments
10)._ The frequency peaks at the low GPP values, which correspond to the base winter GPP are overestimated by

all models at ENF, DBF and GRAhis could partly be explained by the presence of negative GPP values in the

49



760

765

770

775

780

785

ICOS data, whicls-netrepresented-by-the-medbis models do not represeBYy definition, there is naegative
GPR-but-theseHowever, thesaegative values are given through the uncertainty range of the NEE partitioning

method and are retained in the analysis to pres the partitioning distributiofReichstein et al. 2012, Pastorello
et al. 2020).This is probablyrelated tothe-underestimation-ohderestimatindhe observed winter GPP in ENF
and GRA sitesseen inFigure-igure 6 a and eAnother striking finding ishatthe missing occurrence of the

highest observed GPP values in the medelallPFTs, but most noticeable at DBF sitatere the upper half

range of GPP values (>12 g C dawrds not represented in any mod@&he overrepresentenid-range GPP

values and the partly pronounced second modes in theamigt GPP values across PFTs are posséiged by

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

The lower means of GPP from the models for each PFT in Figure 11 a showefrence—to-the 1COS
measurementdepictthe a shiftof the distribution toward®wer valuesn reference to the ICOS measurements

Similarly, for all models across all PFTs, tlwederestimated GPP variance indicatdéswer spread of the PFT

distributions than in ICOSNhile models agree on the positive skewness of the GPP distribution (skewed to the

left), the largest skewness at CRO sites is not well represented by all the models. stinédly fo 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 to thiner PFTs, as seen in the observatigxmoss PFTsand for all

models, the rangespanned by the intfBFT distribution moments are smaller than the observed. Most strikingly
the GPP variance range acr&¥sT swhich-is—ameng-therodels;, which is, among the models, tla@gest from
CLM5per (between 8 g C dayand 12 g C daj), is much smaller thaim ICOS (11 g C dayto 27 g C day).

This suggestuggestshat the models do not simulate GPP differently enough between the PFT grotipusys.

model developmenénrdiennd parameter optimization studies th@itasaim to improve these representations

should focus on enhancing the variability at DBF.
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-3.5. The inter-site similarity of PFT groups

To support the interpretations of our findings, we quantify the similarity of ET and GPP across sites of the same

45 PFT and compare the differencgfibetweerthe models to the observatiohs this section, welelineatanalyze

the mean RMSD of each PFT per ET and GPP data sources. A low RMSD indicates that the stations

corresponding to one PFT are similar, while a high RMSD hints at aegiiaérsity 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 a particular PFT in the observations and models. The standard deviation of the RMSD for
850 each PFT gives information on the spread of the-giterRMSDs within the PFT group around that mean.
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Observation System (ICOS): black, Community Land Model v5 (CLM5), CLM5yiq4: red,

CLM5 per: vellow, Global Land Surface Satellite (GLASS): green, European Center for Medium
Range Weather Forecasts Reanalysis 5 Land (ERA5L): brown, Global Land Evaporation
Amsterdam Model (GLEAM): purple),

Figure 812 shows that CLM&iq_and GLEAM hashavea lower difference in the ET timgeries between the

corresponding sites for all PFT than ICOS. Glvhas a lower mean RMSD than CLM&among ENF and

DBF sites. Both CLMBer and CLM&5iq underestimate the observed diversity of ET at ENF and DBF sites.

Interestingly, the variation of ERA5L and GLASS ET time series for ENF is higher than obsandthey also

show the most significant variation of RMSD. Meanwhi |l e, DBF&ds mean
ICOS. CLM%¢rshows a higher diversity of ET between GRA sites and CRO sites than L Vse CLMSer

surpasses the observed mean RMSD for the GRA RiFfilighting the potential to simulate GRA sites variably

All other models underestimate it slightly (CLM& ERAS5L) or more pronouncedly (GLASS, GLEAM).

Particularly at CRO sites, the ET RMSD of CLMbis 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 standard deviation) for
all data sources:The RSMD in ET between stations is lower for Clgdsand GLEAM than for ICOS for all
PFTs.
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Observation System: black, Community Land Model v5 (CLM5), CLM5yig: red, CLMS5 per:
yellow, Global Land Surface Satellite (GLASS): green)

Figure913 shows that for GPP, the models generally have a lower mean RSMD than ICOS across stations for all
885 PFT, except for CLM&iqs at DBF. CLM%rt has a more diversely simulated ET across ENF, GRA, and CRO sites
than CLM5;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 CLg¥, CLM5per, and GLASS indicate similar
RSMDs for those PFTs. Especially CLMbshows a constant withiBFT variability of around 1.5 g C day
890 independent of the PFT. Higher mean GPP RMSD values also come with a higher standard dewéton.
results hint ab complex relationship of variability representation within the PFTs. The higher RMSE values of

CLM5eer in the general model performance analysis (Section 3.2) suggest that the variation across sites of one

PFT seen here does not directly translate to a better model performance. Apart from the magnitude of the

variability, its accurate and proportionate timing is pivotalsieenhanced model performance.

