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Abstract. Land-surface models represent exchange processes between soil and atmosphere via the land surface by coupling
water, energy and carbon fluxes. As a strong mediator between these cycles, vegetation is an important component of land
surface models. Some of-these-land surface models include modules for vegetation dynamics, which allow the adjustment
of vegetation biomass, especially leaf area index, to environmental conditions. Here, we conducted a model-data comparison
to investigate whether and how vegetation dynamics in the models improve the representation of vegetation processes and
related surface fluxes in two specific models, ECLand and Noah-MP, in contrast to using prescribed values from look-up
tables or satellite-based products. We compared model results with observations across a range of climate and vegetation types
from the FLUXNET2015 dataset --and the MODIS leaf area product, and used more-detailed-informationregarding-on-site
measured leaf area from an additional site. Yet, switching on the dynamic vegetation did not enhance representativeness of
leaf area index and net ecosystem exchange in ECLand, while it improved performance in Noah-MP only for some sites.
The representation of energy fluxes and soil moisture was almost unaffected for both models. Interestingly, the performance
regarding vegetation—and-hydrology-related-variables-variables of the carbon and water cycle was unrelated for both models,
such that the weak performance of e.g. leaf area index did not deteriorate the performance of e.g. latent heat flux. We show that
one potential reason for this could be that the implemented ecosystem processes diverge from the observations in their seasonal
patterns and variability. Noah-MP includes a seasonal hysteresis in the relationship between leaf area index and gross primary
production that is not found in observations. The same relationship is represented by a strong linear response in ECLand, which
substantially underestimates the observed variability. For both water and carbon fluxes, the currently implemented dynamic
vegetation modules in these two models did not result in better model performance compared to runs with static vegetation and

prescribed leaf area climatology.
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1 Introduction

Land-surface models (LSMs) represent the energy, water and biogeochemical cycles at the land surface. Traditionally, their
main purpose has been to provide a surface component in coupled atmosphere-land models. LSMs are applied in meteorolog-
ical models, reanalysis products or in the Coupled Model Intercomparison Project (CMIP). However, their scope is widening
and new fields of application like historical land cover change simulations (Lawrence et al., 2018) or flood alert services (Har-
rigan et al., 2020) are arising. There is active development within the land surface modeling community, with more and more
features being added to existing models to make them more realistic (Blyth et al., 2021).

Given the wide use of these models and the implications of their results, extensive model validation has been done already.
Model validation covers a wide range of water, energy and carbon fluxes at global, regional and site scale (e.g. Niu et al., 2011;
Haverd et al., 2018; Lawrence et al., 2019; Boussetta et al., 2021). Such works that introduce individual evaluation schemes are
often accompanied by studies that perform comparisons between models (e.g. Best et al., 2015; Krinner et al., 2018). Compar-
isons like those are conducted for different reasons. For example, one aim is to create a ranking between models that allows the
assessment against alternative schemes. Using this method, Best et al. (2015) reported that simple statistical methods achieve
a higher performance in energy partitioning at eddy-covariance sites than any single LSM tested. One limitation of that study
is that they did not report metrics of individual model performance, but only normalized ones. This procedure does not allow
to judge whether the investigated methods have achieved a (dis-)satisfactory performance, since all methods might have a poor
individual model performance. Other challenges in these activities are to maintain a standard protocol for model comparison,
while not creating a superficial performance contest among them, and to minimize human errors (Menard et al., 2021).
Haughton et al. (2016) more closely explored the cause of poor model performance of LSMs shown in the PLUMBER study by
Best et al. (2015), which they presented as the bias for the evaporative fraction (EF) derived from various tower sites exemplar-
ily. From all investigated aspects they concluded that mismatches between modeled and observed heat fluxes are most likely
caused by calculations within the models and not related to errors in the observations. Yet, specific reasons for this mismatch,
for example over-parameterization, missing processes, calibration issues etc., cannot be identified by benchmarking studies
or model rankings alone, but requires further investigation of individual model performance. At the same time, the causes of
poor model performance can be multifaceted, rendering their identification challenging (Haughton et al., 2018b). Nonetheless,
further LSM development needs understanding of how individual process implementation and parameterization affect model
performances.

A wealth of studies evaluated different LSMs with respect to radiation, heat fluxes or surface temperature, and carbon fluxes.
Carbon fluxes like gross primary production (GPP) are often validated by using global gridded fluxes like FLUXCOM (Ma
et al., 2017; Jung et al., 2019; Lawrence et al., 2019). The correct implementation of ecosystem processes and related vari-
ables is crucial for using LSMs in assessing impacts due to climate change for example in drought evaluation (Ukkola et al.,
2016; Dirmeyer et al., 2021) because plant transpiration directly links the terrestrial carbon and water cycle. For example, a
substantial underestimation of evapotranspiration by eight LSMs during drought conditions was shown across different plant

communities (Ukkola et al., 2016). De Kauwe et al. (2015) concluded from their simulations of drought responses for the
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European FLUXNET sites with the Community Atmosphere Biosphere Land Exchange (CABLE) model that accounting for
differing drought sensitivity of plant communities into LSMs may be required to correctly capture drought impacts. Currently,
most LSMs are not able to represent direct vegetation control on surface exchange, in part because they under-represent bio-
physical responses to changing water availability and oversimplify vegetation dynamics, in particular leaf area index (LAI)
(Forzieri et al., 2020). LSMs typically work with climatological LAI, e.g. seasonality read from look-up table files, or calculate
LALI as a prognostic variable internally. At the same time, LAI has a large impact on both water and carbon fluxes (e.g. Fisher
et al., 2014), and an understanding of how its parameterization impacts flux estimates by LSMs would help to shed light on the
known discrepancies in representing vegetation.

Here, we investigate model performance for water and carbon fluxes with a focus on vegetation processes. We additionally
check the reasons for model-data mismatch, by analysis of the underlying computer source code of the models (as stated by
Dirmeyer et al. (2018)), which can only be done for a limited set of models due to the large effort that is needed. For this scope,
we chose ECLand and Noah-MP as frequently used and continuously developing LSMs with available modules for vegetation
dynamics. In this manuscript, we aim to answer the following research questions: (1) Does the representation of net ecosystem
exchange (NEE) and LAI improve, if LSMs represent vegetation dynamically? (2) How does dynamic vegetation in the LSMs
impact other variables like heat fluxes and soil moisture? Do improvements in model performance for one variable compromise
performance for other variables? (3) What are the mechanics behind modeled temporal patterns in vegetation dynamics and

occurring misfits to the observations?

2 Methods
2.1 Data basis
Site selection

The FLUXNET2015 dataset (Pastorello et al., 2020) provides measurements from globally distributed eddy covariance sites.
We selected a subset from all the-available FLUXNET sites, focusing on sites with long observation periods, covering different
vegetation types and a gradient in aridity within each vegetation type. Vegetation types within FLUXNET rely on the IGBP
Land Classification (National Center for Atmospheric Research, 2022). The aridity index (Ab-of all sites was retrieved from
the CGIAR-CSI Global-Aridity and Global-PET Database (Trabucco and Zomer, 2018) and inverted afterwards, bringing it
back to the initial-definition as the ratio of the long-term mean annual potential evapotranspiration to the long-term mean annual
precipitation by Budyko (1974). We excluded sites with observation periods less than six years because they might not represent
the local climate (Haughton et al., 2018a) and extreme years could create a systematic bias. Due to the small number of sites per
vegetation type with long observation periods, the vegetation types savanna (SAV), woody savanna (WSA) and open shrubland
(OSH) were merged into one savanna group before continuing with the selection procedure. For each vegetation type or group,
first, we chose the site with the longest observation record. Next, other sites with similar aridity (0.1 logarithmic Alaridity

index) were dropped to avoid an overrepresentation of some vegetation type-aridity combinations due to heterogeneous site



distribution within FLUXNET. We used logarithmic values to create a linear scale of the Al-avoiding-an-overrepresentation
ssaridity index so that a selection of too many dry sites was prevented. Afterwards, we

repeated these steps for the remaining sites and continued until no more sites were available for selection in this vegetation

90 type or group. For the selected sites, we double-checked data availability and quality and replaced with an alternative site if
necessary. The most common reasons for discarding sites were missing or poor quality soil moisture data or low-quality gap-

filling, which reduced the length of the observation record below the threshold of six years. By doing so, only two sites with

mixed forests (MF) were left which is critically few. Thus, we included all MF sites into the deciduous broadleaf forest (DBF)
vegetation type and repeated the selection for this group. We were left with 24 sites, covering a range-of-aridity-and-vegetation

95

—wide range of site characteristics as recommended

Haughton et al. (2018a) including aridity, vegetation types and observation periods (Fig. 1). Additionally, we also used data
of the eddy covariance site "Hohes Holz" (Rebmann and Pohl, 2023) which is part of the TERENO Harz/Central German

Lowland Observatory (Wollschldger et al., 2016) and is included in the ICOS network since 2019, because on-site measured

100 LAI data was available for that DBF site.
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Figure 1. Selected FLUXNET sites grouped by their vegetation type. For each group, sites were chosen to cover a gradient in aridity (y-axis)
if available. The vegetation types are: GRA - grassland, SAV - savanna, WSA - woody savanna, EBF - evergreen broadleaf forest, CRO -
cropland, MF - mixed forest, DBF - deciduous broadleaf forest, ENF - evergreen needleleaf forest. The color scale represents the duration of

the available time series in years.
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Variables used and data pre-processing

From the FLUXNET (Pastorello et al., 2020) and Hohes Holz (Rebmann and Pohl, 2023) datasets, air temperature, downward
short- and long-wave radiation, wind speed, relative humidity, air pressure and precipitation were used for model forcing.
Turbulent fluxes, i.e. latent heat flux (LE) and sensible heat flux (H), as well as net ecosystem exchange (NEE), gross primary
production (GPP) and volumetric soil water content in 10 cm depth were used for model evaluation. All data were provided
and used at half-hourly resolution. FLUXNET data was retrieved from their website (fluxnet.org, 2020).

LE and H in FLUXNET2015 are available in two different variables: One is a product that corrects the turbulent fluxes for
energy balance closure, while the other one provides a continuous time series filled by Marginal Distribution Sampling. We
decided to use the first one as long as they were available in the dataset since LSMs also consider for energy balance. Missing
data in the "Hohes Holz" meteorological dataset was filled using a Kalman filter (Sayed, 2003) for short gaps up to 3 h, except
for precipitation which was set to 0. For longer gaps, the Kalman procedure tent-tends to overestimate the observations which
resulted in offsets at the end of the filling periods. Thus, filling data for these gaps was retrieved from the ERAS5 (Hersbach

et al., 2020) data product {vi Copernicus, 2018) with 0.1° spatial

and 1 h temporal resolution.
For calculation of the evaporative fraction %, all time steps with H < 0 were excluded. The same time steps were left out
for LE to focus the comparison of turbulent fluxes on periods with evaporative demand. For estimation of model performance,

we excluded gap filled periods that were longer than one month.
2.2 Model description

We investigated how dynamic vegetation affects model outputs in two land-surface models capable of representing both static
and dynamic vegetation: ECLand (Balsamo et al., 2009; Dutra et al., 2010; Boussetta et al., 2021) and Noah-MP (Chen and
Dudhia, 2001; Ek et al., 2003; Niu et al., 2007, 2011).

ECLand

The European Centre for Medium-range Weather Forecasts (ECMWF) developed a Carbon-Hydrology Tiled Scheme for Sur-
face Exchanges over Land (CHTESSEL) (Balsamo et al., 2009; Dutra et al., 2010; Boussetta et al., 2013) which represents the
land component of the Integrated Forecasting System (IFS). As part of the IFS, CHTESSEL has evolved into a more flexible
system ECLand (Boussetta et al., 2021), which also allows for several modular extensions. Among these, a dynamic vegetation
module simulates the temporal evolution of vegetation. Therein, LAI, vegetation biomass and vegetation coverage are calcu-
lated from the daily carbon budget, instead of taking them from the climatological LAI. However, LAI climatology can still be
used for fully static or partly dynamic simulations.

In ECLand (IFS version “CY46R1”), each of the 19 vegetation types receives its own parameter values (e.g. for roughness
lengths, stomata resistance, root distribution) from look-up tables (Boussetta et al., 2012, 2021). These vegetation types are

categorized into high or low vegetation. Each grid-cell has one dominant high and one dominant low vegetation type, together
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forming the vegetation of a grid-cell (Balsamo et al., 2009). Surface fluxes are computed for the high and low vegetation tiles
separately then merged for the whole grid-cell according to their fractional cover. The vegetation coverage is calculated from
a prescribed climatological vegetation fraction (part of input) and a vegetation type dependent density (from look-up table)
and corrected by current LAI (Boussetta et al., 2021). Net assimilation results from carbon uptake of atmospheric CO4 by
the current leaf area (defines absorbed radiation) and is restricted by environmental factors such as soil moisture and nitrogen
availability (important equations can be found in section A.01). Together with the dark respiration and after scaling with a
quantum use efficiency factor, potential gross assimilation is calculated. This value, then, is linearly linked to LAI and the
humidity-corrected air density, resulting in gross primary productivity (GPP). With activated vegetation dynamics, a poten-
tial net assimilation, together with LAI, forms a damping factor for biomass senescence. Biomass senescence is determined
from current biomass, linearly linked to current LAI, and the damping factor. The change in biomass results from this updated
biomass and the net assimilation. Then, biomass is updated again and linearly transferred into updated LAI by using specific
leaf area from a look-up table (Boussetta et al., 2021). For static ECLand, the prescribed climatological LAI is used. LAI in
ECLand determines the canopy resistance for water vapour transport and thus, the evapotranspiration as well as the interception
(Boussetta et al., 2012, 2013, 2021).

Noah-MP

Noah-MP is the widely used community Noah land-surface model (Chen and Dudhia, 2001; Ek et al., 2003) with multi-
parameterization options (Niu et al., 2007, 2011). Predicted LAI in Noah-MP is calculated based on leaf carbon allocation and
specific leaf-area per vegetation type (Ma et al., 2017). In contrast to ECLand, Noah-MP can either use prescribed LAI values
per vegetation type or depend solely on dynamic LAI estimates, without the option to mix between the two.

In Noah-MP (version “HRLDAS 3.9”), parameterization-parameter values (e.g. value range of stomatal resistance, number
of rooted soil layers, specific leaf area) of the 27 vegetation types is-are taken from look-up tables. The vegetated sub-grid
area of each grid cell is dominated by one vegetation type forming a one-layer canopy. Calculation of canopy interception
and transpiration consider aerodynamic and stomatal resistances for the water vapour and carbon fluxes within the canopy and
between the canopy and the atmosphere (Ma et al., 2017). Among others, stomatal resistance is predominantly controlled by
photosynthesis (Niu et al., 2011) which depends on leaf area, and is limited by light and root zone soil moisture (important
equations can be found in section A.02). Assimilation depends on LAI and is constrained by physiology and light availability.
Assimilated carbon is allocated to different plant tissues (leaf, stem, wood, root), forming GPP, and reduced by respiration,
dying and turnover processes such as drought stress and senescence representing leaf dynamics (Dickinson et al., 1998).
Respiration rate is determined by LAI, GPP, temperature and soil moisture stress. Carbon that is allocated to leaves together
with biomass losses forming an updated leaf biomass which converts into the LAI by using specific leaf area (Ma et al., 2017).

Carbon assimilation and allocation and, thus, also GPP and NEE estimation are usually deactivated for the static Noah-MP

since a prescribed LAI is given. We adapted the model code in a way that GPP and NEE for the static simulations are calculated
anyways, but resetting all variables that would be dynamically predicted within the same function.
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2.3 Model setup and simulations

Simulations with activated modules that predict LAI time series will be activated vegetation dynamics or dynamic ECLand
and dynamic Noah-MP hereafter. For both models, the reference height (level of the forcing input) was set to the flux tower
height of the sites which depends on the vegetation type. The models were set up as closely as possible to the available site
information but there are some technical differences in the structure of the model input, i.e. in the initial files. Forcing and
model calculation were done in 30 minutes resolution if available, otherwise, hourly resolution was applied. We used four
layered soil representation and used the uppermost layer for evaluation of soil moisture which is 7 ¢m and 10 ¢m deep for

ECLand and Noah-MP, respectively. Every simulation started with a ten year spin-up phase by recalculating the first year.
ECLand

We used ERAS5-based (Hersbach et al., 2020) global initial data for ECLand and selected the grid cells where the flux towers
are located. These initial files contain information on albedo, orography, soil type, surface roughness and monthly LAI which
is not available in the FLUXNET metadata. For the simulations that use alternative LAI forcing, monthly LAI in the initial
files was replaced by the scenario specific alternative values (see section 2.3). We defined the vegetation on that grid-cell to be
either high or low vegetation (and not a mixture) depending on the site information. Forests and savannas were treated as high
vegetation types while grasslands and croplands were allocated to low vegetation types. The vegetation type that fits most to the
FLUXNET characterization was selected (see Tab. 1). The coverage of that vegetation type was set to 100 %. Meteorological
forcing was taken from the FLUXNET/TERENO data sets mentioned above (section 2.1). The ECLand simulations were done
with van Genuchten soil hydrologic parameters (van Genuchten, 1980), activated sub-grid surface runoff and activated snow

parameterization.

Table 1. Assignment of vegetation types used in ECLand and in Noah-MP and referred initial LAL The values in brackets for Noah-MP
initial LAI refer to sites on the Southern Hemisphere due to shifted seasons.

Fluxnet vegeta- ECLand vegetation type ECLand veg- Noah-MP USGS Noah-MP veg- Noah-MP ini-
tion type etation class etation class tial LAI

ENF Evergreen Needleleaf Trees 3 (high) Evergreen Needleleaf Forest 14 4.0

MF Mixed Forest/Woodland 18 (high) Mixed Forest 15 2.0(4.3)

DBF Deciduous Broadlead Trees 5 (high) Deciduous Broadleaf Forest 11 0.0 (4.5)

EBF Evergreen Broadleaf Trees 6 (high) Evergreen Broadleaf Forest 13 4.5

SAV Interrupted Forest 19 (high) Savanna 10 0.3 (3.8)
WSA Interrupted Forest 19 (high) Savanna 10 0.3 (3.8)
CRO Crops, Mixed Farming 1 (low) Mixed Dryland/Irrigated 4 0.0 (3.0)

Cropland and Pasture
GRA Tall Grass 7 (low) Grassland 7 0.4 (3.5)




185

190

195

Noah-MP

Soil type for the-Noah-MP was taken from the-a global soil grid (Hengl et al., 2014) by selecting the grid cell including the
flux tower location. Initial values for temperatures and soil moisture were taken as the FLUXNET/TERENO observations at
January 1st 00:00 h in the first year of the simulation period. Vegetation types were chosen to match as closely as possible
the USGS vegetation types (University Corporation for Atmospheric Research, 2023) and the initial LAI values were set
according to the defaults in the parameter file (see Tab. 1). Vegetation cover fraction was set to 100 % so that the entire grid-
cell represents the vegetation type of the observation site. Minimum green vegetation fraction was set to 1 % to ensure that
not the whole vegetation cover dies during winter which would hinder temperate short vegetation from growing in spring.
For the simulations with alternative LAI forcing, the monthly LAI in the look-up table was replaced by the scenario specific
alternative values (see section 2.3). The Noah-MP simulations were done with soil parameterization from look-up tables, Ball-

Berry stomatal resistance approach (Ball et al., 1987; Bonan, 1996) and-with using matric potential therefor-and-fully-impheit
i i i s-limitation. All other selected options can

—

be found in Table 2.

Table 2. Options chosen for Noah-MP parameterization.

Physical process Noah-MP Option

Runoff and groundwater TOPMODEL with groundwater (Niu et al., 2007)
Surface layer roughness Monin-Obukhoy

Radiative transfer two-stream (vegetated vs. vegetation-free)
Rain/snow partitioning_ threshold temperature at 2.2 °C

Lower boundary for soil temperature temperature at 8 m depth (part of input

Snow/soil temperature time scheme fully implicit (original Noah)

Surface resistance for evaporation Sakaguchi and Zeng (2009
Glacier treatment hase change of ice included
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Leaf area index data and scenarios

Monthly LAI values are part of the initial input of both models via look-up tables. These tables contain annual cycles of LAI
for each vegetation type separately. This default climatology is already based on values from MODIS. For ECLand, the gridded
values of LAI were disaggregated to the high and low vegetation type of the grid cell for the time span 2000-2008 (Boussetta
et al., 2013). i

i ~ —For alternative LAI inputs, these values in the look-up tables were
replaced manually.
LAI values were taken from the MOD15A2H data product from NASA’s EarthData portal (Myneni et al., 2015). One grid cell
of 500 m x 500 m was selected per eddy covariance tower according to the site coordinates and LAI values with temporal
resolution of eight days were extracted for the years 2000 to 2014. To assure reliability of the values, the "MODIS15A2H"
data product comes with numeric quality flags. Although Fang et al. (2012) recommend using all values with quality flags less
than 64, we excluded data with quality flag 8 because many of these LAI values were extremely low during the vegetation
period which is unrealistic. Then again, due to lacking LAI values during winter or wet seasons, values with quality flags of
73 (empirically filled with clouds present), 81 (empirically filled with mixed cloudiness) and 97 (empirically filled for other
reasons) were included as a trade-off between excluding as much bad-flagged data as possible and keeping roughly the same
amount of data values for each month (see MODIS documentation for more details). Afterwards, we smoothed the remaining
values by using a Savgol filter (window length: 11, polyorder: 2) (similarly done by e.g. Xiao et al., 2011; Huang et al.,
2021) from the scipy-package (Savitzky and Golay, 1964; Luo et al., 2005) and prepared a mean annual LAI cycle for all
available years with monthly resolution, further named MODIS climatology. For an additional experiment, the monthly LAI
from MODIS of each year within the simulation period separately was used as input, called MODIS single-year from this point
on. Missing LAI values for a month were filled by the average value of the adjacent months. If LAI values for at least two
consecutive months were not available, the LAI values from the default look-up table were used for those months.
For the "Hohes Holz" site, on-site measured LAI data was available from Digital Cover Photography (DCP), which was shown
to yield comparable results to established methods (Piayda et al., 2015). For each measurement date, we averaged the values
from the whole plot area and, afterwards, calculated monthly means over time span 2014-2019. This alternative LAI forcing

will be called on-site LAI hereafter. The nomenclature of all LAI scenarios can be found in Table 3.
Table 3. Nomenclature of all model scenarios using LAI data sources.