895 «

[ Formatted: Normal
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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@hé15
systematic error in simulating ET is lower than all other evaluated data sets. For GPP, we found that CLM5
and CLM%er performed worse than GLASS data, indicated by a larger PBIAS and larger RMSE. Surprisingly,
CLMb5per generally had a higher RMSE than Clbut, 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. CkMbetter captured the PFSpecific mean and standard deviation

of the ET and GPP annual dynamics than ClM3he reanalyses, and remote sensing data. The GPP and ET
distributions analysis showed underestimations of their observed variability for all models g LGAM5per,

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 to
the systematic errors in the simulations. For instance, EC measurements neglect the energy from large eddies. To
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 closendrgy imbalance.
Simulated ET underestimates &to a greater degree than the rmrected ICOS ET (Figure S1, Figure S2),
therefore suggesting a higher systematic error than in the analysis -cbmected 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 underlying uncertainty stemming from potentially unfulfilled
assumptions that propagate to the GPP and ER variables in the ICOS data. So, we also ensured that our results
remained consistent by evaluating the 4pantitioned NEE and the ER variables (Figure S3, Figure 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 robust results by applying the ICOS quality flags and comparing
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these additional 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 Bowamgratio (

et al., 2020 Eshonkulov et al., 201Chu et al., 2021 Therefore, we encourage the development and use of
novel and more accurate energy balance closure methbdgd et al., 2024 Furthermore, dropping bagliality

gapill data from the ET and GPP time series might introduce a bias that underrepresents periods of low friction
velocity and atmospheric inversion conditions. Lastly, based on the geographical distribution of the ICOS station
network, the results might misrepresent Southern and Eastern Europe aratideanid arid hydre@limates

(Figure 1 read-alsalso readOhnemus et al. 2034Those 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 European CLM5 and the station

observations might introduce deviation into our analyses that could hamper interpretations of our results

regarding the model functionality. While the hig¢solution forcing data already includes information from

observations through data assimilation, particular locations and 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 model to the

observations. Furthermore, the probability and potential influence of including a bias from the forcing of a single

location is lowered by considering multiple sites in the performance and statistics of the PFTs. Nevertheless, we

assessed the meteorological variables from the COSMO Reanalysis 6 (temperature, shortwave incoming

radiation, precipitation, relative humidity) with the ICOS station data to scrutinize potential errors arising from

the forcing. We used the same approach as for the GPP and ET evaluation (FigufégBie S14). We

di scovered that the forcing variablesd average yearly dynamics and
well. More minor yet notable misrepresentations include underestimations of shortwave downward radiation and

precipitation in summer and relative humidity over GRA and CRO sites throughout the year compared to the

measur ements. This could explain some of our analysesd ET and GPP u
mean and variance across the PFTs and their ranking are represented reasonably well for all forcing variables, as

opposed to our results with GPP and ET. Furthermore, the skewnessx@sbkurtosis of the forcing

temperature and shortwave downward radiation compare well to the ones from ICOS, indicatingtalelig

distributions between the COSMO Reanalysis 6 and the observations. However, in particular, thdebigleer
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moments of the distribution are not well simulated 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 with perturbed forcings, are required to fully capture the
uncertainty introduced into CLM5, but 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, contributing to the evaporation from the soil, an essential ET component. Further, the soil

texture wildl influence root water wuptake i f vegetation is present i
transpiration, another critical ET component. Further, ET is regulated by the available energy, which is

determined by how the canopy, the elevation, and the 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 the simulation of the PdpEcific ET and GPP distributions.

Lastly, particularly for CLM%i4, GLASS, GLEAM, and ERAS5L, 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 the

calculation of ET and GPP. Consequently, if the grid cells corresponding to ICOS stations are dominated by

PFTs that do not comply with the stationsé footprints, the simul a
negatively affected. Importantly, this does not apply to the GiMBecause we could select the data that

belongs to the adequate PFT. Therefore, interpretations of our results relating directly to vegetation functions

implemented in CLM5 are here primarily focusing on the CkMB8ata.

The initial conditions of the carbon cycle, most notably the size of the soil and vegetation carbon pools, are
another source of uncertainty. Essentially, our-sipirand production simulations were restricted to the years
where the highresolution forcing was available (19952018). The spitup simulations, therefore, recycle
atmospheric forcings for a substantial period, which we also used in the production simulations. Hence, the
production simulations adopted the equilibrium state (incoming carbon equals outgoing carbon) required to
conclude the sphup. However, in natural conditions, there was no carbon equilibrium in the simulated years.
Instead, the carbon cycle experiences dynamic changes, such aseriongends resulting from changing
environmental conditions. Many European ecosystems exhibited a net carbon uptake, thus acting as a carbon sink
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(Pilli et al., 2017 Winkler et al., 2028 measured in ICOS accordingly. The negative {@rgn mean NEE
indicates carbon sources, which is evident across all PFTs in the EC observations (Figure S4 a). On the other
hand, the simulations show a NEE close to zero for all PFTs, directly showing the effect of 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 carbon equilibrium in our results. Future work will conduct a more comprehensiwgpspitder conditions

closer to a realorld carbon equilibrium (the 1950s or earlier) and a transition run before the production
simulations to capture the dynamic trends of the land surface processes. Possibly, the bias 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 CLMS5eer showed a smaller systematic error than GkiMor 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#&r 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 Gi=Mare not closer to observations than ClgM%or any PFT, but
CLM5eer generally approximates the ET sum over time better than GluN&8 ENF, DBF, and CRO. However,

it is also clear that, on average, the phenology of Gl=MS closer to the observed than CLj5 for instance,

for both ET and GPP at DBF and GRA sitestthermore, the timings of the phenological events in Cidvire

most often closer to the observed than in CkiMS3mportantly, critical PFIspecific characteristics, likéhe

timngofDBF&6s steep spring GPP i nguamddhs iatesiteavariability of ETyandc apt ur ed by
GPP throughout a standard year. This discrepancy between the evaluation metrics and the vegetation phenology

suggests that CLMbr could better capture the P{pecific 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 averaged PF3pecific comparisons (the phenology and the distribution moments) compare better with ICOS

CL M5

than CLM%;ie. Further evidence for this explanation is that ClMSenerally captures more variability (higher [Formatted: Subscript

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, which is closer to the observed

variability, can petentialh-improve the represented variability in CLMb if the suitable variation can be
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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 parametBekdr et al., 2022Birch et al., 2021
Cheng et al., 202Dagon et al., 202Meng et al., 202IFisher et al., 2019b

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

et al., 2023Strebel et al., 202Fheng 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 during
summer Dagon et al., 2020 However, optimal parameters might vary from site to site €t al., 2015 even if

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

Van Bodegom et al., 201Kattge et al., 201)1

Given the hydraulic role of vegetation leaves in controlling transpiration, there is a tight relationship between ET,
GPP, and LAIIn CLM5-BGC, the assimilated carbon by GPP gets further partitione@dpiration and the
carbon storage in the plant organs, i.e., leaves,, rantssters. Furthermore, hie leafcarbon then controlthe

development and state of the vegetation leaves and, thus, the LAI. On the other hand, LAl controls GPP by

determining the upscaling factors from lgdfotosynthesiso the canopytherebydriving canopy conductance.

Unfortunately,no largescale LAl insitu measurementand no CLM5ger simulated LAl are available, and

comparisos between CLM&is LAl and reanalysis or remote sensing LAI suffer from known biases ilattee

and vield no further context on our evaluation based on ground truth infonm¥f® adhered tan LAI

evaluation of CLM5 with sparseut g/stematic ICOS measuremenERASL reanalysisand GLASS based on

MODIS (Supplementary Figure S13otably, the ICOS LAl measurements are onfvailable for two years of
the study period (2017 to 2018) and are limited to ENF and CRO Ssitiktionally, LAl measurements'
expensive and timmtensive natureestricts thetime resolution to a few measurement points per y&ara

result, the data points for comparison are few, and the uncertaangitsrger (noticeable larger error bars in

Supplementary Figure S1%nother caeat is the potential mismatch of the land surface representation between

the EC tower footprinfET and GPP measuremenésd the area covered by the LAl measurement campaigns.

However,some key findings from this analysis are still robust. For example, all modelstowated Al at ENF

and CRO site$Supplementary Figure 14 a), contrastihg results of GPP and EThe variance in ENF sites is
66




J muchmore significanin GLASS and ERASL than in CLMju, which is closesto the observations. The higher
040 order moments are more uncertain because of the small number of data points. The caesakingspecially

between the LAl and GPP PHavel averagessuggest thaprocesses angarameters connecting the assimilated

carbon to the leaf arealepending on the environmental conditions, must be revisitedever, we make an

even stronger case for systematic, k@gn and highresolution LAl insitu measuremeni$or example using

drones(Bates et al. 202)) which would support a more robust and diverse evaluation d@rtidations of this

1045 essential variable
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4.3. Inter-site similarity of PET groups

For all modelCLM5gyiq, CLM5per, ERASL, GLASS, GLEAM), the distributions of ET and GPP across PFTs
are very similar, which is not the case for the observations. This is especially true for their variantesir(i.e.

spread around the mean) but also notable for the means, skewnesses, and kurtoses. We expegteth CLM5

show more significant variability than CLM#& 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. While:CLM5

shows a more extensive range of variation of ET and GPP across PFTs thagidCEHRBSL, 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 different fiorCLM

GRA and CRO as in the observations (Figure 12). However, the ET differences across sites with the same PFT

were underestimated at ENF and DBF. GPP differences across sites with the same PFTs were underestimated for

all PFTs (Figure 13). This suggests the missed variance could mainly stem from missed PFT intesii@ inter

differences or unresolved differences in -sipecific abiotic conditions (e.g., soil depth and texture). Possibly,

this could not be improved through optimization of P¥pEcific parameters, as these sites would still share the

same set of parameters. An enhanced 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 space and time.

-4.4. Data requirements

As outlined above, beyond parameter optimizations, a comprehensive implementation of functional ecosystem
diversity could significantly improve the LSM simulation outputs regarding multiple aspects of their
distributions. This could introduce a statethe-art understanding of vegetation function into LSMs, which is
essential to evaluate different theories of plan trait evolution and their effect on current and future energy, water,
and carbon cycles.