Term LAI source

default climatology | default monthly LAI for the dominant high and low vegetation type on respective grid cell (ECLand) or default
monthly values per vegetation type from look-up table (Noah-MP)

MODIS climatology | mean annual cycle of monthly LAI values derived from MODIS dataset from 2000 to 2014

MODIS single-year | same as before but without averaging, resulting in an annual cycle for each year separately within the observation

period

on-site LAI mean annual cycle of monthly LAI values based on on-site measured LAI
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The MODIS LAI was also applied for model evaluation but in its high temporal resolution of eight days. Due to the usage
of single day values, we solely used data with quality flags O (no issues) and 32 (saturated) and refrained from smoothing.
Gaps were left as they were. For the static runs, comparison with MODIS LAI on daily basis provides the information how
well a LAI climatology represents the local LAI evolution and whether an incorporation of more site-specific climatology can
improve the representativeness. For the dynamic simulations, comparing modeled LAI with daily MODIS values is used to

examine whether the models are able to capture inter- and intra-annual LAI dynamics.
2.4 Performance evaluation

Model outputs and observational data from the flux towers were averaged/summed to daily values for direct comparison. For
LAI, we calculated the eight-day mean of the LAI model output to correspond to the temporal resolution of the MODIS
LAI estimates. As performance criteria we used the Pearson’s correlation coefficient, the normalized standard deviation and
a modified relative bias for the model-observation relationship. Pearson’s correlation coefficient R describes the fit between
model and observation values (Benesty et al., 2009) and is calculated from the numpy-package. The normalized standard
deviation s, is the ratio of the standard deviation of the model predictions and the standard deviation of the observations. It
is used to describe the models’ ability to reproduce the variability of the observations. The relative bias b applied here was
adapted to the domain of the variable to avoid division by zero or by values very close to zero (especially important for NEE).
Fhereforelor this purpose, the distribution of the observed values was shifted by their minimum, resulting in only positive

values with a minimum of zero:

e))

whereby y represents the model predictions, x the observations, Z the mean and & the minimum of the observed values. To
compare the model performance of simulations with static and dynamic vegetation, we determined the change in relative bias

as follows:

Ab= ‘bstatic| - |bdynam7ic| (2)

Negative values mean that the relative bias of the dynamic simulation was greater than that of the static simulation and, thus,
that the performance was reduced by activating vegetation dynamics.

To investigate the sensitivity of dynamically modelled vegetation on the model performance, we checked how strongly the
quality of the model simulation of one target variable (e.g. LE) depends on the model quality of another one (e.g LAI). For
this, we used the elasticity as a metric. Elasticity is calculated as ratio of the change in one statistical measure (analogous to
equation 2) for two different target variables:

Am,-

E =
Amj

3)

where m is one of the statistical measures mentioned above, i.e. R, s,, or b, while ¢ and j denote different target variables, e.g.

GPP or LE. For variables that are strongly related, like LAI and GPP, we expect elasticity to be positive. Two variables are

10
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considered independent if —0.1 < E/ < 0.1 because the change in m; then would need to be larger than one order of magnitude

to cause a change in m;. Changes in model performances of the target variables were plotted in Taylor diagrams (Copin, 2021).

3 Results
3.1 Effect of dynamic or prescribed leaf area index on leaf area and carbon uptake prediction

Figure 2 shows the quality metrics for the model performance regarding LAl in a Taylor diagram. The location an optimal model
simulation would occupy is indicated with a star. The model performance of the dynamic run is shown with the symbols, while
the static runs can be read from the start of each arrow. The direction and length of each arrow highlights the difference in the
performance metrics between static and dynamic runs. Shown are simulations started (dynamic) or run (static) with default vs.
MODIS climatology.

While in the Noah-MP simulations with static vegetation the model performance depended on the LAI forcing applied, the
simulation results were unaffected by the type of LAI forcing with vegetation dynamics switched on (Figsince the symbols in
Figure 2 ¢ +dand d have the same positions. For ECLand, this was also the case for many sites but not all, e.g. AT-Neu and
AU-How (Fig. 2 a+b). Initializing ECLand with default climatology (Fig. 2 a) and activating vegetation dynamics generally
increased the variance of simulated LAI compared to static simulations but it also decreased model performance, e.g., mean
Pearson correlation decreased from 0.72 to 0.62. At the same time, whether the predicted LAI fit better to MODIS observations
than default climatology was ambiguous, as can be seen by the shift in relative bias which ranged between —0.5 and 1.3. On the
contrary, the results for Noah-MP showed a different pattern (Fig. 2 ¢) because there was no clear shift to higher variances or
worse correlation when activating vegetation dynamics. Especially short (GRA+CRO) or sparse (SAV+WSA) vegetation types
had the highest changes towards decreased but also enhanced model performance for LAI. For other sites (mostly forests),
modelled dynamic LAI correlated well with the observations.

For both models, using MODIS climatology instead of default climatology in static simulations resulted in the best perfor-
mances with regard to LAI of all simulations (start of the arrows in Fig. 2 b+d), e.g., the mean correlation coefficient increased
to 0.83 and 0.84 and mean relative bias (Tab. A1) improved to —16% and —2% for ECLand and Noah-MP, respectively. This
can be expected because MODIS was also used as reference dataset for LAI evaluation. With activated vegetation dynamics,
the performance of both models decreased, as all quality metrics shift away from the point indicating best performance in the
Taylor diagram (Fig. 2 b+d). The same applied to the relative biases of LAI since their shift was predominantly negative. In
other words, switching on vegetation dynamics did not result in improved LAI representation compared to just using MODIS
climatology.

Forest ecosystems, in general, were better represented by model predictions with vegetation dynamics than short or sparse
vegetation. Figure 3 shows the results of the forest site “Hohes Holz” in more detail. Although the representation of LAI
variability detoriated when simulating dynamic vegetation with Noah-MP, those runs resulted in LAI predictions that closely
match MODIS observations (Fig. 3 d-f), represented by a relative bias of —18% and a correlation coefficient of 0.78. ECLand

more generally suffered from larger relative biases in LAI, especially when simulating with vegetation dynamics (—30% on
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Figure 2. Change of model quality metrics for LAI when switching on vegetation dynamics for all included sites and by using default
climatology (left) or MODIS climatology (right). The star (“Observ”’) marks the location of the perfect correlation between observation and
model and perfect agreement between observed and modelled variance. The model performance of the static runs can be read from the start
of each arrow. When no arrow appears, either no correlation could be calculated (e.g. for evergreen forests where default climatological LAI
is constant) or values could not be placed on the logarithmic axis. The peirt-symbol colors indicate the site aridity (top right legend) as
following: very humid - AF—<-0-6aridity index (AJ) < 0.6, humid - AT < 1.25, sub-humid - A < 1.54, dry sub-humid - AJ < 2, semi-arid
- AI < 5, arid - AI > 5 (Ashaolu and Troye, 2018). Vegetation types are symbolized by different marker types (bottom right legend).

average, Fig. 3 c¢). The only scenario where model performance generally increased for ECLand, was through switching on

vegetation dynamics compared to static runs with default climatology.Statistical-measuresfor-die-variables EAL-NEE-and- GPP

" "

In contrast to LAI, the model performance of ecosystem exchange variables in ECLand was less affected by activating vege-
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tation dynamics. A common feature is that the variance predominantly increased when using dynamic vegetation (Fig. 4 a+b).
Mostly, sites with short or sparse vegetation reacted more sensitively to dynamic vegetation modeling in their NEE and GPP
representation especially when forcing with MODIS climatology, which is indicated by the longer arrows in Fig:Figure 4 a and
b (for GPP see Fig. Al in Appendix). For forest ecosystems in general, the changes in the model performance of NEE and GPP
were small, as also shown for the site “Hohes Holz” (Fig. 3 a-c). Nevertheless, the performance of NEE (and GPP) decreased
when activating vegetation dynamics, mainly driven by lowered correlation coefficients, on average from 0.41 to 0.37 (0.72 to
0.68). Only three sites showed improvements in NEE representation when predicting with dynamic ECLand and just one did
so for GPP. Relative bias changed in both directions, towards lower and higher model performance. Dynamic ECLand mainly
overestimated NEE by 11% on average, indicating that ecosystems were predicted to be a smaller carbon sink than observed
(Tab. A2). Instead, dynamic Noah-MP estimated on average 10% lower NEE compared to the observations for the most sites
(Fig. 4 c+d, Fig. 3 c+f).

Overall-Activating the dynamic vegetation affected the model performance of NEE and GPP for Noah-MP heterogeneously.
Some sites showed very small changes (e.g. /T-Lav and IT-Ren, Fig 4 c+d) while model performance of NEE was largely.
impacted by vegetation dynamics for other sites (e.g US-Var and AU-Das). In contrast to ECLand, no evidence could be
found that certain vegetation types or aridity classes were more sensitive to activated vegetation dynamics in Noah-MP and

even forests showed larger changes in model performance (Fig. 3 e). While, for GPP, the variance predominantly enlarged b

activating vegetation dynamics in Noah-MP (Fig. A1 c+d), the normalized standard deviation of NEE changed in opposin

directions which is another difference compared to ECLand. Despite the higher sensitivity of NEE model performance to
Noah-MP vegetation dynamics, the overall model performance was barely affected since relative bias shifted from —12 % to
—11 % and correlation coefficient from 0.50 to 0.53 on average. Changes of statistical measures can be in opposing directions
as can be seen for normalized standard deviation and relative bias of the forest site "Hohes Holz" (Fig. 3 e+f) which eliminated
trends towards improved or reduced model performance. Only the site AU-S7p clearly improved regarding NEE representation
by activating vegetation dynamics in Noah-MP by initializing with either default or MODIS climatology. The GPP performance
showed small improvements by activating vegetation dynamics in Noah-MP as the mean correlation coefficient shifted from
0.68 t0 0.74 and the range of the relative bias was lowered from —32 % — +-69 % to —28 % — +42 %.

In general, Noah-MP seemed to capture NEE representations better as the vatues-seattered-moreelosely-to-mean deviance from

anormalized standard deviation of 1 in-the-Taylordiagram-was 0.33 (ECLand: 0.39) and showed with 0.51 a higher correlation
coefficient on average than ECLand (Fig. 4 ¢). Remarkably, the four and the eightnine best sites regarding NEE representation

correlation and variance were forests for ECLand and Noah-MP, respectively. At the same time, all evergreen broadleaf forests

suffered from low performance in both models. GPP representation in both models was better than for NEE (Fig. A1, Tab. A3).

“Overall, static and dynamic Noah-

MP performed well in representing NEE and GPP for most forest sites apart the evergreen broadleaf forests.Same-asTaylor

afaora h v Hth-—NEE—ev on imea NEE 1q nat gana ad : hla orm—Noah-MP—when Aning tha anda
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Figure 3. Statistical measures for the variables LAI, NEE and GPP of the model runs for the site "Hohes Holz". The categories on the y-axis
mark the different LAI forcings. Statistical measure of the static and dynamic simulations of the same variable are connected by a horizontal
line. The red dotted vertical line marks the optimum of each measure.

Consistent-with-In line with the finding that model performances of dynamic Noah-MP being-were independent of the pre-
scribed LAI forcing, the availability of on-site LAI data for the site “Hohes Holz” yielded no improvement in the representation
330 of NEE or GPP compared to other LAI climatology (Fig. 3). The same appeared for dynamic ECLand. Forcing static ECLand
with on-site LAI data resulted in NEE and GPP correlation and relative bias comparable to the forcing with MODIS climatology,

only variability was lower.
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Figure 4. Same as Taylor diagram before but with NEE evaluation.

3.2 On the sensitivity of heat fluxes and soil moisture in LSMs to vegetation dynamics

For both models, activating vegetation dynamics had a small impact on the representation of turbulent fluxes and soil moisture.
335 The strongest changes occurred for short or sparse vegetation types or for drier climates which had the largest arrows in the
Taylor diagrams (Fig. 5, Fig. 6). In ECLand, activating vegetation dynamics enhanced the variance of latent heat flux for the
most sites (from 0.80 and 0.84 to 0.94 on average for default and MODIS climatology, respectively), but correlation between
simulated and observed values remained unaffected or even diminished (mean change smaller than —0.03). For several sites,
LE estimates from dynamic ECLand better represented the observations as shown by the positive shift in relative bias (reduction

340 from —32% to —21%) (Fig. 5 a, Tab. A4), but no relationship regarding vegetation type or site aridity can be seen and changes

are small in general;exeept-. The big exception appeared for CH-Oe2 —Chse ~statisties as
switching-on-dynamie-vegetationfor-allineluded sites-and-by-using de ; deftr-er-MODISclimatology (rightyas
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foreing: which was caused by its default LAI climatology that did not fit the vegetation type.
Activating vegetation dynamics in Noah-MP hardly affected model performance of LE (mean change in correlation was 0.02,

in standard deviation 0.00 and in relative bias 0.02). Sites that showed some sensitivity predominantly have drier climate (e.g
AU-Stp, US-Var, see Fig. 5 c). Several sites showed less bias in LE predictions when using dynamics vegetation predictions in
Noah-MP. When using MODIS climatology as LAI forcing, activating vegetation dynamics could be advantageous for some

sites regarding LE representation (AU-Stp, CH-Fru, US-GLE), but mostly it would not lead to higher model performance.Same

Model performance regarding the evaporative fraction (EF) was lower compared to LE as points are further away from the
point of optimal model performance (Fig. 6). Running ECLand with activated vegetation dynamics lowered the representation
of the evaporative fraction which is demonstrated by many points in the Taylor diagram drifting away from the star indicating
best performance. Thereby, the mean standard deviation changed from 0.95 to 1.08 and correlation coefficient was reduced
slightly from 0.48 to 0.46 on average (Fig. 6 a+b). Exceptions were BE-Lon, US-SRM and US-Ton where model performance
slightly improved regarding correlation and variability. Again, relative bias of EF changed in both directions without any
trend regarding vegetation type or aridity for both models (see also Tab. AS). For Noah-MP, eight sites showed an improved
representation of the evaporative fraction when running the model with vegetation dynamics. This amount was reduced to six
when the model was initialized with MODIS climatology. But changes were very small on average.

Regarding soil moisture, the model performance was almost insensitive to the used vegetation dynamics option or the type of
LAI forcing for both models (Fig. A2). Pespite-beinglow;some-Some sites showed improvement of soil moisture prediction
by activating vegetation dynamics for both models although the improvement was very weak. Interestingly, no humid site was
among them. However, the simulation of soil moisture resulted in a broad range of model performances starting with very
well-fitting predictions (R > 0.9, b ~ 0%) up to very poor-fitting predictions (R < 0.2, b < —40% or b > 100%, see Tab. A6).
To investigate the sensitivity of dynamically modeled vegetation on the model performance, we checked how strongly the
quality metrics of NEE, GPP, LE and soil moisture change with the quality metrics of LAland-NEE. For this, we used the
elasticity (defined in equation 3) as a metric which is summarized for all sites in Figure 7. Surprisingly, the quality metrics
of those closely related variables were independent from each other, i.e. the elasticity was very low (within grey band) or
randomly distributed around zero. The strongest connection of all pairs tested was-between-GPP-and-E-inECEand-could be
normalized standard deviation or relative bias. Here, the mean elasticity of correlation and normalized standard deviation is

positive, meaning that, as expected, an increased model performance in EE-LAI co-occurs with enhanced performance for GPP

in the same order of magnitude. F

eo-relation-of GPP-and EEperformancesinECEand-However;In a similar manner, NEE and LAl performance were positivel
related regarding correlation coefficient in Noah-MP. Other elasticity values that include LAI were small predominantly. Only
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quality for LAI, for most of the sites, do not affect the model performance of LE or soil moisture and even not that of carbon

fluxes.
LE evaluation
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Figure 6. Same as before but for evaporative fraction which represents the turbulent flux partitioning.

3.3 Observed and simulated relationships between ecohydrological variables
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One possible explanation for the small contribution of model quality of LAI to that of the turbulent fluxes could be a weak

relation between LAI and carbon exchange in the model. However, this is not the case as illustrated in Figure 8. On-the-contrary;
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he figure shows the

relation between GPP and LAI for four exemplary sites: DE-HoH is a deciduous broadleaf forest in a humid climate, I7-Ren

is an evergreen needleleaf forest in a semi-arid climate, GF-Guy is an evergreen broadleaf forest in a tropical climate, and

US-Var is a grassland in a semi-arid climate. In general, the relationships between GPP and LAI is much more scattered in the
observations (top row) compared to the models (other rows), and this is true for both models, across biomes and vegetation

types.

The two European sites (left columns, De-HoH and IT-Ren) reach maximum LAI and GPP in JJA and minimum values in DJF,
leading to a correlation that is mainly governed by the seasonal cycle. Similarly, at the U.S. site, with an overall tighter relation,
vegetation productivity and LAI peak together in spring (i.e., MAM). For these three sites, correlation coefficients range
between 0.80 to 0.86 indicating a clear but not perfect relation between LAI and GPP. However, the scatter of the observed
relation is considerable with the standard deviation of the residuals (o,.) being between 58 and 102 - 1076 gCOym =25~ 1.
The variance is highest for the peak of the growing season, when GPP quickly responds to environmental conditions (e.g.,
cloudiness, precipitation, and soil moisture stress) that LAI responds much slower to. The tropical site in French Guiana
(GF-Guy) shows, as expected, no seasonal cycle, leading to an extremely weak relation between LAI and GPP. The latter is
comparatively high all year round (GPP between 250 and 600 - 10~% gCO;m~2s~1) although LAI values from the MODIS

dataset surprisingly varied between 1 and 7 m?m 2. For this tropical site, GPP and LAI dynamics seem decoupled (Fig. 8 c).

Noah-MP shows a marked-non-linear relationship with a pronounced hysteresis effect at all sites except the tropical one

(Fig. 8 e-h);with-GPP-linearly-inereasing-m-p). Thereby, GPP increases linearly with LAI during biomass built-up up to a

point where allocation to leaves becomes minimal (vegetation type specific), and a-substantial-drop-in-GPP-drops considerabl
without any substantial reductions in LAI towards the end of the growing season (e.g., Fig. 8 em). When GPP values reduce

below approximately 100 - 1076 gCOym=2s~1, then LAI reduces from values about three towards zero. This hysteresis is
shifted in seasons due to local climate as for the site US-Var (Fig. 8 hp). At the tropical site, Noah-MP shows some variability

in GPP, but almost no change in LAI which is around a value of five.

ECLand, in general, shows a linear relationship with considerable less variability compared to the observations. The slope and

intercept of the linear regression is dependent on the choice of static or dynamic vegetation. Dynamic ECLand shows a very
tight linear relation between LAI and GPP with much lower scatter compared to the observations (Fig. 8 feurth-third row) as

R is larger than 0.99 and o, is between 10 and 14 - 10~6 gCOym~25~! for all non-tropical sites. With slope values of 104 to
254 -107% gCOym 2571, that relationship is much steeper than in the observations. Even for the tropical site, the relationship

between LAI and GPP is clearly and tightly linear (Fig. 8 ok).
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Figure 8. Scatter plots of the relationship between LAI on the x-axes and GPP on the y-axes as 8-day averages for four selected sites

(columns). The rows from top to down show observations, static ECLand model output, dynamic ECLand model output, and dynamic Noah-

MP model output. Seasons are represented by different dot colors. The arrows represent the range of GPP and LAI values for the individual

seasons. A simple linear regression model was applied as-additional-information-(blue dashed line) and its correlation coefficient (R), slope

and standard deviation of the residuals (o) are given for each relationship.
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4 Discussion
4.1 Using LAI climatology for ECLand and Noah-MP runs is the best way to reproduce leaf area and carbon uptake

Comparison between model output and observational data of LAI, NEE or GPP on a daily basis is rarely done. The ability
of the two models to reproduce these observed ecosystem variables was in line with previous results. For Noah-MP, model

quality metrics were in the range of other studies (Brunsell et al., 2020; Li et al., 2022; Xu et al., 2021; Liang et al., 2020);
altheugh-EAT-, However, dynamic LAI modelled by Noah-MP in our assessment with a mean of 470 % was more biased

compared to a mean of 420 % for annual LAI values reported by Li et al. (2022). Ma et al. (2017) reported a relative bias in
GPP of 46%-40 % on average which is higher than the relative bias found here. For ECLand, we could not find any comparable

study reporting the performance of daily LAI or NEE/GPP specifically, neither for dynamic nor static simulations. However,
for static ECLand, correlation coefficients between modeled and observed NEE and GPP were in line with those obtained by
Boussetta et al. (2013) for 10-day averages at several FLUXNET sites. Also, for the mean annual cycles of NEE and GPP,
Stevens et al. (2020) found a lower prediction error (RMSD) when using MODIS LAI forcing compared to default prescribed
LAl and, like in our study, a substantial bias in LAIL

For both models, using MODIS climatology in static simulations resulted in the best performances concerning LAI. This
agreed with expectations. Since all our simulations were validated with MODIS data, a better performance using static runs
using MODIS climatology itself would likely yield better results than the default values in either model. For Noah-MP, static
simulations with MODIS climatology indeed yielded the best performance regarding LAI in some sites, but, interestingly,
using the default climatology performed also well for others. LAI deviations with the default climatology occurred specifically
in short vegetation, which was also true for the dynamic runs (see below). For ECLand, where the default climatology is
already based on MODIS data (Boussetta et al., 2012), the performance of the static run was generally improved compared
to the validation dataset, as the higher spatial resolution allowed for a better geographical mapping. Also, ECLand default
climatology was created by disaggregating the total LAI in the MODIS data to the low and high vegetation type on the grid
cell. Both points together can explain the better performance for LAI of static ECLand simulations with MODIS climatology
compared to default climatology.

Dynamic vegetation yielded no better LAI results compared to using static runs with MODIS climatology for either model.
Evergreen broadleaf forests showed the lowest correlation coefficients for dynamic LAI predictions which was also shown by
Yang et al. (2011) for tropical regions simulated by Noah-MP. Additionally, Brunsell et al. (2020) reported overestimation of
LAI with dynamic Noah-MP for the Eastern Amazonian Forest which we could not find here. ECland suffered from overall
strong relative biases regarding LAI in dynamic simulations. The underestimation of prognostic LAI was already shown by
Boussetta et al. (2021). Substantial biases also occurred in Noah-MP (also shown by Huang et al., 2022), but especially so for
short or sparse vegetation types. The latter could be due to LAI overestimation in the early growing season as reported by Cai
et al. (2014). Also, Liu et al. (2016) found that neither look-up table LAI nor predicted dynamic LAI annual cycles seemed to
reproduce LAI observations for short vegetation. On the other hand, Pilotto et al. (2015) achieved satisfactory model predictions

for crop sites without vegetation dynamics. Thus, for short vegetation such as grasslands, the Noah-MP Crop module maybe
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better represents LAI dynamics (Liu et al., 2016), which should be tested in the future.

The performance of NEE and GPP in ECLand was not very sensitive to different vegetation dynamics. Generally, using static
MODIS climatology yielded the best predictions of GPP and NEE, although the correlation between modeled and observed
NEE was generally low (mean Pearson correlation coefficient was 0.44). In many sites, even static simulations with default
climatology resulted in comparable performances. Interestingly, adding more detailed information by using MODIS single-
year LAI forcing did not further improve model performance (not shown), as we would have expected if LAI dynamics
contributed substantially to enhancing model performance for the carbon fluxes. However, other authors found improved model
performance of turbulent fluxes, GPP and soil moisture for roughly 50% of their set of sites by updating the LAI forcing using
near real-time data assimilation (Boussetta et al., 2015). In other words, a more frequent reset of LAI to the correct value can
improve the ECLand performance in general, but did not have an effect for the annual resolution applied here.