In that light, we encourage sites to-looate research infrastructuresSugter et al., 2023 like ICOS and the
Integrated European Loderm Ecosystem, critical zone, and see@wlogical Research Infrastructure (eLTFER
RI). Thereby, sites cover additional observation spheres like biodiversity (e.g., functional diversity of plants) and
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socioecology (through forest and crop management and driving land use change) and establish a strong base for
studies to increase the understanding of the whole systéme(nus et al., 202Mirtl et al., 2018 Mirtl et al.,

2021 Baatz et al., 2098 Further, this would promote largeale observations needed to introduce more trait
variability into LSMs. Lastly, combining LSMs and these holistic observations by data assimilation, going
beyond decoupled modeling efforBlgom et al., 202Dand resulting in an ecosystem reanalyBiaafz et al.,

2027, would provide essentiakxplicit and accuratepecific 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,

plant water stress might occur due to different magnitudes of water deficit in theasdilon—different
aggregation-time-seales-and-with different aggregation time scales, and wittadable lag to the water deficit.
A future study will investigate the PFScale drought responses from the model and how the drought propagates

through the ectnydrological sphere and compare it to the observations. However, drought frequency, duration
versienadiyity affects the shapes
of the distribution of the precipitation and, eventuatlye ecosystem processes. Thus, we discuss possible

insights to to their drought responses briefly.

Importantly, the skewness and excess kurtosis moments, which inform about the characteristics of the distribution

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 their frequency, 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 c and d), specifically a

significantly lower skewness and excess kurtosis at ENF and DBF sites. A lower positive skewness than the

observations means that the distribution is less skewed towards lower values, and a lower positive excess kurtosis

than the observations indicates generally larger tailsossible interpretation of these differences in the

distribution moments is that th@tmospheric forcingshow more frequenionger, and more severe extreme

precipitation eventswhile the ICOS measurements are more concentrated around their Wieds. the

propagation of these extreme events could be complex@mlihear, wegenerallyfound the same observation

(lower skewness and smaller absolute excess kurtosis) fairthdated distributions of ET and GPP for almost
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120 all models and PFTs (Figures 9 c and d and 11 ¢ and d), suggesting a nubneldiienshipHowever,because

of the possible nofinearity and the influence of other factors, the detailed relationship between these findings

and the ability of CLM5 to simulatecosystem drought responses must be examined in future studies. In any

case, th missing accuracy in representing higher distribution moments in the atmospheric forcings and in land

surfacemodelsmust be considered 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 resolved
Community Land Model v5 (CLM5) set up over the European CORDEX domain. We differentiate the model
outputs between the grid scale (CLM® and the plant functional type scale (CLMH and compare them with

ICOS station data as ground truth data. Furthermore, we compare with ET and GPP from remote sensing derived
data from the Global Land Surface Satellite (GLASS) and reanalysis products such as the European Centre for
MediumRange Weather Forecast ReanalysisLand (ERA5L) and the Global Land Evaporation Amsterdam
Model (GLEAM). CLM5yi¢ and CLM%er exhibit promising skills in approximating the observations and often
perform better than ERA5L, GLASS, and GLEAM. CLMbshowed a lower systematic bias (lower percent

bias) but approximated the ICOS observations generally worse (larger root mean square error) tham CLM5
(Fable-Figures 2_and—Fable 3_and Supplementary Tables S4 and).SET and GPP are systematically
underestimated for both model scales across all PFTs throughout the year. Especially during summer at DBF
sites, GPP is substantially lower for CLMpand CLM&5;iq than for ICOS observations (Figure 2, Figure 3).

Essentially, CLMBsr and, to a greater degree, CLMb ERA5L, GLEAM, and GLASS show 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 square
difference between sites of one PFT group suggests that &4.M&d more surprisingly, CLMbgr, simulate

GPP and ET more similarly across PFTs than the ICOS measurements.

Further studies should investigate whether optimizing parameters in &£tMh 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 GPP dynamics using the evaluated data.
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Supplement

Table S1: A list of ICOS stations, their land cover, their coordinatesyears of data availability
that overlap with our study period (19951 2018),the coordinates of the corresponding grid cell
of the 3 km EuropeanCoordinated Regional Climate Downscaling Experimen{CORDEX) -grid
used in our simulations, and their number of 8daily data points available for our analyses for
evapotranspiration (ET) and gross primary production (GPP). Note that stations that do not
belong tothe plant functional types (PFT) of evergreen needleleaf forestENF), deciduous
broadleaf forest (DBF), grasslands GRA), and croplands (CRO) were omitted, and some
included sites did not have data corresponding with the study periogt995-20618) thus having a
count of 0 data points. See Section 2.2.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 563608 | 670
1 2018
BE-Dor | Belgium GR |[50.3 |4.97 | 20111 50.31 4.96 0 270
A 1 2018
BE-Lcr | Belgium DBF | 51.1 | 3.85 51.10 |385 |0 0
1
BE-Lon | Belgium CR |50.5 | 4.75 | 20041 50.57 |4.76 440619 | 476
(¢} 5 2018
CH-Cha | Switzerland GR |47.2 |8.41 | 20051 47.21 |8.43 38&423 | 459
A 1 2018
CH-Dav | Switzerland | ENF | 46.8 | 9.86 | 1997i 46.80 |[9.84 |546578 | 866
2 2018
CH-Fru | Switzerland GR |47.1 | 8.54 | 20051 47.11 | 853 260284 | 447
A 2 2018
CH-Oe2 | Switzerland | CR |47.2 | 7.73 | 20041 4728 |[7.72 |0 592
(¢} 9 2018
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CZ-BK1 | Czech ENF | 49.5 | 18.5 | 20041 49.50 |18.54 | 140146 | 389
Republic 0 4 2018
CZ-Lnz | Czech DBF | 48.6 | 16.9 | 20151 48.67 16.95 |0 145
Republic 8 5 2018
DE-Geb | Germany CR |[51.1 |10.9 | 20011 51.10 |10.93 | 797824 | 638
] 0 1 2020
DE-Gri | Germany GR |[50.9 |13.5 | 20011 50.95 |13.49 | 59873 | 492
A 5 1 2018
DE-Hai | Germany DBF | 51.0 | 10.4 | 20001 51.07 10.45 | 754813 | 548
8 5 2018
DE- Germany DBF | 52.0 | 11.2 | 20151 52.09 11.23 | 178184 | 113
HoH 9 2 2018
DE-Kli | Germany CR |50.8 | 13.5 | 20041 50.90 |13.54 |404481 | 450
O 9 2 2018
DE- Germany GR |50.6 |6.30 | 20111 50.62 |6.28 |321336 | 309
RuR A 2 2018
DE-RuS | Germany CR [50.8 | 6.45 | 20111 50.86 6.44 23285 | 224
o 7 2018
DE- Germany ENF | 50.5 | 6.33 | 20121 50.51 |6.31 0 125
Ruw 0 2018
DE-Tha | Germany ENF | 50.9 | 13.5 | 19961 50.96 |13.58 | 935101 | 888
6 7 2018 2
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 | 37437 | 882
9 4 2018
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Fl-Hyy | Finland ENF | 61.8 | 24.2 | 19961 61.86 |24.29 |3+435 | 812
5 9 2018
Fl-Ken | Finland ENF | 67.9 | 24.2 | 2018 6799 |24.23 |0 18
9 4
Fi-Let | Finland ENF | 60.6 | 23.9 | 20091 60.63 |23.96 | 344412 | 254
4 6 2018
FI-Var | Finland ENF | 67.7 | 29.6 | 20161 67.76 |29.63 | +19135 | 133
5 1 2018
FR-Aur | France CR |435 [1.11 | 20051 43.54 1.12 38A70 | 483
) 5 2018
FR-BIl France ENF | 44.4 | -0.96 | 20141 4450 |-0.98 |18803 |144
9 2020
FR-FBn | France ENF | 43.2 | 5.68 | 20081 43.25 5.69 0 358
4 2018
FR-Fon | France DBF | 48.4 | 2.78 | 20051 48.47 | 2.80 0 566
8 2018
FR-Gri | France CR |[48.8 | 1.95 | 20041 48.86 |1.95 |397%63 |313
o 4 2018
FR-Hes | France DBF | 48.6 | 7.06 | 20141 48.67 | 7.05 224229 | 219
7 2018
FR-Lam | France CR |43.5 | 1.24 | 20051 43.51 1.25 4395648 | 431
) 0 2018
FR-Tou | France GR |43.5 |1.37 | 2018 43.58 1.38 4546 28
A 7
IT-BFt Italy DBF | 45.2 | 10.7 45.21 10.75 | O 0
0 4
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IT-MBo | ltaly GR |46.0 |11.0 | 20031 46.00 |11.04 | 554616 | 582
A 1 5 2018

IT-Ren | ltaly ENF | 46.5 | 11.4 | 19991 46.58 |11.44 | 466531 | 525
9 3 2018

IT-SR2 | ltaly ENF | 43.7 | 10.2 | 20131 43.74 |10.31 | 23855 | 214
3 9 2018

IT-Tor | ltaly GR |45.8 | 7.58 | 20081 45.85 |7.57 |333481 | 251
A 4 2018

RU-Fy2 | Russia ENF | 56.4 | 32.9 | 20151 56.46 |32.89 | 146156 | 138
5 0 2018

SE-Htm | Sweden ENF | 56.1 | 13.4 | 20151 56.10 |13.42 | 17177 | 152
0 2 2018

SE-Nor | Sweden ENF | 60.0 | 17.4 | 20141 60.09 |17.50 | 21229 | 181
9 8 2018

SE-Svb | Sweden ENF | 64.2 | 19.7 | 20141 64.26 |19.77 | 138161 | 109
6 7 2018

Table S2: Theroot mean square error RMSE) and percent bias PBIAS) for model
evapotranspiration (ET) in relation to the_Integrated Carbon Observation System {COS)

. . . - [Formatted: Font: 9 pt
observations. Stations from ICOS that did not belong t@lant functional types (PFTs) of [ - -
evergreen needleleaf forestENF), broadleaf deciduous forest DBF), croplands (CRO), or Formatted: Font: 9 pt
grasslands GRA) or did not have overlapping periods were omitted. See Section 2.4.2. For the [Formatted: Font: 9 pt
amount of data points per station used for the calculations, see Table S1. [Formaﬁed: Font: 9 pt

ET RMSE [mm day?] ET PBIAS [%] [Formatted: ———

CLM5gig | CLM5per | ERASL | GLASS [ GLEAM | CLM5gis | CLM5per | ERASL | GLASS [ GLEAM [Formaﬁed: Font: 9 pt
BE-Bra 103.3 [Formatted: Font: 9 pt