Assimilation of LAI during model runs and instead of fixed forcing (as in a static case) also improved LAI and GPP model

quality in a study by Xu et al. (2021) using dynamic Noah-MP. We, therefore, expeet-expected that LAI dynamics potentially

improve model quality regarding carbon fluxes ; st-this S
vegetationwhich was predominantly not the case. However, dynamic Noah-MP is already known to overestimate GPP (Ma
et al., 2017; Liang et al., 2020; Brunsell et al., 2020). Especially short and sparse vegetation types suffered from low predictive
effieieneies-power mainly in NEE correlation (Yang et al., 2021) and in GPP relative bias (Li et al., 2022) which could be also
observed here. None of the parameter sets Yang et al. (2021) tested for simulations with dynamic Noah-MP resulted in well-
fitting predictions of daily changes in NEE for three of the four sites with short vegetation within ChinaFLUX. Note, however,
that LAI, NEE and GPP of short and sparse vegetation was-were also not well-represented in static runs either. Also, Kumar

et al. (2019) could only achieve marginal improvements in GPP representation by dynamic Noah-MP due to LAI assimilation

for crops and grasslands which suggests that LAI dynamics had only a limited effect on simulated NEE there. One possible

reason for lower predictive power of the models regarding the carbon fluxes of short or sparse vegetation could be that these
vegetation types more quickly and dynamically respond to fluctuations in the environment (e.g. soil moisture limitations).
Forest ecosystems might be able to compensate restrictions by a larger intrinsic carbon storage or deeper roots resulting in

less variability of their productivity within and between the years. It seems that both models investigated here cannot mimic
this differentiation. Nonetheless, it was shown here that correlation coefficients for GPP simulated with dynamic Noah-MP

were high (also found by Liang et al., 2020; Li et al., 2022) and, at the same time, relative bias was small for all forests
except the evergreen broadleaf forests (see section 3.1 and Fig. Al). Thus, although some previous studies found substantial
uncertainties in modeled GPP for different vegetation types (Ma et al., 2017; Liang et al., 2020; Li et al., 2022), predicting
ecosystem variables using dynamic Noah-MP could be useful at least for forests in studies when LAI climatology cannot be
used such as climate change impact studies.

Considering the opposing biases in NEE (and GPP) indicates that the models differ in their estimates of ecosystem respiration.
One important difference is the sequence of the calculation of GPP, NEE and respiration. ECLand estimates net assimilation
and respiration first separately whereby respiration is set to be 11% of net assimilation and, then, both are used to calculate

GPP. In Noah-MP, the first estimate is for GPP which is reduced by respiration to gain a values for NEE and, additionally,
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respiration is scaled by GPP and available biomass inelusively-inclusive of LAI Including our findings, for dynamic ECLand,
the underestimated LAI directly transfers into lower NEE values and, thus, also to GPP since respiration is a fixed fraction
of NEE. Apart from the fraction of GPP that is directly needed for metabolism, the estimation of respiration in dynamic
Noah-MP also considers leaf maintenance which is another difference compared to ECLand. As a result, respiration is slightly

overestimated in ECLand, and slightly underestimated in Noah-MP.

4.2 Model performance of turbulent fluxes and soil moisture were almost unaffected by vegetation dynamics in both
LSMs

The model performance of ECLand and Noah-MP regarding heat fluxes and soil moisture seems almost insensitive to veg-
etation dynamics. Correlation, variability and bias of turbulent fluxes in this study were comparable to other studies. While
evaluating static ECLand with FLUXNET data, Stevens et al. (2020) found correlation coefficients of 0.79 and 0.77 for the
annual cycle of latent and sensible heat, respectively, and Boussetta et al. (2013) showed a mean correlation coefficient of 0.81
for 10-day averages of latent heat. For Noah-MP, statistical measures for turbulent fluxes and soil moisture were mostly in line
with other studies (Niu et al., 2011; Ma et al., 2017; Yang et al., 2018; Xu et al., 2021) although Pilotto et al. (2015) presented
lower correlation coefficients between 0.20 and 0.43. Interestingly, Ma et al. (2017) showed opposing relative bias for evapo-
transpiration on annual time scale over the continental U.S. of 4% and 22% for static and dynamic simulations, respectively.
For ECLand, it had little impact on turbulent fluxes whether vegetation was simulated dynamically instead of statically. Model
performance for LE and EF changed only for some sites and towards lower performance (see section 3.2). The predominant
underestimation of LE agrees with the findings of Stevens et al. (2020). For dynamic ECLand, the underestimation of GPP
and LAI (also in Boussetta et al., 2021) could also be the reason for the poor correlation of EF between modeled and observed
values because the energy fraction that is used for transpiration is underestimated. Boussetta et al. (2021) found that dynamic
vegetation in ECLand improved numerical weather predictions. There, the main improvements in model performance were
achieved through updating land cover maps and the LAI in the look-up table or by including LAI seasonality which both is
comparable with our experiment using MODIS climatology in static ECLand simulations. Here, we could not confirm theses
findings being related to improved performance in heat fluxes since model performance of LE and EF were almost unaffected
by the used LAI forcing, which was already experienced by others (Stevens et al., 2020; Nogueira et al., 2021). The reason
might be that parameters are adapted to the prior vegetation information (Ruiz-Vésquez et al., 2023) and, thus, the model needs
a re-calibration.

Also for Noah-MP, activating vegetation dynamics had mostly little impact on LE and EF predictions. A slight improvement
in model performance was found for some sites with short vegetation types or semi-arid climates. Ma et al. (2017) found that
using LAI climatology resulted in better model performances for LE than simulations with activated vegetation dynamics for
Noah-MP using the monthly FLUXNET Multi-Tree Ensemble data over the U.S.. However, here, we did not find enhanced
biases in LE predictions with dynamic Noah-MP compared to the static simulations as they did which could be due to the
differing timescales for model evaluation. Both, overestimation and underestimation of LE predicted by dynamic Noah-MP is

reported in the literature (Brunsell et al., 2020; Ma et al., 2017; Cai et al., 2014). Brunsell et al. (2020) showed a positive bias of
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monthly evapotranspiration in the Eastern Amazonian Forest simulated with dynamic Noah-MP while we found a negative bias
of LE for the FLUXNET site GF-Guy. For short vegetation types, using the Noah-MP Crop module with activated vegetation
dynamics might be sufficient in predicting surface fluxes (Liu et al., 2016). Achieved improvement for LE might be not as large
as for sensible heat flux (Liu et al., 2016) which could be a reason for poor performances in EF presented here.

Although vegetation and soil moisture state variables are directly coupled within land-surface models, we found almost no im-
pact of different vegetation modeling on soil moisture predictions for both models. Activating vegetation dynamics or changing
LAI forcing did not improve soil moisture representation on average. The reason might be due to the implemented interaction
of carbon and water processes. First, the potential photosynthetic activity in dependence of leaf area and radiative conditions is
calculated. Then, the limitation factor of extractable water is estimated according to available soil water and roots. Lastly, the
photosynthetic activity is adapted to that restriction and transpiration rate adapted to conductivity and atmospheric conditions.
As a result, the only included path is that soil moisture impacts photosynthetic activity and biomass build-up. But there is
no feedback that more biomass needs/loses more water that will be taken from the soil because photosynthetic activity in the
models relates only to the carbon fluxes but not to the water fluxes.

Additionally, modeled soil moisture suffers from substantial biases in both directions which was also found by Liang et al.
(2020) for Noah-MP and by Garrigues et al. (2021) for ECLand although correlation between observed and modeled soil
moisture can be satisfactory (Beck et al., 2021; Xu et al., 2021; Pilotto et al., 2015; Liang et al., 2019). The reason might
be underlying default values for soil characteristics such as field capacity and permanent wilting point that possibly deviate
from on-site soil conditions and optimal values for soil parameters are still uncertain (Li et al., 2020). Alternatively, it could
be an effect of differing scales since the observation from FLUXNET refers to point measurements. The Multiscale parameter
regionalization (MPR) might provide an improved way to estimate soil parameters by applying pedo-transfer function on local
soil characteristics and, recently, has been applied to Noah-MP in a proof-of-concept (Schweppe et al., 2022).

Overall, the model performance of soil moisture and heat fluxes was barely affected by vegetation dynamics or applied LAI
forcing. However, the sensitivity to LAI might be given since van den Hurk et al. (2003) found some effect of changed LAI
values given into TESSEL, a predecessor of ECLand, as well as Ma et al. (2017) and Zhang et al. (2016) did for Noah-MP.
Xu et al. (2021) showed improved LE and soil moisture simulations with more realistic LAI although, also there, the effect
was not only site-dependent but also differed with season and year. But those authors also highlighted that transpiration is
only partly determined by LAI and other factors controlling the canopy conductance to water vapor might play a larger role.
Therefore, other compensating mechanisms may explain low elasticity between LAI and LE or soil moisture (see section 3.2).
Yang et al. (2011) demonstrated that the applied runoff scheme more strongly determined model performance of soil moisture
and evapotranspiration than the schemes for dynamic vegetation, stomatal resistance and soil moisture stress. Still, optimizing
parameters can be effective in improving model predictions which could be shown by several studies (Bohm et al., 2020; Li
et al., 2021, 2020). Even more, the sensitivity of soil moisture to vegetation parameters was shown to enlarge with dynamic
vegetation representation (Arsenault et al., 2018). Yet, uncertainty about the optimal values for especially soil and vegetation
parameters remains (Li et al., 2020).

Overall, the impact of vegetation dynamics and LAI on turbulent heat fluxes and soil moisture in this investigation was slim
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across sites and seasons for both models. Thus, modelers who are mainly interested in the performance of carbon processes
should be careful using performance metrics for hydrological variables as a proxy (e.g. LE) because the model formulation
for the latter might have controlling processes other than LAI or NEE which dominate the result. Whether applying vegetation
dynamics in model simulations is advantageous might depend on the target variables. While, for heat flux predictions, using
MODIS climatology might be sufficient, activating vegetation dynamics could play a role for improve carbon flux predictions

at seasonal or annual timescale (Jarlan et al., 2008).
4.3 Discrepancy between observed and simulated GPP-LAI relationship is caused by model structure

The substantial scatter in the observed relation between GPP and LAI is in close agreement with previous work, showing that
GPP also depends on the short-term availability of resources (e.g., light, soil water) (Hu et al., 2022). Additionally, Zhang et al.
(2021) found that in LSMs the relation between LAI and GPP was too tight. We therefore checked the underlying relations in
the models causing this.

GPP-LALI relationship in Noah-MP showed a clear exponential hysteresis (see section 3.3). The EAl-dynamies-inNoah-MP

—while-This hysteresis is related to the partitionin
of GPP to the carbon pools in the plants and to LAI reducing processes as leaf turnover and leaf die-backreduee EAL-. Eeaf
Noah-MP uses a non-linear function for allocation of GPP to the leaves that limits the maximum LAI the model can grow

resulting in the LAI saturation in summer that can be seen in Figure 8 m-p. On the other hand, leaf turnover due to leaf aging is
implemented as a linear function of leaf mass —leaf-while leaf die-back due to environmental limitations follows exponential

functions. Taken together, leaf die-back dominates in the later growing season which results in the hysteresis. The reduction
of LAI (i.e., leaf die-back) is implemented to be dependent both on water and temperature stress, but temperature stress is the
main driver. In the specific implementation used here, water stress only occurs at a very low soil saturation of 0.1 vol% for
silt loam exemplarily which is even below the permanent wilting point of this soil texture type according to the look-up table
value. These values are rarely reached and, thus, water stress is negligible most of the time. In contrast, temperature stress is
implemented as an exponential function causing the late growing season non-linear decline of GPP observed throughout the
non-tropical sites. Temperature stress is at maximum at 5 °C' for forest ecosystems resulting in no active biomass below this
threshold. For this reason, LAI values are almost constant at the tropical forest site because temperature is never limiting there.
ECLand with static vegetation shows a similar pattern of seasonal dynamics as Noah-MP with vegetation dynamics but with
less pronounced exponential relationship. In contrast, dynamic ECLand simulates LAI that is strongly coupled to daily meteo-
rological conditions, leading to higher daily fluctuations of LAI than expected, including strong drops of LAI in summer. Three
processes govern these daily LAI dynamics: GPP, respiration and senescence. GPP is linearily related to LAI and varies with
environmental and meteorological conditions causing the variability in static runs. In dynamic runs, losses in biomass due to
high or low daily GPP linearly affect LAI. In other words, unfavourable GPP can reduce LAI almost immediately. The second
process affecting LAI is senescence. ECLand distinguishes growing and senescence phases by comparing active biomass due
to assimilation with the biomass from the previous time step. If active, then senescence is a linear function of active biomass

and a folding-factor. The folding-factor reduces part of the senescent biomass, depending on photosynthesis (reduced in the
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case of high assimilation) and LAI. Overall, the folding-factor changes only slightly with LAI. Additionally, a reduction of
LAI and, thus, active biomass due to reduced GPP (as explained before) causes the model to trigger senescence because the
active biomass of the previous time step was higher. The third process is respiration. About 11% of physiologically possible
assimilation is used for dark respiration without considering actual light conditions. This might cause high values of dark respi-
ration compared with possible assimilation based on meteorological conditions and, thus, reduce net primary production, even
producing negative values. Notably, no aboveground biomass storage is built up and there is no turnover. Most locations show
a linear relationship comparable to ECLand but with a higher variability (Fig. 8 first and feurth-third row). This might be due
to the fact that leaf growth and leaf fall, in particular for trees, happen on longer timescales than the daily one as implemented
in ECLand which inhibits immediate effects of GPP on LAI

Overall, the current implementations of leaf dynamics in both models use very different approaches to represent LAI dynamics.
In Noah-MP it is mainly temperature-driven, and GPP depends little on LAI once the canopy is fully developed. In contrast, in
ECLand, LAI and GPP are coupled very tightly and, thus, the LAI dynamics follow almost the same sensitivities to water lim-
itation and radiation as turbulent fluxes, which is unrealistic. Realistic LAI is less dynamic and less sensitive to environmental
conditions, as also indicated by the observations. Hence for very different reasons, in both models the performance regarding

LAI and turbulent and carbon fluxes is disconnected.
4.4 TImplications and limitations

For modeling LAI and carbon fluxes, using dynamic vegetation modules in their current implementation in either model is not
yet efficient because they increase model complexity encompassing more dynamic processes and parameters without improving
the predictive skill. As the dynamic vegetation components in ECLand are still under development, findings from this study can
help better understand and represent the processes involved to improve its performance in modeling carbon and energy fluxes.
But also for Noah-MP, we showed that the dynamic vegetation module has potential for improvement especially related to the
relationship between GPP (and thus also NEE) and LAI. Underlying processes such as carbon allocation, root dynamics, plant
hydraulics, feedbacks on photosynthesis and their parameterization can still be worked on (Ma et al., 2017; Li et al., 2021).

Overall, we recommend using MODIS climatology forcing er-alternative-remete-sensingEAl-produets-for static simulations
which yielded the best model performances for carbon and water fluxes. This might be valid for other remote sensing LAI

The value of a model evaluation like in this study depends on the reliability of the included datasets. Uncertainty in the forcing
data might have a larger impact on the model runs than processes within the models (Zhang et al., 2016), but Haughton
et al. (2016) demonstrated that observational errors, in general, are unlikely to cause poor model performance. Nonetheless,
model evaluations are also restricted by uncertainty in the reference data (Li et al., 2022) especially when considering flux
measurements (Li et al., 2019). We tried to address by carefully inspecting the time series data from FLUXNET2015 before
their usage. However, as in all measurements, there are still uncertainties, e.g. from instrumental errors or incomplete energy
balance closure.

Also, the MODIS dataset harbors uncertainty originating from cloud coverage, especially in the tropics. We tried to minimize
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this uncertainty by excluding all days from the dataset that were flagged with significant cloudiness. But saturation also limits
the representativeness of the LAI measurements. Even when using only data with the highest possible quality flag, we found
suspiciously low LAI values in summer for temperate forests and grasslands, and especially for tropical forests throughout
the year (Fig. 8 ¢). Fhus; also-the reference data-are uncertain Noisy and uncertain LAI data from MODIS for tropical forests

was already reported among the literature (Weiss et al., 2007; Garrigues et al., 2008; Xiao et al., 2016; Zhang et al., 2024). As

a result, reference data remains a source for uncertainty and a deviation frem-them-in model outputs from it is expected. In any
case, reference data is essential for model verification, calibration, and validation but should be treated carefully concerning its

reliability and uncertainty.

5 Conclusions

Land-surface models often include modules for dynamic vegetation processes. Yet, an evaluation of the representativeness of
key variables such as leaf area index or net ecosystem exchange is rarely done on high temporal resolution. The impact of
different parameterization of vegetation processes on water and carbon flux estimates by land-surface models is still poorly
understood. Therefore, we evaluated the change in model performance of ecohydrological target variables when dynamic veg-
etation processes are included for two land-surface models and further gained insight into critical process implementations that
lead to the observed patterns.

Surprisingly, neither for ECLand nor for Noah-MP, including modules for dynamic vegetation in their implementation im-
proved the model predictions of ecohydrological variables. We expected vegetation dynamics in these land-surface models to
better capture the higher variability in ecosystem exchange, especially that of highly dynamic short or sparse vegetation types,
but this was predominantly not the case. Using alternative input for leaf area index other than default climatology also had a
negligible effect on the model performance but this needs to be evaluated in more detail since we were limited in data sources.
Moreover, model performances of carbon and hydrological fluxes appeared to be weakly coupled. Therefore, the question arose
whether exchange fluxes themselves in these land surface models are sensitive to changes in leaf area index estimates and not
only to changing parameter sets. Indeed, different leaf area index estimates lead to different predictions in exchange fluxes
but without affecting the overall model performance of these variables. This might be caused by the mismatch in the seasonal
patterns between observations and models for the relationship of gross primary productivity and leaf area index. While this
relationship in dynamic Noah-MP showed a logarithmic hysteresis, mainly driven by temperature, both variables are tightly
linearly coupled in dynamic ECLand without allowing for the leaf area index to remain unchanged in suboptimal conditions
for photosynthesis.

This deeper analysis of the model performance for ecohydrological fluxes that pinpoints to the reasons for model behavior was
only possible with a reduced number of models. We used specific setups for the two land surface models evaluated here. Adapt-
ing or changing parameters and investigating the effect of other processes within the models were beyond the scope of this
study. At this point, it remains unclear how representative our model selection is for the performance and process evaluation

of other land surface models. Nonetheless, we highlighted some crucial relationships in the implementation of vegetation pro-

28



655

660

cesses that have the potential for further improvement. Additionally, they might be a good starting point for a similar intensive

investigation with other land surface models or other alternative LAI climatology.

Code and data availability. Observational data from the FLUXNET2015 dataset were accessed via FLUXNET data portal (fluxnet.org,
2020). Observational data for TERENO observatory "Hohes Holz" can be found at PANGAEA (Rebmann and Pohl, 2023). IGBP Land
Classification is published by National Center for Atmospheric Research (2022). Aridity index was taken from Trabucco and Zomer (2018).
Gap-filling of meteorological data was done by using ERAS re-analysis product (Hersbach et al., 2020), accessed by Climate Data Store API
(Copernicus, 2018). USGS vegetation types can be found at University Corporation for Atmospheric Research (2023). Global gridded soil
information (Hengl et al., 2014) is available at https://soilgrids.org. MODIS Leaf area index was retrieved via Earth Data Portal from NASA
(Myneni et al., 2015).
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Appendix
A.01 Dynamic ECLand processes

For more details, see the published model descriptions (Boussetta et al., 2012, 2013, 2021). Photosynthesis model is based on

Calvet et al. (1998). Therein, potential net assimilation A,, is estimated from physiological constrains as

9meso * (Ci - Ccomp)

Ap=Amaz - (1 - 67 Ama:c ) (A.1)

where A, is the leaf photosynthetic capacity, geso 1S the mesophyll conductance, ¢; is the leaf-internal C'O5 concentration

and ccomp is the C'O2 compensation point. Potential gross assimilation A, then, is calculated as

Ay= (A, +Ry) € (A2)
where Ry is the dark respiration from

Ry=An-fr (A3)

with fr = % as dark respiration factor, and where € is a quantum use efficiency factor, estimated as

€0 Epar
e=1—e An+Rq (A4)

where € is the maximum quantum use efficiency and Ep4r is the absorbed photosynthetic active radiation. Actual gross

assimilation G PP results from
GPP=A,-LAI-p, (A.5)

where LAI is the leaf area index of the prior time step and p, is the air density corrected for humidity.
A,, is used as the maximum leaf assimilation for the senescence model (Calvet and Soussana, 2001). To avoid immediate leaf

die-back, a damping factor for senescence f; is introduced as

An meso * 1 0-321. LAI
~max((rmeso - 1000) 1) (A6)

Tliim * ts -8 s .
———— max(107°, -min(1,
100- Nday ( Nday ( Amaw ) fLAI

where 7;;,, is a limiting factor for immediate biomass loss, ¢ is the damping time for senescence, which basically is the amount

fs = max(

of seconds per year, N 4q, is the amount of seconds per day, A, is the maximum photosynthesis rate with optimal conditions
and fr a5 is a LAI correction parameter that reduces mortality at high LAI values which would occur due to shadowing. The
amount of biomass loss Bj,ss then is

1
Bloss =min(B — LALyin - frar-p,B-(1—e f5)) (A7)
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where B is the biomass of the prior time step and f 47— p is a conversion factor between LAl and B. Then, biomass B is

updated by subtracting Bj,s,. The change in biomass due to assimilation B, results from
Bgain = maX(LAImin . fLAI—B - B, An : beiom) (AS)

where fopiom =~ 0.68 is a factor converting the amount of C'O5 uptake from assimilation to carbon in dry biomass. Biomass B

is updated again by adding B ;. In the end, this updated biomass is transferred into an updated LAI value by

B
LAI = (A.9)
Jrar-B
LAI determines the interception reservoir W by
WZWmax'(CB-i-CH-LAIH-l-CL-LAIL) (A.10)

where W, .. is the maximum thickness of the water layer on leafs or bare ground, cp, ¢y and ¢, are the fractions for bare
soil, high vegetation and low vegetation on a grid cell and LATy and LAI}, are the LAI values for high and low vegetation,

respectively (Boussetta et al., 2012). Additionally, canopy resistance r. depends on LAI via

Ts,min
re=f1f2f3" T AT (A.11)

where 75 ., is the minimum stomatal resistance and f;,, are the restriction factors for low input in shortwave radiation, soil

moisture stress and saturated atmospheric conditions (Boussetta et al., 2012).
A.02 Dynamic Noah-MP processes

For more details, see the published model descriptions (Niu et al., 2011; Ma et al., 2017; Oleson et al., 2012). The model for

leaf dynamics within Noah-MP is based on Dickinson et al. (1998). Leaf biomass Cjcq is balanced over time with

0Cleq
(;t ! = .fleaf . Atot - (dstress + dturnover + Rleaf) : C’leaf (A12)

where A, is the total carbon assimilation rate, fi.. s is the fraction of allocation to the leaves, dg;yess is the dying rate caused
by cold and drought stress, dtynover 1S the turnover rate due to senescence, herbivory or mechanical loss as a vegetation-type

dependent parameter and R is the respiration rate of the leaf biomass. ficqs is determined by LAI via

Freaf = eO.OLLAI(l—eX'LAI) (A.13)

where y = 0.75 is a parameter defining the partitioning of carbon allocation between leaves and stem. A, is split up to

photosynthesis rates from sunlit and shaded leaves, respectively:
Atot =12 10_6 . (Asunlit : LAIsunlit + Ashaded : LAIshaded) (A14)

where the first factor is for unit conversion. The partitioning of sunlit and shaded LAI results from a two-stream radiation

transfer scheme (Niu et al., 2011). Assimilation rate for sunlit and shaded leaves, respectively, is estimated with a bottle-neck
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principle as
A:Igmin(AL,Ac,As) (A15)

where I, is a growing season index according to leaf temperature and Ay, Ac, Ag are the photosynthesis rates limited by
light, Rubisco and export, respectively (Bonan, 1996). Ay, results from

B 4.6-¢€- EPAR(Ci - Cco’mp)

Ar
Ci + 2Ccomp

(A.16)

with ¢; being the leaf-internal C'O» concentration, c.omp being the C'O, compensation point, € being the quantum use efficiency

and E'p 4 being the absorbed photosynthetic active radiation. Additionally, Ag = 0.5 - V,;;4, and

Vinaz(Ci — Ceomp)
A — max 1 comp A.17
© Ci+Kc(1+[C(DO) ( )

where ¢, is the atmospheric Oy concentration, K. and K, are the Michaelis-Menton constants for CO5 and O5 (Collatz et al.,
1991), respectively, and V,,,4, is the maximum carboxylation rate, defined by

Ty —25

Vmaac = Vmazx,25 " Omas foT1,6 (Alg)

where V42,25 is the maximum carboxylation rate at 25 °C,, qunq, is a temperature conversion factor, 7), is the vegetation
temperature, fx is a factor for nitrogen limitation of the leaves, fr, is a factor for temperature limitation (Collatz et al., 1991)
and [ represents the limitation by available soil moisture.

dsiress for the leaf mass balance is estimated from

—0.3-max(0,Ty —Tyin) Cleaf + dd

150 py - € 1008 (A.19)

dstress = dcold €

where T,,,;,, is a vegetation type dependent threshold temperature for leaf survival, 3 is the soil moisture limitation factor and
dcorq and dgy, are vegetation type dependent dying rates (prescribed parameter) for temperature and dryness stress, respec-

tively. Leaf respiration Rjcqy is calculated with

LAI
Rleaf = fres((fleaf - 7) : Atot — Ry (A.20)
X fleaf
where f.., is a factor defining the fraction of assimilation that is used for respiration and R; is the respiration for leaf mainte-
nance from
C —C ;
Ry = min(—2L—Zeal 0 0.5.12.1070 (T, - LAL- 3. N\ (A21)
CN,max

where Cleq f,min is the minimum leaf biomass, At is the time step duration, 0.5 is a reduction factor for respiration during

non-growing season, 7;(7;,) is the vegetation type dependent respiration rate for leaf maintenance at 7, and CNCN is the

nitrogen saturation within the leaves. Afterwards, net primary production N PP is estimated as

LAI

NPP = (fieaf — ——
(l ! X'fleaf

) Ator — Ricay — R (A.22)
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GPP is setto A and LAI is updated with
LAI =Cleof - frar-B (A.23)

where f; 47— p is the leaf area per biomass.