[Formatted: Font: 9 pt
0.546:5|1 051655 | 1.1 | 1.1%:1 | 0.6%5- | 20.52 | 22.423. | 1627 | 86.18 | 53.9% [F PO
ormatted: Font:9p

3 2 1 2 65 1_1_8 28 4 6_9 3_5_1 [Formatted: Font: 9 pt

[Formatted: Font: 9 pt
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BE-Lon | 06706 0.828 12,76 [ 243R 19.712 { Formatted: Font: 9 pt
5 9 92 83 48 344 431 631

CH-Cha { Formatted: Font: 9 pt

0.859-8 | 0.5%- | 0.546- | 0.565: | -33.03 | -21.19 -8.47F

0.86-78 |5 53 59 55 3231 | 2139 837

CH-Dav { Formatted: Font: 9 pt

0.955:9 | 0.91% | 1.355: | 0.8% | -51.08 | -33.29 -27.66

12419 4 35 91 84 5635 |[3289 2+21

CHFru 0.859-8 | 0.520- | 0.620- | 0.620- | -23.73 | -8.6% 7.176- -~ Formatted: Font:9 pt
0.666(5 61 49 59 2314 [ 838 33

CZ-BK1l | 0483405465 0.760- | 057 | 052 | -23.06 | -26.04 2578 { Formatted: Font:9 pt
+ 4 57 76 52 2338 [ 258 4712

DEGeb [05195|08m8|0.708]08% |04% [-761- |-535 14.93 , '[Formatted: Font: 9 pt
1 6 1 48 691 524 467

DEGi | 04804 0.570- | 0.5%- | 0.360- 1115 9.148- { Formatted: Font: 9 pt
8 53 56 36 2.4514 | 6:84 18

DE-Hai | 0.4904 0.73- | 0.760- | 0.520- | 2.6442 311 -~ Formatted: Font:9 pt
8 ) 2 5 3 8.9975 +83

"DE-HoH { Formatted: Font: 9 pt
0.69-6 0.66-5 | 0.58 | 0.669: | -28.06 | -16.86 -24.3F
9 8 6 65 2++5 | 1619 2437

DEKI | 0696 0.7%-[0.74-[06®: |6.7B5]19.04 21.7&@ | [ Fomatied: Font: 9 pt
4 7 4 58 3 623 633

DE-RUR 0.60-5 ] 0.540- | 0.45- | -17.86 | 5.37-1 17.22 ~( Formatted: Font:9 pt
0.3%94 3 6 45 1828 |4 676

©



DE-Rus - [ Formatted: Font: 9 pt
0.78-7| 0.97-9 | 0.68 | 0.555- | 0.68 |-32.8 |-31.45 | 7.949 | 12.8% | -24.98
9 8 49 64 69 351 3257 |6 155 | 2725

DE-Tha | 0.620-6 0.7203- 1 0.716: | 0.483. {0.59:0{-0.52 |39.68 |20.84 {1392 : [ Formatted: Font: 9 pt
1 0.5949 | 69 71 47 3 658 3924 | 2032 | 3-76

DK-Sor 0.57- | 0.665- 2629 |-14.98 |42.64 | 2057 |2.18  Formatted: Font:9 pt

Fl-Hyy 05165 [ 0.4%: | 0.416 | 0.6 | -35.58 | -27.65 | 20.64 | 11.27 | 41.74% | | Formatted: Font9pt

Filet | 06806]06%6]06%2 1086]07% |-31.7~1-2153 5102 |11.16 140213 ( Formatted: Font: pt
7 2 78 1 71 3263 |2+82 4873 952 (869

FlVar | 03783 |04%4]0.73 | 0.48- | 0.665 |-30.13 |-9.5% | 67.00 | 58.22 | 84.3%B { Formatted: Font:9 pt
7 8 46 69 9 3463 | 1431 | 6547 | 5565 | 529

FRAU_| 0850811904 | 11490 1.05¢ | 0.78 | 5.4468| 45.08 | 52.04 | 37.13 | 16.89%  Formatted: Font: pt
1 8 3 o8 75 2 761 5417 (964 |856

FRBI | 0.606 1.460- | 0.72- | 0.6/ | -25.5 |-28.35 | 24.08 | 48.24 | 24.42 (Formatted: Font:9 pt
7 0.96:9 | 7 5 68 25:39 | 2473 | 2393 | 5629 | 4747

FRGH | 0.7/07 0.97]08% |05% |-163 |098 4494 |30.06|3.86 -~ Formatted: Font:9 pt
6 1.0 |+ 85 55 41 262 3822 | 2279 | 57

FRHes | 05805 06/06]08% 1086 0720 0199|1309 |51.71 | 3565 | 36.7% ( Formatted: Font:9 pt
8 7 86 83 72 2 376 523 367 |696

FRLam | 0.860.8 | 1.09:0 | 0.9/ | 1.010- | 0.7%- | -6.76- | 20.949. | 31.79 | 17.15 | -1.563 -~ Formatted: Font:9 pt
5 9 98 96 78 852 85 2934 1593 [ 331