Assimilation rate A determines the stomatal resistance r by

l:g . +m'pair'A Cair
Ts men Cair €sat (Tv)

(A.24)

where ¢,,;, 1S the minimum stomatal conductance, m is an empirical parameter for the relationship between transpiration and
COs flux, py;r- is the surface air pressure, cg;, is the CO2 concentration at leaf surface, e, is the vapor pressure at leaf surface
and egzq¢ (7)) is the saturation vapor pressure inside the leaves (Ball et al., 1987; Bonan, 1996). ' then is used to estimate latent

heat flux and, thus, evapotranspiration.

33



A.03 Additional figures

GPP evaluation
(a) ECLand: default climatology (b) ECLand: MODIS climatology
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Figure Al. Change of model quality metrics for GPP prediction when switching on dynamic vegetation for all included sites and by using
default climatology (left) or MODIS climatology (right). The star (“Observ””) marks the location of the perfect correlation between obser-
vation and model and perfect agreement between observed and modelled variance. The model performance of the static runs can be read

from the start of each arrow. The point colors indicate the site aridity (top right legend). Vegetation types are symbolized by different marker

types (bottom right legend).
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SM evaluation

(a) ECLand: default climatology
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Figure A2. Same as before but for soil moisture.

A.04 Performance metrics tables
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Table A1. Relative bias for LAI. The word climatology is shortened with clim.. MODIS single refers to the MODIS single-year setup.

ECLand Location Noah-MP

default clim. MODIS clim. MODIS single default clim. MODIS clim. MODIS single
static dynamic | static dynamic | static dynamic static dynamic | static dynamic | static  dynamic
-68% 17% | -28% -73% | -31% -73% | AT-Neu -54% -14% 5% -14% 0% -14%
0% 22% | -24% 20% | -42% 19% | AU-DaS -54% 2151% -9% 2151% -3% 2151%
7% 0% | -17% 1% | -17% -1% | AU-How | -75% H27% -3% H27% -1% H427%
153% 24% | -51% -36% | -50% -36% AU-Stp 176%  2+4231% 4%  2H4231% 5%  2H4231%
-31% -74% -1% -712% 0% -71% | AU-Tum 0% -5% 0% -5% 1% -5%
29% 51% 7% 48% | -10% 47% | BE-Lon -28% 110% 3% 110% 0% 110%
-26% -19% | -16% -18% | -15% -18% BE-Vie 3% 9% -6% 9% -6% 9%
-4% -10% | -12% -11% | -14% -11% | CA-Oas -3% -71% -3% -7% -5% -10%
51% 52% | -17% 47% | -17% 47% | CA-Qfo | 200% 92% -7% 92% -7% 92%
-19% -67% | -35% -67% | -34% -67% | CH-Fru -44% -3% -5% -3% -4% -3%
-95% 141% | -10% 148% | -10% 148% | CH-Oe2 6% 146% 0% 146% 0% 146%
56% 30% -8% 26% | -11% 26% | DE-Geb -20% 99% 3% 99% -1% 99%
-52% -32% | -20% -30% | -10% -29% | DE-HoH | -45% -16% -9% -16% 0% -16%
21% 44% | -11% 42% | -11% 42% | DK-Sor 13% 62% -1% 62% -1% 61%
-8% 9% | -16% -10% | -15% -10% FI-Hyy 62% -11% -6% -11% -5% -10%
-5% -16% 4% -16% 1% -16% | GF-Guy 7% 4% 5% 4% 3% 4%
-32% -9% 5% 1% -1% -T1% IT-Cpz 57% 21% 5% 21% 0% 20%
32% -22% 0% -24% -3% -24% IT-Lav 109% 14% | 12% 14% 8% 14%
2% 9% | -15% 9% | -14% -9% IT-Ren 129% 29% -5% 29% -4% 29%
78% -1% | -13% 1% | -14% -8% IT-Ro2 -38% 22% 0% 22% 2% 22%
-9% -51% | -36% -53% | -36% -53% | US-ARM 12% 144% 1% 144% -3% 144%
266% 152% | -14% 135% | -16% 135% | US-GLE | 872% 348% -3% 348% -5% 348%
182% 231% | -13% 221% | -14% 220% | US-SRM | 365% 186% -6% 186% -1% 186%
149% 87% | -15% 7% | -14% 77% | US-Ton 38% 93% -3% 93% 0% 93%
18% -57% | -40% -61% | -40% -61% US-Var 2% 100% 2% 100% -1% 100%
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Table A2. Relative bias for NEE. Note that a positive bias in NEE means an underestimation of carbon uptake by the ecosystem. Abbrevia-

tions in the headings are as before.Note-thatfor-statie Noah-MP-no-NEE-outputis-ereated:

ECLand Location Noah-MP

default clim. MODIS clim. MODIS single default clim. MODIS clim. MODIS single
static  dynamic | static dynamic | static dynamic static  dynamic static  dynamic static  dynamic
21% 20% | -34% 22% | -33% -22% | AT-Neu | —19% 23% | —25%_ -23% | —24% -23%
67% 62% | 69% 62% | 2% 62% | AU-DaS —9% _ “4-6% | —11%_ “4-6% | —11%_ -4-6%
70% 65% | 68% 65% | 68% 65% | AU-How 8% 714% 0% 714% -1% 714%
57% 59% | 65% 60% | 65% 60% AU-Stp -—22% 2% | -22%._ 2% | -22%._ 2%
2% 2% -3% 2% -3% 2% | AU-Tum | —34% -32% | —34% -32% | —33%._ -32%
-6% -6% -3% -6% -3% -6% | BE-Lon | —12% -17% | —16% -17% | —16% . -17%
18% 16% 15% 16% 15% 16% BE-Vie —6% _ -6% —5%_ -6% —5%_ -71%
-6% -6% -5% -5% -5% -5% | CA-Oas | —23% 9% | —22% 9% | —21%_ -10%
-1% -2% 10% -1% 11% -1% | CA-Qfo | —32% 31% | —22% 31% | —22% -31%
-17% -6% | -15% -6% | -15% -6% | CH-Fru —2% _ -6% —6% _ -6% —6% _ -6%
5% -20% -9% -20% -9% -20% | CH-Oe2 | —20%_ -26% | —21%._ -26% | —21%__ -26%
7% 1% -4% -7% -4% -7% | DE-Geb | —15% -18% | —19% -18% | —18% -18%
7% 3% 3% 3% 2% 3% | DE-HoH | —16% 6% | —21% 6% | —21% -6%
-1% -4% 0% -4% 0% -4% | DK-Sor | —20% 1% | —19% 1% | —19% -9%
5% 6% 6% 6% 6% 6% FI-Hyy —3% _ -4% —6% _ -4% —0% _ -6%
13% 14% 13% 14% 14% 14% | GF-Guy | —62% -54% | —62% -54% | —61% -54%
15% 10% 7% 9% 8% 9% IT-Cpz —40% _ -30% | —36% -30% | —34% -33%
45% 49% | 46% 49% | 47% 49% IT-Lav -30%__ 2% | -32%_ 2% | -33%_ 32%
20% 20% | 20% 20% | 20% 20% IT-Ren 0% 5% 1% 5% 1% 5%
14% 19% | 22% 19% | 22% 20% IT-Ro2 —9% _ 3% | —18% . 3% | —17%._ 3%
-3% -1% -1% -1% 2% -1% | US-ARM —2% -9% —2% -9% —3%_ -9%
-1% 0% 2% 0% 2% 0% | US-GLE -27% -19% —1%_ -19% —1%_ -19%
60% 59% | 59% 59% | 59% 59% | US-SRM —8% _ -6% —3%_ -6% —4% _ -6%
10% 8% 15% 9% 15% 9% | US-Ton —1%_ -9% —8% _ -9% —9% _ -9%
-11% -7% -9% -7% -9% -7% US-Var —4% _ -13% —9% _ -13% —9% _ -13%
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Table A3. Relative bias for GPP. Abbreviations in the headings are as before.Note-that-forstatie Noah-MP-no-GPP-outputisproduced-

ECLand Location Noah-MP
default clim. MODIS clim. MODIS single default clim. MODIS clim. MODIS single
static dynamic | static dynamic | static dynamic static ~ dynamic static ~ dynamic static  dynamic
-25% 25% | -15% 23% | -15% -24% | AT-Neu | —25% 20% | —17%._ 20% | —17%._ -20%
-38% 31% | -39% 31% | -42% -31% | AU-DaS | —24%  -2+-16% | —22% _  -2+-16% | —21% -16%
-44% -38% | -41% -38% | -42% -38% | AU-How | —33%  -+18% | —22%  -+18% | —22%  -+18%
16% 12% 0% 10% 0% 10% AU-Stp -30%__ 30% —3% 30% —4% _ 30%
-8% -14% -6% -14% -6% -14% | AU-Tum -21% 23% | -21%_ 23% | -20%_ 23%
-8% 5% | -18% -6% | -19% -6% | BE-Lon —1%_ 42% 9% _ 42% 1% 42%
-27% 24% | -23% 24% | -24% -24% BE-Vie —1%_ 3% | —11% 3% | —11%_ -3%
-13% -14% | -13% -14% | -15% -14% | CA-Oas 4% 8% 2% 8% 0% 5%
-4% 3% | -21% 4% | -22% -4% | CA-Qfo —69% _ 41% 2% 41% —1% 41%
-15% 29% | -17% 29% | -17% -29% | CH-Fru | —32%_ -23% | —23%._ -23% | —23%._ -23%
-49% 15% | -17% 16% | -17% 16% | CH-Oe2 —2% _ 35% —1%_ 35% —1%_ 35%
-6% 5% | -12% 5% | -13% -5% | DE-Geb 4% 2% | —16% 2% | —13%_ 42%
-25% -17% | -15% -16% | -13% -16% | DE-HoH | —16% 0% —5%__ 0% —4% 0%
-34% 27% | -38% 27% | -38% -27% | DK-Sor | —27%_ -11% | —29% -11% | —29% -11%
-25% 25% | -26% 25% | -27% -25% FI-Hyy -10% -8% | —10% -8% | —10% -8%
-12% -12% -8% -12% | -10% -12% | GF-Guy —2% _ 4% 0% 4% —1% 4%
-22% -13% | -10% -12% | -12% -12% IT-Cpz -16% 14% 1% 14% 3% 13%
-51% -58% | -53% -58% | -54% -58% IT-Lav —17% _ -29% | —30%._ 29% | —32% -29%
-39% -40% | -39% -40% | -39% -40% IT-Ren 4% -11% | —21% . -11% | —21% . -11%
11% -1% -9% -3% -9% -3% IT-Ro2 —5%_ 30% | —14% 30% | —14% 30%
12% 9% 8% 8% 10% 8% | US-ARM 1% 38% 1% 38% 1% 38%
-22% 23% | -25% 23% | -25% -23% | US-GLE -33%__ 13% | —15%_ 13% | —16%_ 13%
-23% 23% | -22% 23% | -22% -23% | US-SRM 2% 5% | —=11%__ 5% | —10%_ 5%
-7% 5% | -11% 5% | -11% -5% | US-Ton —6% _ 3% —5% 3% —5%_ 3%
12% 8% 9% 7% 9% 7% US-Var —1%_ 16% 3% 16% 3% 16%
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Table A4. Relative bias for latent heat flux. Abbreviations in the headings are as before.

ECLand Location Noah-MP

default clim. MODIS clim. MODIS single default clim. MODIS clim. MODIS single
static dynamic | static dynamic | static dynamic static ~ dynamic static ~ dynamic static ~ dynamic
-27% 31% | -13% 28% | -13% -28% | AT-Neu -25% -19% 21% -19% -22% -19%
-27% -18% | -30% -18% | -37% -19% | AU-DaS | -24-14% -23-13% | 2+-12% -23-13% | -2+-12% -23-13%
-53% -49% | -51% -48% | -51% -48% | AU-How | -3+-43% -29-43% | -29-40% -29-43% | -29-40% -29-43%
2% -1% -3% -1% -3% -1% AU-Stp 8% +1% -3% +1% -4% +1%
-11% -17% 1% -17% 7% -17% | AU-Tum 5% 7% 4% 7% 54% 7%
-16% -14% | -22% -14% | -24% -14% | BE-Lon -3% 0% -3% 0% -4% 0%
-27% 20% | -19% -20% | -20% -20% BE-Vie -5% 1% -4% 1% -4% 1%
-9% -9% -9% 9% | -10% -10% | CA-Oas 3% 8% 4% 8% 3% 7%
-22% 21% | -35% 22% | -36% -22% | CA-Qfo -36% -36% -38% -36% -38% -36%
-21% -28% | -22% 29% | -22% -29% CH-Fru -30% -25% -29% -25% -29% -25%
-65% -1% | -25% 0% | -25% 0% | CH-Oe2 3% 9% 2% 9% 2% 9%
8% 3% -5% 2% -8% 2% | DE-Geb 2% 5% -1% 5% -1% 5%
-41% -33% | -30% -32% | -29% -32% | DE-HoH -12% -8% -11% -8% -10% -8%
-37% 29% | -36% 29% | -37% -29% | DK-Sor -19% -12% 21% -12% 21% -12%
-22% 21% | -22% 21% | 22% 21% FI-Hyy -34% -32% -35% -32% -35% -32%
-31% -36% | -26% -35% | -30% -36% | GF-Guy -17% -15% -17% -15% -16% -15%
21% -8% -1% 7% -3% 7% IT-Cpz 17% 16% 16% 16% 14% 14%
-40% -46% | -42% -“47% | -43% -47% IT-Lav -50% -47% -50% -47% -50% -47%
-41% 41% | -41% 41% | -41% -41% IT-Ren -43% -41% -43% -41% -43% -41%
-30% -38% | -39% -39% | -39% -39% IT-Ro2 -9% -6% -8% -6% -8% -6%
6% 4% 7% 4% 6% 4% | US-ARM 6% 11% 7% 11% 6% 11%
-62% -64% | -68% -64% | -68% -64% | US-GLE -54% -63% -73% -63% -73% -63%
-22% 21% | -27% 21% | -26% -22% | US-SRM -20% -19% -21% -19% -21% -19%
-5% -12% | -19% -13% | -19% -13% | US-Ton -8% -7% -10% -7% -10% -7%
29% 28% | 29% 27% | 28% 27% US-Var 21% 23% 17% 23% 17% 22%
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Table AS. Relative bias for evaporative fraction. Abbreviations in the headings are as before.

ECLand Location Noah-MP

default clim. MODIS clim. MODIS single default clim. MODIS clim. MODIS single
static dynamic | static dynamic | static dynamic static ~ dynamic static ~ dynamic static ~ dynamic
-34% -39% | -21% 37% | -22% -37% | AT-Neu -12% -10% -9% -10% -9% -10%
-43% -36% | -47% -37% | -53% -37% | AU-DaS | -5+-40% -43-34% | -44-35% -43-34% | -43-35% -43-34%
-49% -45% | -47% -45% | -47% -45% | AU-How | -29-43% -22-40% | -25-38% -22-40% | -25-38% -22-40%
-14% -18% | -16% -17% | -17% -17% AU-Stp -1% -9-10% | -H-10% -9-10% -11% -9-10%
-50% -60% | -45% -60% | -45% -60% | AU-Tum -26% -23% -27% -23% -27% -23%
-4% 5% | -10% -6% | -11% -6% | BE-Lon 8% 10% 9% 10% 9% 10%
-12% -10% | -10% -10% | -10% -10% BE-Vie 0% 3% 0% 3% 0% 3%
-4% -5% -5% -5% -5% -5% | CA-Oas -4% -1% -4% -1% -4% -1%
-21% 21% | -32% 22% | -33% -22% | CA-Qfo -33% -26% -31% -26% -31% -26%
-8% -12% -9% -12% -9% -12% | CH-Fru -10% -9% -10% -9% -10% -9%
-32% -30% | -18% -29% | -18% -29% | CH-Oe2 -4% -4% -5% -4% -5% -4%
10% 4% 0% 3% 2% 3% | DE-Geb 8% 13% 11% 13% 10% 13%
-52% -46% | -45% -45% | -43% -45% | DE-HoH -27% 21% -26% 21% -25% 21%
-14% -11% | -15% -11% | -15% -11% | DK-Sor -9% -4% -10% -4% -10% -4%
-5% -6% -6% -6% -6% -6% FI-Hyy -11% -10% -12% -10% -12% -10%
-73% -718% | -63% -18% | -67% -78% | GF-Guy -48% -42% -47% -42% -47% -42%
-12% 0% 9% 1% 7% 1% IT-Cpz 34% 34% 33% 34% 32% 33%
-25% 31% | -28% -32% | -29% -32% IT-Lav -33% -30% -34% -30% -34% -30%
7% -8% -8% -8% -8% -8% IT-Ren -13% -12% -13% -12% -13% -12%
7% -17% | -22% -18% | -22% -18% IT-Ro2 6% 16% 11% 16% 11% 16%
-71% -9% -71% -9% -8% -9% | US-ARM 1% 2% 4% 2% 4% 2%
-41% -44% | -50% -45% | -50% -45% | US-GLE -29% -26% -31% -26% -31% -26%
-8% 1% | -11% 1% | -11% -7% | US-SRM -15% -9% -13% -9% -13% -9%
5% 0% -6% 0% -6% 0% | US-Ton 1% 3% 3% 3% 3% 3%
8% 2% 7% 2% 6% 2% US-Var 9% 9% 15% 9% 15% 9%
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Table A6. Relative bias of soil moisture. Abbreviations in the headings are as before.

ECLand Location Noah-MP
default clim. MODIS clim. MODIS single default clim. MODIS clim. MODIS single

static  dynamic | static dynamic | static dynamic static ~ dynamic static  dynamic static ~ dynamic
1% 2% -5% 1% -4% 1% | AT-Neu -10% -11% -11% -11% -10% -11%
695% 680% | 704% 681% | 711% 681% | AU-DaS | 37H481% 353441% | 357455% 353441% | 356456% 353441%
196% 193% | 198% 193% | 198% 193% | AU-How | 492129% +46110% | +70114% +46110% | +69114% +46110%
116% 163% | 180% 169% | 179% 169% | AU-Stp 62% 54% 66% 54% 66% 54%
54% 57% 52% 57% 52% 57% | AU-Tum 29% 28% 29% 28% 29% 28%
10% 9% 13% 9% 14% 9% | BE-Lon -8% -13% -8% -13% -8% -13%
37% 36% 36% 36% 36% 36% BE-Vie 7% 7% 7% 7% 7% 6%
131% 133% | 133% 133% | 133% 134% | CA-Oas 73% 65% 71% 65% 71% 66%
84% 83% 86% 83% 86% 83% | CA-Qfo 97% 96% 95% 96% 95% 96%
-33% -32% | -33% -32% | -33% -32% | CH-Fru -44% -44% -44% -44% -44% -44%
53% 47% 50% 47% 50% 47% | CH-Oe2 29% 28% 29% 28% 29% 28%
82% 92% | 101% 93% | 102% 93% | DE-Geb 45% 27% 45% 27% 46% 27%
161% 154% | 152% 154% | 150% 153% | DE-HoH 109% 101% 106% 101% 105% 101%
80% 78% 80% 78% 80% 78% | DK-Sor 12% 11% 11% 11% 11% 11%
51% 50% 51% 50% 50% 50% FI-Hyy -3% -4% -3% -4% -4% -5%
251% 253% | 250% 253% | 251% 253% | GF-Guy 159% 159% 160% 159% 160% 159%
246% 230% | 228% 229% | 230% 239% IT-Cpz 124% 125% 124% 125% 123% 124%
-87% -85% | -86% -85% | -86% -85% IT-Lav -25% -25% -25% -25% -25% -25%
-42% “42% | -42% “42% | -42% -42% IT-Ren -11% -11% -11% -11% -11% -12%
75% 83% 84% 83% 83% 83% IT-Ro2 25% 16% 22% 16% 22% 16%
-1% -1% 2% 0% -2% 0% | US-ARM 14% 1% 16% 1% 16% 1%
48% 48% 50% 49% 50% 49% | US-GLE 36% 38% 39% 38% 39% 38%
455% 429% | 552% 433% | 552% 433% | US-SRM 298% 303% 339% 303% 338% 303%
36% 39% 45% 40% 45% 40% | US-Ton 6% 3% 14% 3% 14% 3%
58% 74% 72% 74% 72% 74% | US-Var 60% 53% 66% 53% 66% 53%
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Abstract. Land-surface models represent exchange processes between soil and atmosphere via the land surface by coupling

water, energy and carbon fluxes. As it-strongly-mediates—the-tink-a strong mediator between these cyclesand, vegetation is
an important component of }and-surf: Hg-5055 se-land surface models. Some land surface models

include modules for vegetation dynamicswhich-aHew-adaptation-, which allow the adjustment of vegetation biomass, especially

leaf area index, to environmental conditions. Here, we conducted a model-data comparison to investigate whether and how
vegetation dynamics in the models improves-improve the representation of vegetation processes and related surface fluxes
in two specific models, ECLand and Noah-MP, in contrast to using prescribed values from look-up tables or satellite-based

products. We eompare-compared model results with statiensfrom-the FEUXNET-2015-datasetcovering-arange-in-observations
across a range of climate and vegetation types ;-the-from the FLUXNET2015 dataset and the MODIS leaf area product, and

o ad-information—Sfrom—the TERENO a‘“Uohac Ha Mith the ant 1raelaza o on—cwitehine vase on

dynamies-on-used on-site measured leaf area from an additional site. Yet, switching on the dynamic vegetation did not enhance
representativeness of e-g-leaf area index and net ecosystem exchange in ECLand, while it improved performance in Noah-MP

improved-itonly for some sites. The representation of energy fluxes and soil moisture was almost unaffected for both models.

Interestingly, for-both-medels;-the performance regarding vegetati

variables

of the carbon and water cycle was unrelated for both models, such that the weak performance regarding-of e.g. leaf area index
did not detoriate-the-performanceregarding-deteriorate the performance of e.g. latent heat flux. One-reasen-we-showed-here;

might-be-that-We show that one potential reason for this could be that the implemented ecosystem processes diverge from the
observations in their seasonal patterns and variability. Noah-MP includes a seasonal hysteresis ef-in the relationship between

leaf area index and gross primary production that eannetbe-is not found in observations. The same relationship is represented by

a strong linear response in ECLand, which substantially underestimates the variabitity seenin-ebservationsobserved variability.

For both ;-water and carbon fluxes, the currentimplemented-modulesforvegetation-dynamies-currently implemented dynamic
vegetation modules in these two models yielded-no-did not result in better model performance compared to runs with static

vegetation and prescribed leaf-area-leaf area climatology.
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1 Introduction

Land-surface models (LSMs) represent the energy, water and biogeochemical cycles at the land surface. The-Traditionall
their main purpose has been to provide a surface component in coupled atmosphere-land models;-but-. LSMs are applied in
meteorological models, reanalysis products or in the Coupled Model Intercomparison Project (CMIP). However, their scope

is widening and new fields of application like historical land cover change simulations (Lawrence et al., 2018) or flood alert

services (Harrigan et al., 2020) are arising. Aetive-There is active development within the fand-surface-modeling-communityis

ongeingaddingland surface modeling community, with more and more features being added to existing models to make them
more realistic (Blyth et al., 2021).

Given the wide use of these models and the implications of their resultsas-they-are-tsed-in-the-Coupled- ModeHntercomparison

Projeet(CMIP), extensive model validation has been done already. Model validation covers a wide range of water, energy and

carbon fluxes at globalan

Such works

regional and site scale (e.g. Niu et al., 2011; Haverd et al., 2018; Lawrence et al., 2019; Boussetta et al., 2021).

that introduce individual evaluation schemes are often accompanied by studies that perform comparisons between them-like
Bestetal(2015)-or Krinner-et-al2048)models (e.g. Best et al., 2015; Krinner et al., 2018). Comparisons like those are con-
ducted for different reasons. For example, one aim is to create a ranking between models that allows the assessment against
alternative schemes. Using this method, Best et al. (2015) reported that simple statistical methods achieve a higher performance
in energy partitioning at eddy-covariance sites than an-ensemble-of -SMsany single LSM tested. One limitation of that study
is that they did not report metrics of individual model performance, but only normalized ones. This procedure does not allow
to judge whether the investigated methods have achieved a (dis-)satisfactory performance, since all methods might have a poor
individual model performance. Other challenges in these activities are to maintain a standard protocol for model comparison,
while not creating a superficial performance contest among them, and to minimize human errors (Menard et al., 2021).
Haughton et al. (2016) had-acloserlook-on-more closely explored the cause of poor model performance of LSMs shown in the
PLUMBER study by Best et al. (2015), which they presented as the bias for the evaporative fraction (EF) across-derived from
various tower sites exemplarily. From all different-investigated aspects they concluded that mismatches between modelled
modeled and observed heat fluxes are most likely caused by calculations within the models and not related to errors in the
observations. Yet, the-specific reasons for this mismatch, for example over-parameterization, missing processes, calibration is-
sues etc., cannot be identified by benchmarking studies or model rankings alone, but requires further investigation of individual
model performance. At the same time, the causes of poor model performance can be multifaceted, rendering their identification
challenging (Haughton et al., 2018b). Nonetheless, there-is-no-way-around-further-understanding-further LSM development
needs understanding of how individual process implementation and parameterization affect model performances;+#-1SMs-are
expeeted-to-be-further-evolved.

A wealth of studies evaluated different LSMs with respect to radiation, heat fluxes or surface temperature, and carbon fluxes.
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Carbon fluxes like gross primary production (GPP) ;-thereby;-are often validated by using global gridded fluxes like FEUXNET
Multi-Tree-Ensembles FLUXCOM (Ma et al., 2017; Jung et al., 2019; Lawrence et al., 2019). The correct implementation of
ecosystem processes and related variables is crucial to-make-use-of ESMs-inan-assessment-of-for using LSMs in assessing
impacts due to climate change for example in drought evaluation (Ukkola et al., 2016; Dirmeyer et al., 2021) because plant
transpiration directly links the terrestrial carbon and water cycle. Over-the-past-deecades;—vegetation-dynamies-became-meore
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observations—For example, a substantial underestimation of evapotranspiration {ET)-by eight LSMs during drought conditions
was shown across different plant communities (Ukkola et al., 2016). De Kauwe et al. (2015) concluded from their simulations
of drought responses for the European FLUXNET sites with the Community Atmosphere Biosphere Land Exchange (CABLE)
model that accounting for differing drought sensitivity of plant communities into LSMs may be required to correctly capture
drought impacts. Currently, most LSMs are not able to represent a-direct vegetation control on surface exchange, amengst
others-beeause-in part because they under-represent biophysical responses to changing water availability are-underrepresented

and-vegetation,-more-speetfieally-and oversimplify vegetation dynamics, in particular leaf area index (LAI) ;dynamies-are
simplified—(Forzieri et al., 2020). LSMs typically work with climatological LAI, e.g. seasonality read from look-up table

EUT)Hfilesfiles, or calculate LAI as a prognostic variable internally. At the same time, LAI has a large impact on both water
and carbon fluxes (e.g. Fisher et al., 2014), and an understanding of how its parameterization impacts flux estimates by LSMs
hetps-would help to shed light on the known discrepancies in representing vegetation.

Here, we investigate model performanees-performance for water and carbon fluxes espeetatty-with-with a focus on vegetation
processes. We additionally check the reasons for model-data mismatch, by analysis of the underlying computer source code of

the models (as stated by Dirmeyer et al. (2018)), that-which can only be exeeuted-done for a limited set of models due to the
large effort that is needed. For this scope, we chose ECLand and Noah-MP as frequently used and continuously developin

LSMs with available vegetation-dynamies-modulesmodules for vegetation dynamics. In this manuscript, we aim to answer the
following research questions: (1) Does the representation of net ecosystem exchange (NEE) and leaf-area-index<(EA)-LAI

improve, if ESMs-ECLand or Noah-MP represent vegetation dynamically? (2) How does dynamic vegetation in those =SMs

ECLand or Noah-MP impact other variables like heat fluxes and soil moisture? Does-improving-one-variable—compromise

perfermanee-in-the-other-or-improves-it-aleng-with-itDo improvements in model performance for one variable compromise
erformance for other variables? (3) What are the mechanics behind different-modeled temporal patterns in vegetation dynam-

ics and pessible-misrepresentations-ef-occurring misfits to the observations?

2 Methods

2.1 Data basis
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Site selection

The FEUXNET20+5-FLUXNET2015 dataset (Pastorello et al., 2020) provides measurements from globally distributed eddy
covariance sites. We selected a subset from all the-available FLUXNET sites, focusing on sites with long observation pe-

riods, covering different vegetation types and a gradient in aridity within each vegetation type. Vegetation types within

FLUXNET rely on the IGBP Land Classification (National Center for Atmospheric Research, 2022). The aridity index of all
sites was retrieved from the elosest-grid-eel-on-a-global-map-CGIAR-CSI Global-Aridity and Global-PET Database (Tra-
bucco and Zomer, 2018) and inverted afterwards—, bringing it back to the definition as the ratio of the long-term mean annual
potential evapotranspiration to the long-term mean annual precipitation by Budyko (1974). We excluded sites with observa-
tion periods less than 5-six years because they might not represent the local elimatotogy(Haughtonetal;2648a)—climate
(Haughton et al., 2018a) and extreme years could create a systematic bias. Due to the small number of sites per vegetation
type with long observation periods, the vegetation types savanna (SAV), woody savanna (WSA) and open shrubland (OSH).

were merged into one savanna group before continuing with the selection procedure. For each vegetation type (er-groupe-g-
forsavannasjor group, first, we seleeted-chose the site with the longest observation record. Next, other sites with similar arid-

ity (0.1 logarithmic aridity index) were dropped to avoid inclading-more-than-one-representative-site-for-each-combination
of-aridity—and-vegetation—typean overrepresentation of some vegetation type-aridity combinations due to heterogeneous site

distribution within FLUXNET. We used logarithmic values to create a linear scale of the aridity index so that a selection of
too many dry sites was prevented. Afterwards, we repeated these steps for the remaining sites and continued until no more

sites were available for selection in this vegetation type or group. For the selected sites, we double-checked data availability

and quality and replaced with an alternative site if necessary. The most common reasons for discarding sites were missin
or poor quality soil moisture data or low-quality gap-filling, which reduced the length of the observation record below the

threshold of six years. By doing so, only two sites with mixed forests (MF) were left which is critically few. Thus, we included

JM&&W&MM@MMW&BWW@ were
left with 22-24 sites, covering a rang wide
range of site characteristics as recommended by Haughton et al. (2018a) including aridity, vegetation types and observation
periods (Fig. 1 . . . .

by-Haughton-et-al(2018a)—). Additionally, we also used data of the eddy covariance site "Hohes Holz" (Rebmann and Pohl,
2023) which is part of the TERENO Harz/Central German Lowland Observatory (Wollschléger et al., 2016) and is included in

the ICOS network since 2019, because on-site measured LAI data was available for that site-DBF site.
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Figure 1. Selected FLUXNET sites grouped by their vegetation type. For each group, sites were chosen to cover a gradient in aridity (y-axis)
if available. The vegetation types are: GRA - grassland, SAV - savanna, WSA - woody savanna, EBF - evergreen broadleaf forest, CRO -
cropland, MF - mixed forest, DBF - deciduous broadleaf forest, ENF - evergreen needleleaf forest. The color scale represents the duration of

Variables used and data pre-processing

From the FLUXNET (Pastorello et al., 2020) and Hohes Holz (Rebmann and Pohl, 2023) datasets, air temperature, downward
short- and long-wave radiation, wind speed, relative humidity, air pressure and precipitation were used for model forcing.
Turbulent fluxes, e-g—i.e. latent heat flux (LE) and sensible heat flux (H), as well as net ecosystem exchange (NEE), gross

primary production (GPP) and volumetric soil water content in +6-em-10 cm depth were used for model evaluation. All data

were provided and used at half-hourly resolution. FLUXNET data was retrieved from their website (fluxnet.org, 2020).

energy balance closure, while the other one provides a continuous time series filled by Marginal Distribution Sampling. We
decided to use the first one as long as they were available in the dataset since LSMs also consider for energy balance. Missing
data in the Hohes-Holz-"Hohes Holz" meteorological dataset was filled using a Kalman filter (Sayed, 2003) for short gaps up to
3-h3 h, except for precipitation which was set to 0. For longer gaps, filling-data-the Kalman procedure tends to overestimate the
observations which resulted in offsets at the end of the filling periods. Thus, filling data for these gaps was retrieved from the
ERAS (Hersbach et al., 2020) data product {via-Climate Data-Store APHrom-Copernieus- ©20H3 EEMWEY Copernicus, 2018)

with 0.1° spatial and 1 h temporal resolution.
For calculation of the evaporative fraction %, all time steps with H < 0 were excluded. We-adepted-the-sameprocedure



to-the oE-valuestofocus-The same time steps were left out for LE to focus the comparison of turbulent fluxes on periods with
135 evaporative demand. For perfermance-evaluationestimation of model performance, we excluded fenger-gap filled periods that
were longer than one month.

2.2 Model description

We investigated how dynamic vegetation affects model outputs in two land-surface models capable of representing both

static and dynamic vegetation: ECLand (Balsamo et al., 2009; Dutra et al., 2010; Boussetta et al., 2021) and Noah-MP
140 {(Chen-and-Dudhia; 2001 Dutra-et-al;2010: Niv-et-al; 2007, 20411)(Chen and Dudhia, 2001; Ek et al., 2003; Niu et al., 2007, 2011)

ECLand

The European Centre for Medium-range Weather Forecasts (ECMWF) developed a Carbon-Hydrology Tiled Scheme for Sur-
face Exchanges over Land (CHTESSEL) (Balsamo et al., 2009; Dutra et al., 2010; Boussetta et al., 2013) which reprents
145 represents the land component of the Integrated Forecasting System (IFS). As part of the IFS, CHTESSEL has evolved into
a more flexible system ECLand (Boussetta et al., 2021), which also allows for several modular extensions. Among these, an
under-development-vegetation-dynamie-a dynamic vegetation module simulates the temporal evolution of vegetation. Therein,
LAI, vegetation biomass and vegetation coverage are calculated from the daily carbon budget, instead of taking them from
the climatological LAI. However, elimatologieat-vataes-LAI climatology can still be used for fully static or #a-partly dynamic
150 simulations.
In ECLand (IFS eyele-version “CY46R1”), each of the 19 vegetation types receives its own parameter values (e.g. for roughness
lengths, stomata resistanceto-water-and-carbon-fhux, root distribution) from EUFs-look-up tables (Boussetta et al., 2012, 2021).
These vegetation types are categorized into high or low vegetation. Each grid-cell has one dominant high and one dominant
low vegetation type, together forming the vegetation of a grid-cell (Balsamo et al., 2009). Surface fluxes are computed for the
155 high and low vegetation tiles separately then merged for the whole grid-cell according to their respeetive-coverto-be-tused-for
the-vertical-exchange-with-the-atmespherefractional cover. The vegetation coverage is calculated from a prescribed climato-
logical vegetation fraction (part of input) and a vegetation type dependent density (from EUFlook-up table) and corrected by
current LAI (Boussetta et al., 2021). Leaf-biomass-growth-INet assimilation results from carbon aceumulation-uptake of atmo-
spheric CO; by the availableleaf-area-current leaf area (defines absorbed radiation) and is restricted by environmental factors

160 such as soil moisture and nitrogen availability —(important equations can be found in section A.01). Together with the dark
respiration and after scaling with a quantum use efficiency factor, potential gross assimilation is calculated. This value, then

vegetation dynamics,

LAL forms a damping factor for biomass senescence. Biomass senescence is determined from current biomass, linearly linked
165 to current LAL and the damping factor. The change in biomass results from this updated biomass and the net assimilation.
Then, biomass is updated again and linearly transferred into updated LAI by using specific leaf area from a look-up table



(Boussetta et al., 2021). For static ECLand, the prescribed climatological LAI is used. LAI in ECLand determines the canopy
resistance for water vapour transport and thus, the evapotranspiration as well as the interception (Beussettaet-al;2042,2021H

Boussetta et al., 2012, 2013, 2021).

170 Noah-MP

Noah-MP is the widely used community Noah land-surface model (Chen-and-Dudhia; 2004 Dutra-et-al5-2610)(Chen and Dudhia, 2001; E
with multi-parameterization options (Niu et al., 2007, 2011). Predicted LAI in Noah-MP is calculated based on leaf carbon

allocation and specific leaf-area per vegetation type (Ma et al., 2017). In contrast to ECLand, Noah-MP can either use EAT
vatues-fromUF prescribed LAI values per vegetation type or depend solely on dynamic LAI estimates, without the option to
175 mix between the two.
In Noah-MP (version “HRLDAS 3.9”), parameterization-parameter values (e.g. value range of stomatal resistance, number of
rooted soil layers, specific leaf area) of the 27 vegetation types is-takenfromt-UTare taken from look-up tables. The vegetated
sub-grid area of each grid cell is dominated by one vegetation type forming a one-layer canopy. Calculation of canopy intercep-
tion and transpiration consider aerodynamic and stomatal resistances for the water vapour and carbon fluxes within the canopy
180 and between the canopy and the atmosphere (Ma et al., 2017). TherebyAmong others, stomatal resistance is predominantly
controlled by photosynthesis (Niu et al., 2011) which depends on leaf area, and is limited by light and root zone soil moisture

—Assimilated-earbon,afterwards;(important equations can be found in section A.02). Assimilation depends on LAL and is
constrained by physiology and light availability. Assimilated carbon is allocated to different plant tissues (leaf, stem, wood,
root), forming GPP, and reduced by respiration, dying and turnover processes such as drought stress and senescence represent-
185 ing leaf dynamics (Dickinson et al., 1998). Respiration rate is determined by LAI, GPP, temperature and soil moisture stress.
Carbon that is allocated to leaves together with biomass losses forming an updated leaf biomass which converts into the LAI
by using specific leaf area (Ma et al., 2017). Carbon assimilation and allocation and, thus, also GPP and NEE estimation are
usually deactivated for the static Noah-MP since a prescribed LAl is given. We adapted the model code in a way that GPP and

NEE for the static simulations are calculated anyways, but resetting all variables that would be dynamically predicted within
190  the same function.

2.3 Model setup and simulations

Simulations with activated modules that predict LAI time series will be activated vegetation dynamics or dynamic ECLand

and dynamic Noah-MP hereafter. For both models, the reference height (level of the forcing input) was set to the flux tower

height of the sites which depends on the vegetation type. The models were set up as closely as possible to the available site

195 information but there are some technical differences in the structure of the model input, i.e. in the initial files. Forcing and
model calculation were done in 30 minutes resolution if available, otherwise, hourly resolution was applied. We used four

layered soil representation and used the uppermost layer for evaluation of soil moisture which is 7 ¢m and 10 c¢m deep for
ECLand and Noah-MP, respectively. Every simulation started with a ten year spin-up phase by recalculating the first year.
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ECLand

We used ERA5-based (Hersbach et al., 2020) global initial data for ECLand and selected the grid cells where the flux towers
are located. These initial files contain information on albedo, orography, soil type, surface roughness and monthly LAI which
is not available in the FLUXNET metadata. For the simulations that use alternative LAI foreingsforcing, monthly LAI in the
initial files was replaced by the scenario specific alternative values (see section 2.3). We defined the vegetation on that grid-cell
to be either high or low vegetation (and not a mixture) depending on the site information. Forests and savannas were treated
as high vegetation types while grasslands ;-ereps-and-shrublands-and croplands were allocated to low vegetation types. The

vegetation type that fits most to the FLUXNET characterization was selected (see Tab. 1). The coverage of that vegetation type
was set to 100 %. Meteorological forcing was taken from the FLUXNET/TERENO data sets mentioned above (section 2.1).

The ECLand simulations were done with van Genuchten soil hydrologic parameters (van Genuchten, 1980), activated sub-grid

surface runoff and activated snow parameterization.

Table 1. Assignment of vegetation types used in ECLand and in Noah-MP and referred initial LAI. The values in brackets for Noah-MP
initial LAI refer to sites on the Southern Hemisphere due to shifted seasons.

Fluxnet ECLand vegetation type  ECLand Noah-MP USGS _ Noah-MP Noah-MP
vegetation vegetation vegetation class  initial LAT
type class.

ENF Evergreen Needleleaf Trees 3 (high Evergreen Needleleaf Forest 14 4.0

ME Mixed Forest/Woodland 18 (high Mixed Forest 15 20(43)
DBE Deciduous Broadlead Trees 5 (high Deciduous Broadleaf Forest 11 00(4.5)
EBF_ Evergreen Broadleaf Trees 6 (high Evergreen Broadleaf Forest 13 4.5

SAV. Interrupted Forest 19 (high Savanna 10 0.3(3:8)
WA Interrupted Forest 19 (high Sayanna 10 0338)
CRO Crops, Mixed Farmin 1 (low) Mixed Dryland/Irrigated 4 0.0 (3.0)

Cropland and Pasture

GRA Tall Grass Zdow) ~ Grassland

I

0435




210

215

220

225

230

235

240

Noah-MP

Soil type for the-Noah-MP was taken from the-a global soil grid by PEOS-ONE-(Henglet-al;-20+4)—Thesoil-types-of-the
ed(Hengl et al., 2014) by selecting the grid cell including the

flux tower location. Initial values for temperatures and soil moisture were taken as the FLUXNET/TERENO observations at

January 1st 00:36-00 h in the first year of the simulation period. Vegetation types were chosen to match as closely as possible the
USGS vegetation types {©2023-UEAR)! (University Corporation for Atmospheric Research, 2023) and the initial LAI values
were set according to the defaults in the parameter file (Fablesee Tab. 1). Vegetation cover fraction was set to +60%-100 % so
that the entire grid-cell represents the vegetation type of the observation site. Greer-Minimum green vegetation fraction was
Set 0 +-beeause-otherwise-1 % to ensure that not the whole vegetation cover dies during winter which would hinder temperate
short vegetation did-netre-grow-from growing in spring. For the simulations with alternative LAI forcing, the monthly LAI in
the EUT-look-up table was replaced by the scenario specific alternative values s-(see section 2.3). The Noah-MP simulations
were done with EUT-seil-parameterization-soil parameterization from look-up tables, Ball-Berry stomatal resistance approach
mwmmgsmg matric potential fhefefefﬁﬂéﬂﬁyLﬂﬂpheﬁ%empefafufeﬂﬁe%ehemes—thef

Leaf area index data and scenarios

tables contain annual cycles of LAI for each vegetation type separately. This default climatology is already based on values
from MODIS. For ECLand, the gridded values of LAIL were disaggregated to the high and low vegetation type of the grid

replaced manually.
LAI values were taken from the MOD15A2H data product from NASA’s EarthData portal (Myneni et al., 2015). One grid cell

of 500 m x 500 m was selected per eddy covariance tower according to the site coordinates and LAI values were-extracted—We

as-with temporal
resolution of eight days were extracted for the years 2000 to 2014. To assure reliability of the values, the "MODIS1SA2H"
data product comes with numeric quality flags. Although Fang et al. (2012) recommend using all values with quality flags less
than 64, we excluded data with guality flag 8 because many of these LAI values were extremely low during the vegetation
period which is unrealistic. Then again, due to lacking LAI values during winter or wet seasons, values with quality flags of

73 (empirically filled with clouds present), 81 (empirically filled with mixed cloudiness) and 97 (empirically filled for other
reasons) were included as a trade-off between excluding as much bad-flagged data as possible and keeping roughly the same

amount of data values for each month (see MODIS documentation for more details). Afterwards, we smoothed the remaining

values by using a Savgol filter (window length: 11, polyorder: 2) (similarly done by e.g. Xiao et al., 2011; Huang et al., 2021)
from the scipy-package (Savitzky and Golay, 1964; Luo et al., 2005) and prepared a mean annual LAI cycle for all available

! datacan-befound-here:
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Table 2. Assignment-of—vegetation—types—used—in-Options chosen for Noah-MP aceording—to-USGS—<lassification—and-—referred—initial

Noah-MP USGS—Noah-MP—vegetation—elass

Physical process initi i
Noah-MP-initiaH=AIOption
ENE-Runoff and groundwater Evergreen—NeedleleatForest+4—4-6TOPMODEL

with groundwater (Niu et al., 2007

ME-Surface layer roughness Mixed-Forest+5-2:6Monin-Obukhov
BBF-Supercooled water Deeiduous—Broadleat—Forest—H—6:0n0 _iteration

Yang and Niu, 2006

EBFRadiative transfer Evergreen—Broadleaf—Forest—3—4-5two-stream
vegetated vs. vegetation-free
g i 3 l
SAV-Snow albedo Savanna+0-03fresh snow with aging effects
W-SA-Rain/snow partitionin Savanna—+0-0-3threshold temperature at 2.2 °C'

OSH—Lower  boundary for soil ~Mixed Shrubland-9-0-2temperature at 8 m depth
temperature (part of input)

CRO—Mixed—DrylandSnow/hrrigated  4-fully implicit (original Noah)
Cropland-and-Pasture-soil temperature

time scheme

Surface resistance for evaporation 6-6Sakaguchi and Zeng (2009)
GRAGlacier treatment Grasstand-7-0-4-phase change of ice included

years with monthly resolution, further name-named MODIS climatology. For an additional experiment, the monthly LAI ef
the-first-year-of-from MODIS of each year within the simulation period was-tsedseparately was used as input, called MODIS
single-year from this point on. Each-folowing-year-was-thenforeed-by-the-monthly MOB Al-forthatspecificyear. Inca

-Missing LAI values for a month were filled b
the average value of the adjacent months. If LAI values for more-than-one-month-at least two_consecutive months were not

available, the FUTFEA-values-LAI values from the default look-up table were used for those months.Fer-the Hohes Helzsite;
alse-

For the "Hohes Holz" site, on-site measured LAI data from-Digital- Hemispherie Photography-was-availablewas available from

10
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Digital Cover Photography (DCP), which was shown to yield comparable results to established methods (Piayda et al., 2015).
For each measurement date, we averaged the values from the whole plot area and, afterwards, calculated monthly means over

time span 2014-2019. This alternative LAI forcing will be called on-site LAI hereafter. The nomenclature of all LAI scenarios

can be found in Table 3.
Table 3. Nomenclature of all model scenarios using LAI data sources.