FR-Tou 0.86- | 1.040- | 0.49 | -36.0F |-45.95 | 60.87 | 30.00 | 17.48  Formatted: Font:9 pt
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IT-MBo [ (5535 0.594]04%:[070. [-229 [-17.0% [8.9%. |6.246. [ 16.68 | { Formatted: Font:9 pt
3 0.846:8 48 7 252 1737 |64 11 584

T -Ren - ~{ Formatted: Font: 9 pt
0.8%5-8|0.816-8 | 0.746- | 0.72%- | 0.765- | -23.8F | -3.55 |-9.57 |15.4%F |2.18
6 2 1 76 5 2541 (521 HH |+~ | 66

ITsR2 108%9|1.53:5]0.7%: [ 0.765- [ 0.80:8 [-34.1- |-60.8% [28.98 [3.254 [-23.83 | (Fomatied: Font:9pt
1 6 76 71 1 3393 (6678 | 2867 |92 2363

T Tor B B ~{ Formatted: Font: 9 pt
0.914-6 | 1.0141 | 0.66-8 | 0.78%- | 0.755- | -45.19 | -48.2 | 38.59 | 10.22 | -28.59
3 4 7 65 84 4324 |461 359 | 1t+7 | 2923

RU-Fy2 0.516:5 [ 0.650- [ 0.6%- [ 0.70:6 [-4.43 |-16.3% [52.09 [ 26.21 [ 54.7% |  { Formatted: Font:9pt
0.4641 | % 69 65 7 369 1667 | 5222 | 2524 | 285

SEHmM [ 045540454 |1.1%- | 0.88- -7.31- [-3.36 [72.78 | 6152 [79.05 | | Formatied: Font:9pt
5 5 89 18 0.99:9 | #53 365 7262 | 6616 | +51

SENo | 03633 0.370-3 | 0.665- | 0.585 | 0.5%- |-14.2% | -4.12 | 47.24 | 22.25 | 46.4% | —{ Formatted: Font:9pt
6 7 57 66 58 152 568 65 254 |54

SESW | 04504 055 [ 0.35: | 0.569: [-18.82 [-0.66 [16.38 [16.8t [ 3558 | | Formatied: Font:9pt
6 0.646-6 | 33 52 56 223 425 462 |47 | 397
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Table S3: Theroot 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 tahe plant functional types(PFTs) of
evergreen needleleaf forestENF), 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 points per station used for the calculations, see Table S1.
GPP RMSE [g C day'] GPP PBIAS [%]
CLM5gri | CLM5pF | GLASS | CLM5gi | CLM5pF | GLASS
d T d T
BE-Bra -35.36
22929 | 1.6969 |1.313 |3531 0.5858 | 4.747
BE-Dor 2,787 | -41.6% -40.3 -35.1%
3.198:19 | 3.36B39 |4 4165 4027 35:08
BE-Lon 3.989 | -18.2% -11.32
431431 | 431431 |8 1812 -8.2382 | 127
CH-Cha 4.2942 | -50.9- -38.52 471
4.614-61 | 3.943:94 |9 5685 3848 4732
CH-Dav 2121 | -16.93 31.386- | -25.5%
2.424 2132413 |3 166 76 25:06
CH-Fru 2.626 |-40.1- -23.16 -23.9F
3.63:6 2.842:84 | 2 3995 2367 2389
CH-Oe2 3.535 | -10.& -12.63 2726
3.753#5 | 3.953:95 |3 1663 1243 8
CZ-BK1 1.95+9 | -37.05 -22.83 -20.65
27979 | 231231 |5 3761 228 26:62
CZ-Lnz -62.06 -49.3%- -28.9%F
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DE-Geb 2.98-9 | -35.96 -40.43 -1.84
3.63:63 |4.32432 |8 3547 3988 182
DE-Gri 2.02-0 | -21.19 -11.94 -9.65
DE-Hai -34.83 -42.5 -1.5%-
2.8383 | 259259 | 1./A7 |344 4198 +49
DE-HoH 3.043-0 | -30.53 -40.5% -27.82%
DE-Kli 3.1531 2.73
3.535 3.66366 |5 17473 | 2.042:63 | 21
DE-RuR -26.99 -10.45 -19.5
2.424 23939 | 22 26:97 1045 1949
DE-RuS 4.3443 | -43.49 -45.6F% -34.68
474474 | 5.0565 |4 4333 455 3454
DE-Ruw 21421 | -32.13 -27.64 -23.88
263263 | 2.612:61 |4 32:66 2758 2383
DE-Tha 1.29%-2 | -28.99 -3.9% -19.27F
DK-Sor 3.2132 | -47.99 -49.66: -35.24
43939 |4.0467 |1 4792 4959 352
Fl-Hyy 0.8168-8 | -14.92 -0.32 -8.91-
Fl-Ken 0.726-7 54.753:0 | -14.3F
1.1616 | 2.34234 | 2 -2.862+71 |3 1393
Fl-Let 2.052:65 | 2.02-62 | 1.53+5 | -19.16 -4.72- -19.98
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3 1964 469 1986
Fl-Var 0.8998 | 60.358-8 | 159.355 | 21.480
1.4+4 3.22322 |9 8 S5 97
FR-Aur 3.2532 68.5/68. |9.0389
3.283:28 | 4.05465 |5 9.3%9:34 | 22 8
FR-BIl 1.67-6 | -24.8F -24.43 -0.67-
17545 | 223223 |+ 2481 2443 667
FR-FBn 1.8248 | -48.88 -77.0F 15.3A45
FR-Fon 2.7+ -36.28 -21.96
3.131 287287 |4 -27-26-88| 36-12 2186
FR-Gri 3.73+7 | -18.7F -13.8% -15.53
416416 | 4.24624 |3 1864 1382 1547
FR-Hes 3.333 | -24.49 -36.28 -17.36
3.737 3.24324 | 2 2424 359 +-18
FR-Lam 3.959 | -4.09 44 844+ | -8.88
3.913:91 | 4.545 5 468 4 886
FR-Tou 174+ | -73.3F -47.0F -10.42
344344 | 253253 |7 337 4707 1642
IT-MBo 1.84+8 -31.89 3.2632
24242 | 28289 |4 -7.9-+88 | 3182 5
IT-Ren 174+ |11.624% | 33.383 | -2.04
15353 | 2.3232 |+ 56 15 263
IT-SR2 4.0740 | -67.1F -88.85 -53.94
5.125%2 | 6.787#8 |7 6717 8885 5394
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IT-Tor 1.66t6 | -0.74 11743
1.824-82 | 2.49249 |6 S 10461 |6
RU-Fy2 1.939 | -26.1F -22.3 -23.45
SE-Htm 1.95+9 | -38.04 -25.42 -26.84
27814 | 228224 |5 3862 2541 2683
SE-Nor 1.35:3 | -25.59 -21.62
15959 | 1.3A37 |5 25747 -3.8378 | 2152
SE-Svb 1.2242 25.0724. | -24.24
11333 | 2.0262 |2 5.6456 |88 2465
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Table S24: 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 Land Model v5 (CLM5) on grid-scale (CLM5yiq), CLM5 on PFT scale