Term LAI source

default elimatotogieatAd-climatology

type on respective grid cell (ECLand) or teek-up-table-default monthly values per vegetation
type from look-up table (Noah-MP)

MODIS etimatologieatH=Ad-climatology | mean annual cycle of monthly LAI values derived from MODIS dataset from 2000 to 2014
MODIS single-year
same as before but without averaging, resulting in an annual cycle for each year separately

within the observation period
on:site LAI
mean annual cycle of distinetyears-of-monthly LAI values derived-fromMODIS-datasetbased

on on-site measured LA en-site-measuredEAT-values-

The MODIS LAI was also applied for model evaluation but in high temporal resolution of eight days. Due to the usage of

single day values, we solely used data with geod-qualityflags<{quality flags O (no issues) and 32 )-and-(saturated) to lower
the uncertainty. Additionally, we refrained from smoothing —Gaps-were-Jeft-to avoid an offset of the LAI values and left
gaps as they were. For the static runs, comparison with MODIS LAI on daily basis provides the information how well a LAT
climatology represents the local LAI evolution and whether an incorporation of more site-specific climatology can improve
the representativeness. For the dynamic simulations, comparing modeled LAI with daily MODIS values is used to examine
whether the models are able to capture inter- and intra-annual LAI dynamics.

2.4 Performance evaluation

We-transferred-medel-Model outputs and observational data from the flux towers inte-were averaged/summed to daily values
for direct comparison. For LAI, we calculated the eight-day mean of the LAI model output ;-to correspond to the temporal
resolution of the MODIS LAI estimates. As performance criteria we used the Pearson’s correlation coefficient, the normalized
standard deviation and a modified relative bias for the model-observation relationship. Pearson’s correlation coefficient R
describes the fit between model and observation values (Benesty et al., 2009) and is calculated from the numpy-packageas-

Covgy
Ryy =

Covgy - Covyy

v. The normalized standard deviation s,

is the ratio of the standard deviation of the model predictions and the standard deviation of the observations. It is used to
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describe the models’ ability to reproduce the variability of the observations. The relative bias b applied here was adapted to
the ee-doemain-domain of the variable to avoid division by zero or by values very close to zero (especially important for NEE).
Therefor,-the-basis-of-therelative-bitas-For this purpose, the distribution of the observed values was shifted by the-mintmumeof

the-ebservationstheir minimum, resulting in only positive values with a minimum of zero:

6]

whereby y represents the model predictions, x the observational-dataobservations, T the mean and & the minimum of the
observed values. To compare the model performance of simulations with static and dynamic simulatiensvegetation, we deter-

mined the shifechange in relative bias as follows:
Ab= |bstatic| - |bdynamic| )

Negative values mean that the relative bias of the dynamic simulation was greater than that of the static simulation and, thus,

that the performance was reduced by activating vegetation dynamics.Fe-accountfor-the-dependence-of-

To investigate the sensitivity of dynamically modelled vegetation on the model performanceof-, we checked how strongly the
quality of the model simulation of one target variable to-that-(e.g. LE) depends on the model quality of another one (e.g LAI).
For this, we used the s%epeﬂf—ﬁietﬁeeffe}aﬂeﬁ%aﬂedrelasnaty in-the-following-—This-allows-an-evaluation-of the-impaetof;for

e-as a metric. Elasticity is calculated as ratio of the shift

change in one statistical measure (analogous to equation 2) for two different target variables:

po Ami 3)

Am;
where m is one of the statistical measures mentioned above, e-g—i.e. R, nermalized-standard-deviation-s,_or b, while 7 and
Jj denote different target variables, e.g. GPP or tatent-heat-fiuxLE. For variables that are strongly related, like LAI and GPP,
we expect elastieitiy-elasticity to be positive. Two variables were-considered-as-are considered independent if —0.1 < F < 0.1
because the change in m; then would need to be larger than one order of magnitude to cause a change in m;. We-plotted-the
%hrf&%@@@ggg in model performances of the target variables ‘E@@L‘l@&lm Taylor diagrams —The-class-designfor-drawing

3 Results

31

ce-Effect of dynamic or

prescribed leaf area index on leaf area and carbon uptake prediction

Figure ??-shows-the-meodel-2 shows the quality metrics for the EAl-modelperformanee-model performance regarding LAl in a
Taylor diagram. The peint-ef-optimal-moedelperfoermanee-location an optimal model simulation would occupy is indicated with

220230214

12



300

305

310

315

320

325

330

a star. The model performance of the dynamic run is shown with the symbelsymbols, while the static runs can be read from the

start of each arrow. The direction and length of each arrow highlights the difference in the performance metrics between static

and dynamic runs. Shown are simulations started (dynamic) or run (static) with defauttvs—MODIS-elimatologicalEAldefault

vs. MODIS climatology.
While in the Noah-MP simulations with static vegetation in-Noah-MP-the model performance depended on the applied1AlL

foreing—LAI forcing applied, the simulation results were unaffected by the type of LAI forcing with vegetation dynamics

switched on (Fig-22-¢+d-)-Fhis-since the symbols in Figure 2 ¢ and d have the same positions. For ECLand, this was also
the case for ECLand;-asfor-the TERENO-site-“Hohes-Holz"-butnotnecessarity-for-allsites-many sites but not all, e.g. AT-Neu
and AU-How (Fig. 22?2 a+b). Initializing ECLand with defaultclimatological Al foreing-default climatology (Fig. 2?2 a) and
activating vegetation dynamics generally increased the variance of simulated LAI compared to static simulations but it also
decreased model performance, e.g., mean Pearson correlation decreased from 0.72 to 0.62. At the same time, whether the pre-
dicted LAI fit better to MODIS observations than defaultclimatological lbAlwasrandemdefault climatology was ambiguous,
as can be seen by the shift in relative bias which ranged between —0.5 and +:91.3. On the contrary, the results for Noah-MP
showed a different pattern (Fig. 2?2 c) --because there was no clear shift to higher variances or worse correlation when acti-
vating vegetation dynamics. Especially short er-sparse (GRA+CRO) or sparse (SAV+WSA) vegetation types had the highest
changes towards decreased but also enhanced model performance for LAI. For other sites (mostly forests), modelled dynamic
LATI correlated well with the observations.

For both models, using MODIS-based-foreings-MODIS climatology instead of default climatology in static simulations resulted
in the best performances with regard to LAI of all simulations (start of the arrows in Fig. 2?2 b+d), e.g., the mean correlation
coefficient increased to 0.83 and 0.84 and mean relative bias (Tab. A1) improved to —16% and —2% for ECLand and Noah-
MP, respectively. This can be expected because MODIS was also used as reference dataset for LAI evaluation. With activated
vegetation dynamics, the performance of both models decreased, as all quality metrics shift away from the point indicating

best performance in the Taylor diagram —(Fig. 2 b+d). The same applied to the relative biases of LAI since their shift was

predominantly negative. In other words, switching on vegetation dynamics did not eontribute-to-improve-result in improved
LAI representation compared to just using MOBIS-¢climatology:MODIS climatology.

Forest ecosystems, in general, were better represented by model predictions with vegetation dynamics than short or sparse
vegetation. Figure ??-shews-in-more-detail-3 shows the results of the forest site “Hohes Holz” in more detail. Although the
representation of LAI variability detoriated when simulating dynamic vegetation with Noah-MP, those runs resulted in LAI
predictions that closely match MODIS observations (Fig. 223 d-f), represented by the-a relative bias of —6%—18% and a
correlation coefficient of 0.78. ECLand more generally suffered from targe-larger relative biases in LAI, especially when sim-
ulating with vegetation dynamics (—30% on average, Fig. 2?3 c). Change-of model-quality-metriesfor LAT-modeling-when

oh—vegetation—ayna of—a Baea S—anaoYy
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Figure 2. Change of model quality metrics for LAl when switching on vegetation dynamics for all included sites and by using default

climatology (left) or MODIS climatology (right). The star (“Obsery”) marks the location of the perfect correlation between observation and

model and perfect agreement between observed and modelled variance. The model performance of the static runs can be read from the start

of each arrow. When no arrow appears, either no correlation could be calculated (e.g. for evergreen forests where default climatological LAI

is constant) or values could not be placed on the logarithmic axis. The symbol colors indicate the site aridity (top right legend) as following:

index (AI) < 0.6, humid - AT < 1.25, sub-humid - AT < 1.54, dry sub-humid - Al < 2, semi-arid - Al < 5, arid -
Al > 5 (Ashaolu and Iroye, 2018). Vegetation types are symbolized by different marker types (bottom right legend).

red-dotted-vertical- line-marks-the-optimum-of-each-measure: The only scenario where model performance generally increased
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for ECLand, was through switching on vegetation dynamics compared to static runs with default climatology.

In contrast to LAI, the model performance of ecosystem exchange variables in ECLand was less affected by activating vege-
tation dynamics. A common feature is ;-hewever-that the variance predominantly increased when using dynamic vegetation
(Fig. 224 a+b). Mostly, sites with short or sparse vegetation reacted more sensitively to dynamic vegetation modeling in their
NEE and GPP representation especially when forcing with MOBIS-elimatologyMODIS climatology, which is indicated by the
longer arrows in Fig—22-Figure 4 a and b (for GPP see Fig. Al in Appendix). For forest ecosystems in general, the changes
in the model performance of NEE and GPP were small, as also shown for the TERENG-site “Hohes Holz” (Fig. 223 a-c).
Nevertheless, the performance of NEE and-GPP-(and GPP) decreased when activating vegetation dynamics, mainly driven by
lowered correlation coefficients, on average from 0.41 to 0.37 (0.72 to 0.68). Only three sites showed improvements in NEE
representation when predicting with dynamic ECLand and just one did so for GPP. Relative bias changed in both directions,
towards lower and higher model performance. Dynamic ECLand mainly overestimated NEE by 11% on average, indicating
that ecosystems were predicted to be a smaller carbon sink than observed —(Tab. A2). Instead, dynamic Noah-MP estimated on
average 10% lower NEE compared to the observations for the most sites (Fig. 224 c+d, Fig. 223 c+f).Overat:-

Activating the dynamic vegetation affected the model performance of NEE and GPP for Noah-MP heterogeneously. Some sites
showed very small changes (¢.g. /7-Lav and /T-Ren, Fig 4 c+d) while model performance of NEE was largely impacted by
vegetation dynamics for other sites (e.g US-Var and AU-Das$). In contrast to ECLand, no evidence could be found that certain
vegetation types or aridity classes were more sensitive to activated vegetation dynamics in Noah-MP and even forests showed
larger changes in model performance (Fig. 3 e¢). While, for GPP, the variance predominantly enlarged by activating vegetation

dynamics in Noah-MP (Fig. Al c+d

another difference compared to ECLand. Despite the higher sensitivity of NEE model performance to Noah-MP vegetation
dynamics, the overall model performance was barely affected since relative bias shifted from —12 % to —11 % and correlation
coefficient from 0.50 to 0.53 on average. Changes of statistical measures can be in opposing directions as can be seen for
normalized standard deviation and relative bias of the forest site "Hohes Holz" (Fig. 3 e+f) which eliminated trends towards
improved or reduced model performance. Only the site AU-Stp clearly improved regarding NEE representation by activating.
small improvements by activating vegetation dynamics in Noah-MP as the mean correlation coefficient shifted from 0.68 to
0.74 and the range of the relative bias was lowered from —32 % — +69 % to ~28 % — +42 %.

In general, Noah-MP seemed to capture NEE representations better as the values—secattered-mere-closely-to-mean deviance
from a normalized standard deviation of +in-the-Taylor-diagram-1 was 0.33 (ECLand: 0.39) and showed with 0.51 a higher

correlation coefficient on average than ECLand (Fig. 224 c). Remarkably, the seven-four and the nine best sites regarding NEE

representation-in-both-medels-wereforests—correlation and variance were forests for ECLand and Noah-MP, respectively. At
the same time, both-tropical-all evergreen broadleaf forests suffered from low performance in both models. GPP representation

the normalized standard deviation of NEE changed in opposing directions which is

in both models was better than for NEE (Fig. A1)—Censidering-the-epposingbiases-in-NEE-indicates-that-the-models

15



375

380

T T T
_ default | vy any v ;P . Iy o
climatology A ! A ! A
1 1 1
1 1 1
. —eo | o— | ) !
on-site | —y | - \ 1 b :V
- LAl AA I AA 1 A
c 1 1 1
I 1 1 1
i —e | —e i oo |
w
e B AV IS R B IS B
climatology AA : A : A :
| | |
—eo &—e 1 —e
) MODIS | —y 1 | w H | v
single-year AA : s : A :
0.0 0.5 1.0 0.0 0.5 1.0 -0.5 0.0 0.5
Pearson correlation Normalized std Relative bias
e ¢! —e S o—o ! f
_ default | -y ): i —¥ ) . v )
climatology Al Al A—i
1 1 1
| | |
on-site e : V_'Y :
B p vy - g \ i
1
2 o “ o —
< 1 1 1
S e | —eo | ‘o |
= MODIS it I | i
. L A —W V1
climatology Al Al ‘#\
1 1
| | |
— | o—e | H
@ IMODIS | wwo I v ly | v
gle-year A M M
0.0 0.5 1.0 0.0 0.5 1.0 -0.5 0.0 0.5
o LAl v NEE A GPP @ static ® dynamic

Figure 3. Statistical measures for the variables LAI, NEE and GPP of the model runs for the site "Hohes Holz". The categories on the y-axis
mark the different LAI forcings. Statistical measure of the static and dynamic simulations of the same variable are connected by a horizontal
line. The red dotted vertical line marks the optimum of each measure.

diagram-is-shown- , Tab. A3). Overall, static and dynamic Noah-MP performed well in representing NEE and GPP for most

forest sites apart the evergreen broadleaf forests.
Consistent-with-In line with the finding that model performances of dynamic Noah-MP being-were independent of the pre-

scribed LAI forcing, the availability of en-site- EAl-data-on-site LAI data for the site “Hohes Holz” yielded no improvement in

the representation of NEE or GPP —s oly, o nckw § < ) <
foer-compared to other LAI climatolo Fig. 3). The same appeared for dynamic ECLand. Forcing static ECLand with on-site
LAI data resulted in NEE and GPP regardiess e oy namics for the TERINO site “Tohes 1
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on-site- AT data-was-available-te-us-(Fig—22)—correlation and relative bias comparable to the forcing with MODIS climatolo

only variability was lower.

NEE evaluation
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Figure 4. Same as Taylor diagram before but with NEE evaluation.
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dynamies-in both-LSMs to vegetation dynamics
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(b) ECLand: MODIS climatology
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Moedelled-tarbulent-On the sensitivity of heat fluxes and soil moisture were-almest-unaffeeted-by-vegetation

For both models, activating vegetation dynamics had a negligible-small impact on the representation of turbulent fluxes and

soil moisture. The strongest changes occurred for short or sparse vegetation types or for drier climates as-these-points-appeared

to-have-which had the largest arrows in the Taylor diagrams (Fig. 2?5, Fig. 226). In ECLand, activating vegetation dynamics
enhanced the variance of latent heat flux for the most sites s<(from 0.80 and 0.84 to 0.94 on average for default and MODIS
climatology, respectively), but correlation between simulated and observed values remained unaffected or even diminished
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(mean change smaller than —0.03). For several sites, latent-heat-LE estimates from dynamic ECLand better represented the
observations as shown by the positive shift in relative bias (reduction from —32% to —21%) (Fig. 2?-a5 a, Tab. A4), but no
trend-relationship regarding vegetation type or site aridity can be seen and changes are small in general. The big exception
appeared for CH-Oe2 which was caused by its default LAI climatology that did not fit the vegetation type.

Activating vegetation dynamics in Noah-MP hardly affected model performance of latent-heatflux—Only-sites—with-shert-or
sparse-vegetation-types-LE (mean change in correlation was 0.02, in standard deviation 0.00 and in relative bias 0.02). Sites

that showed some sensitivity predominantly have drier climate (e.g AH—S%p—HS—%L&rAU Stp, US-Var, see Flg 225 c). Several

sites showed

redictions when using dynamics vegetation predictions in Noah-MPas-e¢
using MODIS—elimatelogy-MODIS climatology as LAI forcing, activating vegetation dynamics could be advantageous for

some sites regarding latentheatfluxrepresentation-LE representation (AU-Stp, CH-Fru, US-GLE), but mostly it would not lead

to higher model performance.
Model performance regarding the evaporative fraction appeared—to-be—(EF) was lower compared to latent-heatflux-LE as

points are further away from the pomt of optlmal model performance (Fig. 22)—Forest-ecosystems-therebyshowed-the lowest
—6). Running ECLand with activated vegetation

dynamics lowered the representation of the evaporative fraction which is demonstrated by many points in the Taylor diagram

drifting away from the star indicating best performance. Thereby, the mean standard deviation changed from 0.95 to 1.08 and
correlation coefficient was reduced slightly from 0.48 to 0.46 on average (Fig. 6 atb). Exceptions were BE-Lon, US-SRM and
US-Ton where model performance slightly improved regarding correlation and variability. Again, relative bias of EF changed
in_both directions without any trend regarding vegetation type or aridity for both models (see also Tab. A3). For Noah-MP,

some-cight sites showed an improved representation of the evaporative fraction when running the model with vegetation
dynamicseven-. This amount was reduced to six when the model was initialized with MODBIS-elimatelogical EAI-MODIS
climatology. But changes were very small on average.

Regarding soil moisture, the model performance was almost insensitive to the used vegetation dynamics option or the type of
LAI forcing for both models (resultsnot-shown)-—Fig. A2). Some sites showed improvement of soil moisture prediction by
activating vegetation dynamics for both models although the improvement was very weak. Interestingly, no humid site was

among them. However, the simulation of soil moisture resulted in a broad range of model performances starting with very
well-fitting predictions (cerrelationeoefficient>0-9;relative-bias~0%R > 0.9, b ~ 0%) up to very poor-fitting predictions
(WM%MWM%MMO&% see Tab. A6). Ghaﬁge—ef

To investigate the sensitivity of dynamically medeHed-modeled vegetation on the model performance, we checked how strongly
the quality ofthe-model-simulation-of-atentheat-flux-metrics of NEE, GPP, LE and soil moisture depends-on-the-model-quality

AAAASRAANRAAANAARANRAANRRANA

of LATand-NEEchange with the quality metrics of LAL For this, we used the elasticity (defined in seetion2-4)-as-equation 3) as
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a metric which is summarized for all sites in the-bar-plots-ef Fig—2?Figure 7. Surprisingly, the model-quality-of-these-actually

uality metrics of those closely related variables was-independent-were independent from each other, i.e. the elasticity was
very low (within grey band) or randomly distributed around zero. The strongest eonneetions-connection of all pairs tested are

and-could be found for the correlation coefficient between

LAI and GPP in ECLand when using MODIS climatology but without affecting normalized standard deviation or relative bias.
Here, the mean elasticity of correlation and normalized standard deviation is positive, meaning that, as expected, an increased
model performance in EE-LAI co-occurs with enhanced performance for NEE-ard-GPP-respeetivelyForthe GPP-EErelation;

But-GPP in the same order of magnitude. In a similar manner, NEE and LAI performance were positively related regardin
correlation coefficient in Noah-MP. Other elasticity values that include LAI were small predominantly. Only-thecorrelation

standard-deviation-of relative-bias—In other words, changes in the model quality for LAlde-, for most of the sites, do not affect

the model performance of latent-heat-flux-LE or soil moisture and even not that of carbon fluxes.
3.3 Observed and simulated relationships between ecohydrological variables

One possible explanation for the small contribution of model quality of LAI to that of the turbulent fluxes could be a weak

relation between LAI and carbon exchange in the model. However, this is not the case as illustrated in Fig—22-On-the-contrary;

on<hipnebhbe AN DD o] A m h +oea arad
W a H a

ip- Figure22shows-the Figure 8. The figure
shows the relation between GPP and LAI for four exemplary sites: BPE-HeH-DE-HoH is a deciduous broadleaf forest in a

humid climate, ¥F-Ren-is-a-IT-Ren is an evergreen needleleaf forest in a semi-arid climate, GE-Guy-is-a-GF-Guy is an evergreen
broadleaf forest in a tropical climate, and HS-Var-US-Var is a grassland in a semi-arid climate. In general, the relationships
between GPP and LAI is much more scattered in the observations (top row) compared to the models (other rows), and this is

true for both models, across biomes and vegetation types.
The two European sites (left columns, Be-HoH-andt¥-RenDe-HoH and IT-Ren) reach maximum LAI and GPP in JJA and

minimum values in DJF, leading to a correlation that is mainly governed by the seasonal cycle. Similarly, at the U.S. site,
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Figure 5. Boxplotsshowingthe-etastieity-Change of eorretation-statistical measures for LE modeling when switching on dynamic vegetation

for all included sites and by using default climatology (lefteetumn) ;normalized-standard-deviatton-or MODIS climatology (middle-columny
aﬂd—fe}&ﬁve—bias—{rlghtee}umﬁ) 3

as forcing Forreasons

with an overall tighter relation, vegetation productivity and LAI peak together in spring (i.e., MAM). For these three sites,

460 correlation coefficients range between 8-78-t6-6:96-0.80 to 0.86 indicating a clear but not perfect relation between LAI and
GPP. However, the scatter of the observed relation is considerable with the standard deviation of the residuals (o,valaes
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(a) ECLand: default climatology (b) ECLand: MODIS climatology
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Figure 6. Same as before but for evaporative fraction which represents the turbulent flux partitioning.
between-53-and-105—10=5-¢COzm—25—1) being between 58 and 102 - 1075 gCOym ~2s~!. The variance is highest for the

peak of the growing season, when GPP quickly responds to environmental conditions (e.g., cloudiness, precipitation, and soil
moisture stress) that LAI responds much slower to. The tropical site in French Guiana (GF-GuyGF-Guy) shows, as expected,
no seasonal cycle, leading to an extremely weak relation between LAI and GPP. The latter is comparatively high all year round

(GPP 6-6002-and-0-0006-¢C Oym—2s—Lbetween 250 and 600 - 10~ gCOym 2s~1) although LAI values from the MODIS

dataset surprisingly varied between 1 and 7 m?m 2.
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with-the-value for-significant-eloudiness—For-this-For this tropical site, GPP and LAI dynamics seem decoupled (Fig. 8 ¢).

with a pronounced hysteresis effect at all sites except the tropical one (Fig. 8 m-p).

Noah-MP shows a non-linear relationshi

Thereby, GPP increases linearly with LAI during biomass built-up up to a point where allocation to leaves becomes minimal
(vegetation type specific), and drops considerably without any substantial reductions in LAI towards the end of the growing
season (e.g., Fig. 8 m). When GPP values reduce below approximately 100 - 10~° gCOym”2s”", then LAI reduces from
values about three towards zero. This hysteresis is shifted in seasons due to local climate as for the site US-Var (Fig. 8 p). At
the tropical site, Noah-MP shows some variability in GPP, but almost no change in LAL which is around a value of five.
ECLand, in general, shows a linear relationship with considerable less variability compared to the observations. The slope
and intercept of the linear regression is dependent on the choice of static or dynamic vegetation. Dynamic ECLand shows a
very tight linear relation between LAI and GPP with much lower scatter compared to the observations (Fig. 8 third row) as R
is larger than 0.9 and g, is between 10 and 14 - 107° gC'Qym s for all non-tropical sites. With slope values of 104 to
254 -107° gCOym 25", that relationship is much steeper than in the observations. Even for the tropical site, GPP-and-£A}
dynamies seem-decoupled the relationship between LAl and GPP is clearly and tightly linear (Fig. ??¢)-8 k).
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Figure 8. Scatter plots of the relationship between LAI on the x-axes and GPP on the y-axes as 8-day averages for four selected sites
columns). The rows from top to down show observations, static ECLand model output, dynamic ECLand model output, and dynamic
Noah-MP model output. Seasons are represented by different dot colors. The arrows represent the range of GPP and LAI values for the

individual seasons. A simple linear regression model was applied (blue dashed line) and its correlation coefficient (R), slope and standard

deviation of the residuals (o) are given for each relationship.
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4 Discussion

4.1 Using LAI climatology for ECLand and Noah-MP runs is the best way to reproduce leaf area and carbon uptake

Comparison between model output and observational data of LAI, NEE or GPP on a daily basis is rarely done. The abil-
ity of the two models to reproduce these observed ecosystem variables ;e AL NEE-and-GPP-was in line with results
in-the-available-literatureprevious results. For Noah-MP, model quality metrics were in the range of other studies ;-although

EAand NEE-(Brunsell et al., 2020; Li et al., 2022a; Xu et al., 2021; Liang et al., 2020). However, dynamic LAI modelled b

Noah-MP in our assessment were-more-biased—with a mean of +70 % was more biased compared to a mean of 420 % for

annual LAI values reported by Li et al. (2022a). Ma et al. (2017) reported a relative bias in GPP of 40 % on average which
is higher than the relative bias found here. For ECLand, we could not find any comparable study reporting the performance

of daily LAI or NEE/GPP specifically, neither for dynamic nor static simulations. However, correlation—coefficientsfor static

obtained by Boussetta et al. (2013) for 10-day averages at several FLUXNET sites. Also, for the mean annual cycles of NEE
and GPP, Stevens et al. (2020) found a lower prediction error (RMSD) when using MODIS LAI forcing compared to E&F

default prescribed LAI and, like in our study, a substantial bias in LAIL
in the best performances concerning LAI This agreed with expectations. Since all our simulations were validated with MODIS

ECEand-is-in some sites, but, interestingly, using the default climatolo, erformed also well for others. LAI deviations with

the default climatology occurred specifically in short vegetation, which was also true for the dynamic runs (see below). For
ECLand, where the default climatology is already based on MODIS data (Boussetta et al., 2012)-Differing-modelperformance

-.n £\ ho aVatl 1 N ra = nd aWa nd

-l' 4 O Vv Cl O 0 O cl C Vv <l ad c Cl l"e ) Sy cl vwO i O . L%y s

defaultclimatologiealHEAL, the performance of the static run was generally improved compared to the validation dataset, as the
higher spatial resolution allowed for a better geographical mapping. Also, ECLand default climatology was created by the-dis-
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-Both points together can explain the
better performance for LAL of static ECLand simulations with MODIS climatology compared to default climatology.
ForDynamic vegetation yielded no better LAI results compared to using static runs with MODIS climatology for either model.
Evergreen broadleaf forests showed the lowest correlation coefficients for dynamic LAI predictions which was also shown

520 by Yangetal. (2011) for tropical regions simulated by Noah-MP;statie-simutati i i
performaneeregarding AT, Additionally, Brunsell et al. (2020) reported overestimation of LAI with dynamic Noah-MP for
the Eastern Amazonian Forest which we could not find here. ECland suffered from overall strong relative biases regarding
MWM%@W@M@%MMMM However;

sttes-Substantial biases eceurredfor-simulations-with-and-witheut

525 vegetation-dynamies-espeetally-also occurred in Noah-MP (also shown by Huang et al., 2022), but especially so for short or

sparse vegetation types;-whiech-. The latter could be due to LAI overestimation in the early growing season as reported by Cai

et al. (2014). Also, Liu et al. (2016) found that neither look-up table LAI nor predicted dynamic LAI annual cycles seemed to

reproduce LAI observations for short vegetation. On the other hand, Pilotto et al. (2015) achieved satisfactory model predic-

tions alse-for crop sites without vegetation dynamics. Fer-Thus, for short vegetation such as grasslands, the Noah-MP Crop

530 module probably-maybe better represents LAI dynamics but-we-did-notuse-this-optienhere(Liu et al., 2016), which should be

tested in the future.

The performance of NEE and GPP in ECLand was
not very sensitive to different vegetation dynamics. Generally, using static MODIS climatology yielded the best predictions

535 of GPP and NEE, although the correlation between modeled and observed NEE was generally low (mean Pearson correlation
coefficient was 0.44). In many sites, even static simulations with default climatology resulted in comparable performances.
Interestingly, adding more detailed information by using MODIS single-year LAI forcing did not further improve model
performance (not shown), as we would have expected if LAl dynamics contributed substantially to enhancing model performance
for the carbon fluxes. However, other authors found improved model performance of turbulent fluxes, GPP and soil moisture

540  for roughly 507% of their set of sites by updating the LAI forcing using near real-time data assimilation (Boussetta et al., 2015)
- In other words, a more frequent reset of LAI to the correct value can improve the ECLand performance in general, but did not
have an effect for the annual resolution applied here.
Assimilation of LAI during model runs and instead of fixed forcing (as in a static case) also improved LAI and GPP model

uality in a study by Xu et al. (2021) usin dynamlc Noah- MPpeffefmed—we}Hﬁepfe%eﬂ%mg—NEE—feﬁmﬁ—fefeWeﬁh&%
545

MMMM@MMM
predominantly not the case. However, dynamic Noah-MP eou
asclimate change impact studies-Neverthelessis already known to overestimate GPP (Ma et al,, 2017; Liang et al., 2020; Brunsell et al., 2
. Especially short and sparse vegetation types suffered from low predictive efficiencies—by—dynamic Noah-MP-whichis—in

550 accordancewith-findingsfrom-Yang etak(2021)-for ChinaFLUX-There-none-power mainly in NEE correlation (Yang et al., 2021) |
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and in GPP relative bias (Li et al., 2022a) which could be also observed here. None of the parameter sets they-Yang et al. (2021)
tested for simulations with dynamic Noah-MP resulted in wel-fittingpredictions-of-dinrnal-well-fitting predictions of dail
changes in NEE for three of the four sites with short vegetation -An-assimilation-of EAlduring-model runs-and-not-only-as

555  with-dynamie Noah-MP-Theughwithin ChinaFLUX. Note, however, that LAL NEE and GPP of short and sparse vegetation
were also not well-represented in static runs either. Also, Kumar et al. (2019) could only achieve marginal improvements in
GPP representation by dynamic Noah-MP due to LAI assimilation whieh—suppeﬁ&m&%defeeted%ﬁnﬂe&effee%ef—h&kfgm
twm
560 predictive power of the models regarding the carbon fluxes of short or sparse vegetation types-thereby-were more-affected by

565 equally-good-performanees-in-simulating NEE-could be that these vegetation types more quickly and dynamically respond to

fluctuations in the environment (e. . Forest ecosystems might be able to compensate restrictions b

a larger intrinsic carbon storage or deeper roots resulting in less variability of their productivity within and between the years.
It seems that both models investigated here cannot mimic this differentiation. Nonetheless, it was shown here that correlation
coefficients for GPP simulated with dynamic Noah-MP were high (also found by Liang et al.. 2020; Li et al., 2022a) and. at
570  the same time, relative bias was small for all forests except the evergreen broadleaf forests (see section 3.1 and Fig. Al). Thus,
although some previous studies found substantial uncertainties in modeled GPP for different vegetation types (Ma et al., 2017; Liang et al.,
» predicting ecosystem variables using dynamic Noah-MP could be useful at least for forests in studies when LAI climatology.
cannot be used such as climate change impact studies.
Considering the opposing biases in NEE (and GPP) indicates that the models differ in their estimates of ecosystem respiration.
575  One important difference is the sequence of the calculation of GPP, NEE and respiration. ECLand estimates net assimilation
and respiration first separately whereby respiration is set to be 11% of net assimilation and, then, both are used to calculate GPP.
In Noah-MP, the first estimate is for GPP which is reduced by respiration to gain a values for NEE and, additionally, respiration
is scaled by GPP and available biomass inclusive of LAL Including our findings, for dynamic ECLand, the underestimated LAT
directly transfers into lower NEE values and, thus, also to GPP since respiration is a fixed fraction of NEE. Apart from the
580 fraction of GPP that is directly needed for metabolism, the estimation of respiration in dynamic Noah-MP also considers leaf
maintenance which is another difference compared to ECLand. As a result, respiration is slightly overestimated in ECLand,
and GPPslightly underestimated in Noah-MP. i i i ' t-thei

. soil moisture limitations
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4.2 Model performance of turbulent fluxes and soil moisture were almost unaffected by vegetation dynamics in both
LSMs

The model performance of ECLand and Noah-MP regarding heat fluxes and soil moisture seems almost insensitive to vegetation
dynamics. Correlation, variability and bias of turbulent fluxes in this study were comparable to other studies. While evaluating
static ECLand with FLUXNET data, Stevens et al. (2020) found correlation coefficients of 0.79 and 0.77 for the annual
cycle of latent and sensible heat, respectively, when-evalua i i i i

from—17-FEUXNET-stations;-and Boussetta et al. (2013) showed a mean correlation coefficient of 0.81 for Jré}ﬁay MOAQEX
averages of latent heat i
at-daily—valuesfor ECEand—. For Noah-MP, statistical measures for turbulent fluxes and soil moisture were mostly in line

with other studies

on annual time scale over the continental U.S. of 4% and 22% for static and dynamic simulations, respectively.

wmmwmmmm Model performance for tatent-heat-fiux
and-evaperativefraction-LE and EF changed only for some sites and towards lower performance (see section 3.2). The pre-
dominant underestimation of latent-heat-flux-agrees-with-LE agrees with the findings of Stevens et al. (2020). For dynamic
ECLand, the underestimation of GPP and LAI and-might-be-alse-(also in Boussetta et al., 2021) could also be the reason for
the poor correlation of evaporative-fraction-between-medetled EF between modeled and observed values —Hewever;-at-the-same

&%@WMBOMS&M et al. (2021) found that dynamlc
vegetation in ECLand improved nea

improving numerieal-weather predietionsnumerical weather predictions. There, the main improvements in model performance
were achieved through updating land cover maps and the LA in the look-up table or by including LAI seasonality which
both is comparable with our experiment using MODIS climatology in static ECLand simulations. Here, we could not confirm
theses findings being related to improved performance in heat fluxes since model performance of LE and EF were almost
unaffected by the used LAI forcing, which was already experienced by others (Stevens et al., 2020; Nogueira et al., 2021).

The reason might be that parameters are adapted to the prior vegetation information (Ruiz-Vasquez et al., 2023) and, thus, the

model needs a re-calibration.
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Noah-MP—Slight-Also for Noah-MP, activating vegetation dynamics had mostly little impact on LE and EF predictions.

A slight improvement in model performance was found for some sites with short vegetation types or semi-arid elimate-

Ma-etal(2017)-alreadyeconcluded-climates. Ma et al. (2017) found that using LAI climatology resulted in better model per-
formances for latent-heatflux—LE than simulations with activated vegetation dynamics for Noah-MP using the monthly

FLUXNET Multi-Tree Ensemble data over the US:U.S.. However, here, we did not find enhanced biases in latent-heat-flux
LE predictions with dynamic Noah-MP compared to the static simulations as they did which could be due to the differin

timescales for model evaluation. Both, overestimation and underestimation of LE predicted by dynamic Noah-MP is reported in

the literature (Brunsell et al., 2020; Ma et al., 2017; Cai et al., 2014). Brunsell et al. (2020) showed a positive bias of monthl

evapotranspiration in the Eastern Amazonian Forest simulated with dynamic Noah-MP while we found a negative bias of LE
for the FLUXNET site GF-Guy. For short vegetation types, using the Noah-MP Crop module with activated vegetation dy-

namics might be mere-sufficient in predicting surface fluxes (Liu et al., 2016). Achieved improvement for LE might be not as
large as for sensible heat flux (Liu et al., 2016) which could be a reason for poor performances in EF presented here.

Although vegetation and soil moisture state variables are directly coupled within land-surface models, we found almost no
impact of different vegetation modeting-modeling on soil moisture predictions for both models. Activating vegetation dynam-
ics or changing LAI forcing did not improve soil moisture representation —Mereever;-modeted-soil-moistare-on average. The

reason might be due to the implemented interaction of carbon and water processes. First, the potential photosynthetic activity.
in dependence of leaf area and radiative conditions is calculated. Then, the limitation factor of extractable water is estimated
according to available soil water and roots. Lastly, the photosynthetic activity is adapted to that restriction and transpiration
rate adapted to conductivity and atmospheric conditions. As a result, the only included path is that soil moisture impacts
photosynthetic activity and biomass build-up. But there is no feedback that more biomass needs/loses more water that will be

taken from the soil because photosynthetic activity in the models relates only to the carbon fluxes but not to the water fluxes.
Additionally, modeled soil moisture suffers from substantial biases in both directions which was also found by Liang et al.

(2020) for Noah-MP and by Garrigues et al. (2021) for ECLand although in-the-latter-ease-correlation between observed and
. The reason might be underlying E¥-default values for soil characteristics such as field capacity and permanent wilting point
that possibly deviate from on-site soil conditions and optimal values for soil parameters are still uncertain (Li et al., 2020).
Alternatively, it could be an effect of differing scales since the observation from FLUXNET refers to point measurements. The
Multiscale parameter regionalization (MPR) might provide an improved way to estimate soil parameters by applying pedo-
transfer function on local soil characteristics and, recently, has been applied to Noah-MP in a proof-of-concept (Schweppe

et al., 2022).

Notwithstanding—that—van-denHurket-al+2003)-atleast—Overall, the model performance of soil moisture and heat fluxes

was barely affected by vegetation dynamics or applied LAI forcing. However, the sensitivity to LAI might be given since
van den Hurk et al. (2003) found some effect of changed LAI values given into TESSEL, a predecessor of ECLand, as well as

Ma et al. (2017) and Zhang et al. (2016) did for Noah-MP-indieating-that-a-certain-sensitivity-on-evapotranspiration-existed.
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Xu et al. (2021) showed improved LE and soil moisture simulations with more realistic LAI although, also there, the effect
was not only site-dependent but also differed with season and year. But those authors also highlighted that transpiration is only
partly determined by LAI and eontrets-threugh-other factors controlling the canopy conductance for-water-vapott{o water vapor

might play a larger role. However,eanopy-conductance-is-also-scaled-byl-AlHnECland-Therefore, other compensating mech-
anisms may explam low elasticity between LAI and fatentheatflux-LE or soil moisture because-the-estimation-of-transpiration

EAlsrepresented(see section 3.2). Yang et al. (2011) demonstrated that the applied runoff scheme more strongly determined
model performance of soil moisture and evapotranspiration than the schemes for dynamic vegetation, stomatal resistance and
soil moisture stress. Still, optimizing parameters can be effective in improving model predictions which could be shown by
several studies (Bohm et al., 2020; Li et al.,
was shown to enlarge with dynamic vegetation representation (Arsenault et al., 2018). Yet, uncertainty about the optimal values
for especially soil and vegetation parameters remains (Li et al., 2020).

Overall, the impact of vegetation dynamics and LAI on turbulent heat fluxes and soil moisture in this investigation was slim
across sites and seasons for both models. Thus, modelers who are mainly interested in the performance of carbon processes

2021, 2020). Even more, the sensitivity of soil moisture to vegetation parameters

should be careful using performance metrics for hydrological variables as a proxy (e.g. latent-heat-fluxLE) because the model

formulation for the latter might have controlling processes other than LAI or NEE which dominate the result. In-conctusionsan

only-site-dependent-but-also-differed-with-season-and-yearWhether applying vegetation dynamics in model simulations is
advantageous might depend on the target variables. While, for heat flux predictions, using MODIS climatology might be
sufficient, activating vegetation dynamics could play a role for improve carbon flux predictions at seasonal or annual timescale
(Jarlan et al., 2008).

4.3 ObservedDiscrepancy between observed and simulated relationships-between-eeohydrologieal
variablesGPP-LAI relationship is caused by model structure

The substantial scatter in the observed relation between GPP and LAI is in close agreement with previous work, showing that
GPP dependsnext-to-LAl-alse-also depends on the short-term availability of resources (e.g., light, soil water) (Hu et al., 2022).
Additionally, Zhang et al. (2021) found that in LSMs the relation between LAI and GPP was too tight. We therefore checked

the underlying relations in the models causing this.

GPP-LAI relationship in Noah-MP sh
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i showed a clear exponential hysteresis (see section 3.3). This hysteresis is related to the partitionin
of GPP to the carbon pools in the plants and to LAI reducing processes as leaf turnover and leaf die-backreduceEATlteaf

turnover_. Noah-MP uses a non-linear function for allocation of GPP to the leaves that limits the maximum LAI the model

can grow resulting in the LAI saturation in summer that can be seen in Figure 8 m-p. On the other hand, leaf turnover due to

leaf aging is implemented as a linear function of leaf mass —teaf-while leaf die-back due to environmental limitations follows

exponential functions. Taken together, leaf die-back dominates s-in the later growing season which results in the hysteresis. The
reduction of LAI (i.e., leaf die-back) is implemented to be dependent both on water and temperature stress, but temperature
stress is the main driver. In the specific implementation used here, water stress only occurs at a very low soil saturation of
0.1 vol% for silt loam exemplarily which is even below the permanent wilting point of this soil texture type according to the
EUT1look-up table value. These values are rarely reached and, thus, water stress is negligible most of the time. In contrast, tem-
perature stress is implemented as an exponential function causing the late growing season non-linear decline of GPP observed
throughout the non-tropical sites. Temperature stress is at maximum at 5->€-5 °C for forest ecosystems resulting in no active
biomass below this threshold. For this reason, LAI values are almost constant at the tropical forest site because temperature is

never limiting there.

third-and-fourth-row)—ECkand-with-ECLand with static vegetation shows a similar pattern of seasonal dynamics as Noah-MP
with vegetation dynamics but with less pronounced exponential relationship. In contrast, dyanmie-dynamic ECLand simulates
LAI that is strongly coupled to daily meteorological conditions, leading to higher daily fluctuations of LAI than expected,
including strong drops of LAI in summer. Three processes govern this-these daily LAI dynamics: GPP, respiration and senes-
cence. GPP relates-tinear-is linearily related to LAI and varies with environmental and meteorological conditions causing the
variability in static runs. In dynamic runs, losses in biomass due to high or low daily GPP linearly affect LAI In other words,
unfavourable GPP can reduce LAI almost immediately. The second process affecting LAI is senescence. ECLand distinguishes
growing and senescence phase-phases by comparing active biomass due to assimilation with biemassfrem-the biomass from
the previous time step. If active, then senescence is a linear function of active biomass and a folding-factor. The folding-factor
reduces part of the senescent biomass, depending on photosynthesis (reduced in the case of high assimilation) and LAI. Over-
all, the folding-factor changes only slightly with LAI. Additionally, a reduction of LAI and, thus, active biomass due to reduced
GPP (as explained before) causes the model to trigger senescence because the active biomass of the previous time step was
higher. The third process is respiration. About 11% of physiologically possible assimilation is used for dark respiration without
considering actual light conditions. This might cause high values of dark respiration compared with possible assimilation based
on meteorological conditions and, thus, minimize reduce net primary productioner-even-produce-, even producing negative val-
ues. Notably, no aboveground biomass storage is built up and there is no turnover. Most locations show a linear relationship

comparable to ECLand but with a higher variability (Fig. ??-first-and-fourth-8 first and third row). This might be due to the fact
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that leaf growth and leaf fall, in particular for trees, happen on longer timescales than the daily one as implemented in ECLand
which inhibits immediate effects of GPP on LAIL

725 Overall, the current implementations of leaf dynamics in both models use very different approaches to represent LAI dynamics.
In Noah-MP it is mainly temperature-driven, and GPP depends little on LAI once the canopy is fully developed. In contrast,
in ECLand, LAI and GPP are coupled very tightly and, thus, the LAI dynamics follow almost the same sensitivities to water
limitation and radiation as turbulent fluxes, which is unrealistic. However+real-Realistic LAI is less dynamic and less sensi-
tive to environmental conditions, as also indicated by the observations. Hence for very different reasons, in both models the

730 performance regarding LAI and turbulent and carbon fluxes is disconnected.