(CLM5 pet), from the European Center of MediumRange Weather Forecasts Renalysis 5 Land
(ERA5-Land), the Global Land Surface Satellite (GLASS), and the Global Land Evaporation
Amsterdam Model (GLEAM)) to the observations. Each value corresponds to a group of stations
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.
PET N CLM5 grid | CLM5per | ERASL | GLASS | GLEAM
RMSE ENF 5038 |[0.71 0.72 0.4 0.83 0.67
[mm day?’] [DBF | 1663 |0.5% 0.62 0.73 0.70 0.56
GRA |2859 |0.65 0.8 0.60 0.57 0.59
CRO (3690 [0.72 1.00 08 |08 |0.63
PBIAS ENF 5038 |-20.57 -15.42 21.86 13.32 15.43
% DBFE 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 4499 27.30 7.58
mean |3285 |-1308 -18.70 28.64 18.25 10.42
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590

Table 3S5. The gross primary 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 Model v5 (CLM5) on gridscale (CLMb5yriq), CLM5 on PFT scale
(CLM5 pe1), from the European Center of MediumRange Weather Forecasts Renalysis 5 Land
(ERA5-Land), the Global Land Surface Satellite (GLASS), and the Global Land Evaporation
Amsterdam Model (GLEAM)) to the observations. Each value corresponds to a group of stations
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.
PET N CLM5 grid CLM5 per GLASS
RMSE ENF 5976 2.25 2.44 1.75
[0 Cday |DBE 2473 3.71 3.35 2.81
1 GRA 2838 3.14 3.01 2.63
CRO 3607 |3.85 421 355
mean |3723.5 |3.24 3.25 2.69
PBIAS ENF 5976 -26.00 -7.7 -14.53
% 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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ERAS5L: brown, GLEAM: purple). The probability density curves for all ET -corr values from

stations belonging to the selected PFT are in the right column. Each row shows these plots

one PFT: Evergreen Needleleaf Forest (ENF), Deciduous Broadleaf Forest (DBF), Grasslan
1600 (GRA), and Croplands (CRO).
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corresponding values from observations (»axis) aggregated for each PFT (marker type):

1620 Evergreen Needleleaf Forest (ENF), Deciduous Broadleaf Forest (DBF), Grasslands (GR
Croplands (CRO). The error bars are the standard errors of the respective moment, dependin
on the sample size.
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selected PFT are in the right column. Each row shows these plots for one PFT: Evergre
Needleleaf Forest (ENF), Deciduous Broadleaf Forest (DBF), Grasslands (GRA), and Croplan
(CRO).
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corresponding values from observations (»axis) aggregated for each PFT (marker type):
Evergreen Needleleaf Forest (ENF), Deciduous Broadleaf Forest (DBF), Grasslands (GR

1665 Croplands (CRO). The error bars are the standard errors of the respective moment, dependin
on the sample size.
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Figure S11: In the left column are the yearly shortwave downward radiation (SWdown)
evolutions averaged across stations belonging to one PFT (rows). We differentiate the d
source by color (ICOS observations: blue, CLM%:i4: red, CLM5per: yellow, GLASS: green,
ERAS5L: brown, GLEAM: purple). The probability density curves for all SWdown values from
stations belonging to the selected PFT are in the right column. Each row shows these plots
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