4.4 Implications and limitations

For modeling LAI and carbon fluxes, using dynamic vegetation modules in their current implementation in either model is not
yet efficient because they increase model complexity encompassing more dynamic processes and parameters without improving
the predictive skill. As the dynamic vegetation components in ECLand are still under development, findings from this study can
735 help better understand and represent the processes involved to improve its performance in modeling carbon and energy fluxes.
But also for Noah-MP, we showed that the dynamic vegetation module has potential for improvement especially related to the
relationship between GPP (and thus also NEE) and LAIL Underlying processes such as carbon allocation, root dynamics, plant
hydraulics, feedbacks on photosynthesis and their parameterization can still be worked on (Ma et al., 2017; Li et al., 2021).
Overall, we recommend using MODIS climatology forcing for static simulations which yielded the best model performances

740 for carbon and water fluxes. This might be valid for other remote sensing LAI products as well but would need to be tested

The value of a model evaluation like in this study depends on the reliability of the included datasets. Uncertainty in the forcing
data might have a larger impact on the model runs than processes within the models (Zhang et al., 2016), but Haughton et al. (2016)
demonstrated that observational errors, in general, are unlikely to cause poor model performance. Nonetheless, model evaluations
745 are also restricted by uncertainty in the reference data (Li et al.. 2022a) especially when considering flux measurements (Li et al.. 2019)
- We tried to address by carefully inspecting the time series data from FLUXNET2015 before their usage. However, as in all
measurements, there are still uncertainties, e.g. from instrumental errors or incomplete energy balance closure.
Also, the MODIS dataset harbors uncertainty originating from cloud coverage, especially in the tropics. We tried to minimize
this uncertainty by excluding all days from the dataset that were flagged with significant cloudiness. But saturation also
750  limits the representativeness of the LAI measurements. Even when using only data with the highest possible quality flag,
we found suspiciously low LAI values in summer for temperate forests and grasslands, and especially for tropical forests
throughout the year (Fig. 8 ¢). Noisy and uncertain LAI data from MODIS for tropical forests was already reported among the
literature (Weiss et al., 2007; Garrigues et al., 2008; Xiao et al., 2016; Zhang et al., 2024). As a result, reference data remains
a source for uncertainty and a deviation in model outputs from it is expected. In any case, reference data is essential for model
755 verification, calibration, and validation but should be treated carefully concerning its reliability and uncertainty.
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5 Conclusions

Land-surface models often include modules for dynamic vegetation processes. HoweverYet, an evaluation of the representa-
tiveness of key variables like-such as leaf area index or net ecosystem exchange is rarely done on high temporal resolution.

The impact of different parameterization of vegetation processes on water and carbon flux estimates by land-surface models is

still poorly understood. 2

i tgations ~Therefore, we evaluated the change in model performance of eco-
hydrological target variables when dynamic vegetation processes are included for two land-surface models and further gained
insight into critical process implementations that lead to the observed patterns.

Surprisingly, neither for ECLand nor for Noah-MP, including modules for dynamic vegetation in their implementation im-
proved the model predictions of ecohydrological variables. We expected vegetation dynamics in these land-surface models
to better capture the higher variability in the-ecosystenrexchangeespeetally-of-ecosystem exchange, especially that of highly

dynamic short or sparse vegetation types, but this was predominantly not the case. Using alternative input for leaf area index
other than default elimatological-values-also-had-anclimatology also had a negligible effect on the model performance but this
needs to be evaluated in more detail since we were limited in data sources. Moreover, model performances of carbon and hydro-
logical fluxes appeared to be weakly coupled. Therefore, the question arose whether exchange fluxes themselves in these land
surface models are sensitive to changes in leaf area index estimates and not only to changing parameter sets. Indeed, different
leaf area index estimates lead to different predictions in exchange fluxes but without affecting the overall model performance
of these variables. This might be caused by the mismatch in the seasonal patterns between ebservation-observations and models
for the relationship of gross primary productivity and leaf area index. While this relation-relationship in dynamic Noah-MP
showed a logarithmic hysteresis, mainly driven by temperature, both variables are tightly tirearlinearly coupled in dynamic
ECLand without allowing for EA+-the leaf area index to remain unchanged in suboptimal conditions for photosynthesis.

This deeper analysis of the model performance for ecohydrological fluxes that pinpoints to the reasons ef-for model behavior
was only possible with a reduced number of models. We used specific setups for the two land surface models evaluated here.
Adapting or changing parameters and investigating the effect of other processes within the models were beyond the scope of
this study. At this point, it remains unclear how representative our model selection is for the performance and process evalua-
tion of other land surface models since they have processes implemented differently. Nonetheless, we highlighted some crucial
relationships in the implementation of vegetation processes that have the potential for further improvement. Additionally, they

might be a good starting point for a similar intensive investigation with other land surface models or other alternative LAI

climatology.

Code and data availability. Observational data from the FLUXNET2015 dataset were accessed via FLUXNET data portal (fluxnet.org,
2020). Observational data for TERENO observatory "Hohes Holz" can be found at PANGAEA (Rebmann and Pohl, 2023). IGBP Land
Classification is published by National Center for Atmospheric Research (2022). Aridity index was taken from Trabucco and Zomer (2018).
Gap-filling of meteorological data was done by using ERAS re-analysis product (Hersbach et al., 2020), accessed by Climate Data Store API
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(Copernicus, 2018). USGS vegetation types can be found at University Corporation for Atmospheric Research (2023). Global gridded soil
790 information (Hengl et al., 2014) is available at https://soilgrids.org. MODIS Leaf area index was retrieved via Earth Data Portal from NASA
(Myneni et al., 2015).
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Appendix

A.01 Dynamic ECLand processes

For more details, see the published model descriptions (Boussetta et al., 2012, 2013, 2021). Photosynthesis model is based on
Calvet et al. (1998). Therein, potential net assimilation A,, is estimated from physiological constrains as

_gmeso : (Ci - Ccomp)

A, =Amas (1 —e AnLax ) (A.1)
where A is the leaf photosynthetic capacity, o 18 the mesophyll conductance, ¢; is the leaf-internal C'O5 concentration
and ¢ ..y 18 the CO4 compensation point. Potential gross assimilation A, then, is calculated as

Ay = (4, + Ry)-€ (A.2)
where R, is the dark respiration from
Ra=AnIr (A3)

with = L ag dark respiration factor, and where ¢ is a quantum use efficiency factor, estimated as

€0 Epar
i AR s

where €q is the maximum quantum use efficiency and F is the absorbed photosynthetic active radiation. Actual gross

assimilation GPP results from
GPP=A, LAI-p, (A5)

where LAI is the leaf area index of the prior time step and p,, is the air density corrected for humidity.
A, is used as the maximum leaf assimilation for the senescence model (Calvet and Soussana, 2001). To avoid immediate leaf

die-back, a damping factor for senescence f is introduced as

A, max((rmeso - 1000)9321 . LAT
 max(( ) 1)) (A.6)

Tlim * ts —8 ts .
fs = max(-—————,max(10 -min(1 )

° 100- Nday ’ ’ Nday ’ Amaw fLAI
where 74;,, 1s a limiting factor for immediate biomass loss, ¢ is the damping time for senescence, which basically is the amount
of seconds per year, N, is the amount of seconds per day, A,,,,. is the maximum photosynthesis rate with optimal conditions
and f is a LAI correction parameter that reduces mortality at high LAI values which would occur due to shadowing. The
amount of biomass loss Bj, . then is

1
Bioss = min(B — LALin - frar—p.B-(1—e T+)) (A7)
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where B is the biomass of the prior time step and _p is a conversion factor between LAJ and B. Then, biomass B is
updated by subtracting B;,.s. The change in biomass due to assimilation B, ,;,, results from

Byain = max(LALmin - frar-p = B An: Joviom) A8

biomass. Biomass B
is updated again by adding B, ;.. In the end, this updated biomass is transferred into an updated LAI value b
B

LAl = —— (A.9)
fLAlfB

~ (.68 is a factor converting the amount of C'O, uptake from assimilation to carbon in dr

LAI determines the interception reservoir W b
W =Wiae - (¢ +cpg - LAl +cp, - LAIL) (A.10)
where W, is the maximum thickness of the water layer on leafs or bare ground, cg, cy and ¢y, are the fractions for bare

soil, high vegetation and low vegetation on a grid cell and LAy and LAI; are the LAI values for high and low vegetation
respectively (Boussetta et al., 2012). Additionally, canopy resistance r. depends on LAI via

T's,min
e MRl ar (1D

where 7, ;1S the minimum stomatal resistance and f,, are the restriction factors for low input in shortwave radiation, soil

moisture stress and saturated atmospheric conditions (Boussetta et al., 2012).

A.02 Dynamic Noah-MP processes

For more details, see the published model descriptions (Niu et al., 2011; Ma et al., 2017; Oleson et al., 2012). The model for

leaf dynamics within Noah-MP is based on Dickinson et al. (1998). Leaf biomass C| is balanced over time with

5Cleaf

5t = fleaf : Atot - (dstress + dyurnover + Rleaf) ' Cleaf (A.12)

where A, is the total carbon assimilation rate, f; is the fraction of allocation to the leaves, d is the dying rate caused

by cold and drought stress, di, nover 1S the turnover rate due to senescence, herbivory or mechanical loss as a vegetation-type
dependent parameter and R, is the respiration rate of the leaf biomass. is determined by LAI via

Freaf = eO.OLLAI(l—eX'LAI) (A.13)

where y = 0.75 is a parameter defining the partitioning of carbon allocation between leaves and stem. A;,; is split up to
hotosynthesis rates from sunlit and shaded leaves, respectively:

Atot =12 1076 : (Asunlit : LAIsunlit + Ashaded : LAIshaded) (A14)
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where the first factor is for unit conversion. The partitioning of sunlit and shaded LAI results from a two-stream radiation
transfer scheme (Niu et al., 2011

rinciple as

. Assimilation rate for sunlit and shaded leaves, respectively, is estimated with a bottle-neck

AZIgmin(AL,Ac,As) (A.lS)

where I, is a growing season index according to leaf temperature and A;, Ax, Ag are the photosynthesis rates limited b
light, Rubisco and export, respectively (Bonan, 1996). Ay, results from

_ 4.6-¢- EPAR(Ci - Ccomp)
Ci + 2Ccomp

Ar

(A.16)

with ¢; being the leaf-internal C' O, concentration, C.,,,, being the C'O, compensation point, € being the quantum use efficienc
and being the absorbed photosynthetic active radiation. Additionally, A¢ = 0.5V, and

Vmaa: (ci - Ccomp)

A =
T Gt E(+ )

(A.17)

where ¢, is the atmospheric Oy concentration, /. and K, are the Michaelis-Menton constants for CO, and O, (Collatz et al.
1991), respectively, and V, is the maximum carboxylation rate, defined b

Ty —25

Vinaz = max,25 Qma% - foT,,ﬂ (A.18)
where V, is the maximum carboxylation rate at 25 °C', « is a temperature conversion factor, 1), is the vegetation
temperature, is a factor for nitrogen limitation of the leaves is a factor for temperature limitation (Collatz et al., 1991

and [ represents the limitation by available soil moisture.

diress Tor the leaf mass balance is estimated from

0.3-max(0,Ty —Tyin) Cleaf + ddry . 6—100,3 (A19)

dstress = dcold € 120

where T, 1s a vegetation type dependent threshold temperature for leaf survival, 3 is the soil moisture limitation factor

and d.,;q and dg., are vegetation type dependent dying rates (prescribed parameter) for temperature and dryness stress
respectively. Leaf respiration I? is calculated with

LAI

Rleaf = fres((fleaf - m

)+ Avor — Ry (A.20)

is a factor defining the fraction of assimilation that is used for respiration and R; is the respiration for leaf

maintenance from.

Creas = Cleafmin 5 19105 .py(T,) - LAL- - — ) (A21)

R; = min
( At CN,mazx
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where C i, 1s the minimum leaf biomass, At is the time step duration, 0.5 is a reduction factor for respiration durin

non-growing season, r;(7,,) is the vegetation type dependent respiration rate for leaf maintenance at 7, and —<¥— is the
nitrogen saturation within the leaves. Afterwards, net primary production /N PP is estimated as

LAI
X fleaf

NPP = (fieaf — )+ Atot — Rieay — R (A.22)

GPP is setto A;,; and LAI is updated with

LAI=Cisas - frar—p (a23)

where _p is the leaf area per biomass.
Assimilation rate A determines the stomatal resistance 7, b

l = Gmi + m'pair'A Cair

(A.24)

where g,,i., 1S the minimum stomatal conductance, m is an empirical parameter for the relationship between transpiration and

COs flux, p,i, is the surface air pressure, c,;,. is the CO5 concentration at leaf surface, e,;,. is the vapor pressure at leaf surface
and e,; (T,) is the saturation vapor pressure inside the leaves (Ball et al., 1987; Bonan, 1996). r, then is used to estimate latent

heat flux and, thus, evapotranspiration.
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A.03 Additional figures

GPP evaluation
(a) ECLand: default climatology (b) ECLand: MODIS climatology
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Figure A1l. Change of model quality metrics for GPP prediction when switching on dynamic vegetation for all included sites and by using
EUTEAereing-default climatology (left) or MOBIS-EATelomatotogy- MODIS climatology (right). The star (“Observ”) marks the location
of the perfect correlation between observation and model and perfect agreement between observed and modelled variance. The model
performance of the static runs can be read from the start of each arrow. The point colors indicate the site aridity (top right legend). Vegetation

types are symbolized by different marker types (bottom right legend).
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SM evaluation

(a) ECLand: default climatology
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Figure A2. Same as before but for soil moisture.
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Table A1. Relative bias for LAI. The word climatology is shortened with clim.. MODIS single refers to the MODIS single-year setup.
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Table A2. Relative bias for NEE. Note that a positive bias in NEE means an underestimation of carbon uptake by the ecosystem.
Abbreviations in the headings are as before.
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CA-Oas
CA-Qfo.
CH-Fru
CH-Oe2
DE-Geb
DE-HoH
DK-Sor
FI-Hyy
GF-Guy
IT-Cpz
IT-Lav
IT-Ren
IT-Ro2
US-ARM
US-GLE
US-SRM
US-Ton
US-Var

—19%
—9%
8%
2%
~34%
—12%
~6%
~23%
-32%
—2%
—20%
—15%
—16%
—20%
—3%
—62%
-40%
-30%
—0%
~9%
—2%
-27%
—8%
~7%
—4%
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default clim.

6% dynamic
-23%

-4-6%
314%
42%
-32%
17%
-6%
-9%
3%,
4-6%
-26%
-18%
-6%
1%
4%
-54%
30%.
32%
3%
3%
-9%
-19%
-6%
-9%
-13%

—25%
~11%
—0%
2%
~34%
~16%
~5%
~22%
22%
~6%
~21%
~19%
~21%
~19%
—6%
—62%
-36%
-32%
07%
~18%
—2%
~1%
~3%
~8%
~9%

{



Table A3. Relative bias for GPP. Abbreviations in the headings are as before.

ECLand Location
O%static  0%dynamic | 0%static  0%dynamic_| 0%static  0%dynamic_| Obs | O%sutic  0%dynamic | 0%static 0%

-25% -26-25% -15% -24-23% -15% -24% | AT-Neu —25% -20% —17%
-36-38% -30-31% -38-39% -31% -4-42% -31% | AU-DaS —24% 2+-16% —22% -
-41+-44% -35%—-38% 34-41% -38% -34-42% -38%_| AU-How —33% 3-18% —22%
2+16% +#12% 50% +610% 60% +610% AU-Stp -30% 3230% —3%

-8% -14% -6% -14% -6% -14% | AU-Tum —21% 23% —21%
-+6-8% -6-5% —+9-18% -6% -19% -6% | BE-Lon —1% 42% 9%
19-27% -2+-24% -22-23% -24% -22-24% -24% BE-Vie —1% -3% —11%
-+4-13% -15-14% -13% -14% -+4-15% -14% | CA-Oas 4% 8% —2%

-15% -29% —+9-17% -3+-29% -18-17% -3+-29% | CH-Fru —32% -25-23% —23% -
-5-49% -515% -17% 16% -17% 16% | CH-Oe2 —2% 35% —1%
-5-6% -4-5% -12% -5% -13% -5% | DE-Geb —4% 42% -16%
-24-25% +8-17% -15% -18-16% -+4-13% -18-16% | DE-HoH —16% 0% —5%
-36-34% -34-27% -37-38% -27% -37-38% -27% | DK-Sor —27% H-11% —29%

-25% -25% -25-26% -25% -25-27% -25% FI-Hyy -10% -8% —10%

-12% -12% -6-8% —+H-12% -6-10% -++-12% | GF-Guy —2% 4% 0%
452%  A49-13% | -10% 2% | 12% -12%_ | IT:Cpz 16% u% | 1%
-51% -58% -53% -58% -59-54% -58% IT-Lav —17% -29% —30%
-26-39% -18-40% -29-39% -36-40% -29-39% -36-40% IT-Ren 4% 3-11% —21%

-411% -9-1% -9% -3% -8-9% -3% IT-Ro2 —5% 30% -14%
-512% -49% 8% 8% 10% 8% | US-ARM 1% 38% 1%
-21-22% -22-23% -24-25% -22-23% -24-25% -22-23% | US-GLE -33% 13% —15%
—+7-23% -20-23% -22% -23% -22% -23% | US-SRM 2% 5% —11%
-6-1% -6-5% -11% -5% -11% -5% | US-Ton —6% 3% —5%
-212% -38% 9% 67% 9% 67% US-Var —1% +516% —S%

43




Table A4. Relative bias for latent heat flux. Abbreviations in the headings are as before.

-36height-27%
-25-27%
-53%
82%
-11%
-16%
8-27%
-5-9%
-22%
21%
+4-65%
-28%
-34-41%
“7-37%
-22%
-31%
“4+-21%
-40%_
-16-41%
-12-30%
76%
-58-02%
-2+-22%
-5%
29%

default clim.
6%-dynamic
-40-31%
—+7-18%
-49%
4-1%
-17%
-14%
7-20%
-6-9%
2%
28%.
+5-1%
-23%
-29-33%
-4-29%
-21%
-36%
-43-8%

A%

-14-41%
-17-38%
34%
-60-64%
21%
-6-12%
28%

ECLand

sim02-  MODISclim. | sim46-  MODIS single
-13% -28% -13% -28%
-28-30% -18% | -34-37% —+8-19%
-50-51% -48% -51% -48%
3-3% 4-1% 2-3% 4-1%
-T% -17% -7% -17%
-24-22% -14% -24% -14%
-+8-19% 20% | -18-20% -20%
-9% -9% -10% -10%
-35% 22% -36% -37-22%
22% 2% 22% 2%
-26-25% 0% -25% 0%
-4-5% 2% -8% 2%
-26-30% 29-32% | -26-29% -29-32%
-37-36% -29% -37% -29%
-24-22% 21% | -24-22% 21%
-25-26% 35% | -24-30% -35-36%
1% %, 3% A%,
-42% A7% | -48-43% -47%
-34-41% 35-41% | -34-41% -35-41%
-39% -39% -39% -39%
7% 4% 6% 4%
-66-68% -6+-64% | -66-68% -6+-64%
-27% -21% -26% -22%
-20-19% +4-13% | -20-19% —+4-13%
2729% 27% 2628% 27%
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Location
stm42-
Obs-
AT-Neu
AU-DaS
AU-How
AU-Stp
AU-Tum
BE-Lon
BE-Vie
CA-Oas
-24CA-Qfo
CH-Fru
CH-Oe2
DE-Geb
DE-HoH
DK-Sor
FI-Hyy
GF-Guy
IT:Cpz._
IT-Lav
IT-Ren
IT-Ro2
US-ARM
US-GLE
US-SRM
US-Ton
26%-US-Var

sim50-
0% static
-25%
24-14%
31-43%
78%

5%

3%

-5%

3%
-36%
-32-30%
3%

2%
-17-12%
-19%
-34%
-17%
17%
-50%
-37-43%
-9%

6%
-52-54%
-20%
-10-8%
2021%

default clim.

8% -dynamic_
-19%
-23-13%
-29-43%
+1%
7%

0%

1%

8%
-34-36%
-26-25%
9%

5%
-+4-8%
-12%
-32%
-15%
16%
-47%
-35-41%
-6%

11%
-59-63%
-19%
-+0-7%
2223%

simS2-
0% static
2219
20-129
29-409
4-39

49

4-39
-49
49

24-389



Table AS. Relative bias for evaporative fraction. Abbreviations in the headings are as before.

s1m00-
-37height-34%
-40-43%
-49%
-7-14%
-50%
-4%
8-12%
-3-4%
-15-21%
-8%
-43-32%
410%
-56-52%
2-14%
-5%
-713%
-25-12%
-25%
5-71%
18-7%
1%
-35-41%
-4-8%
95%
98%

default clim.
0%dynamic
-44-39%
-35-36%
-45%
—12-18%
-60%
-5%
5-10%
3-5%
-16-21%
-12%
-45-30%
14%
-51-46%
2-11%
-6%
-78%
-290%
-31%
5-8%
H-17%
-13-9%
-39-44%
2-7%
80%
72%

ECLand
sim62-  MODISclim. | sim4d-  MODIS single
-21% -37% -22% -37%
-45-47% 37% | -50-53% -37%
-46-47% -45% -47% -45%
—+0-16% +2-17% | H-17% +2-17%
-46-45% -60% | -46-45% -60%
-10% -6% -11% -6%
-9-10% -10% -9-10% -10%
-5% -5% -5% -5%
9-32% +2:22% 33% 22%_
EH-Fru—-9% -12% 9% -8-12%
-18% -29% -18% -29%
10% 3% -2% 3%
-49-45% -5+-45% | -48-43% -5+-45%
-15% -11% -15% -11%
-5-6% -6% -6% -6%
-60-63% 18% | -59-67% 77-78%
2%, 1%, 1% 1%,
-32-28% -32% -29% -32%
-6-8% -6-8% -6-8% -6-8%
-22% -18% -22% -18%
-T% -9% -8% -9%
-48-50% -43-45% | -48-50% -43-45%
-11% -7% -11% -7%
-6% 0% -6% 0%
67% 2% 6% 2%
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Location
stm42-
Obs-
AT-Neu
AU-DaS
AU-How
AU-Stp
AU-Tum
BE-Lon
BE-Vie
CA-Oas
CA-Qfo.
CH-Oe2
DE-Geb
DE-HoH
DK-Sor
FI-Hyy
GF-Guy
IT-Cpz
IT-Lav
IT-Ren
IT-Ro2
US-ARM
US-GLE
US-SRM
US-Ton
US-Var

stmS0-
0% static
-12%
-51-40%
-29-43%
0-1%
-26%
8%

0%

-4%
-33%
-10%
-4%

8%
-27%
-9%
-11%
-489%
34%
-33%
~H-13%
6%

1%
-29%
-15%
1%

89%

default clim.

8% -dynamic_
-10%
-43-34%
-22-40%
-6-10%
-23%
10%

3%

-1%
2%,
9%

-4%

13%
-20-21%
-4%
-10%
-42%
34%
-30%
-9-12%
16%

2%
-27-26%
9%

3%

89%

simS2-
0% static
-10-9%
-43-35%
25-38%
9-10%
-27%
9%

0%

4%
31%
-8-10%
-5%
11%
25-26%
-10%
-12%
-47%
33%
-34%
~H-13%
1%

4%
-30-31%
-13%
23%
1415%



Table A6. Relative bias of soil moisture. Abbreviations in the headings are as before.

stm00-
Sheight] %
687695%
194196%
162116%
54%
10%
2937%
+27131%
-2884%
-33%
5053%
9782%
+67161%
6980%
51%
251%
246%.
-86-87%
-44-42%
-1275%
+7-7%
48%
31+4455%
736%
58%

8% -dynamic_
2%
674680%
194193%
+47163%
57%

9%
2936%
430133%
-2883%
-32%
5047%
9892%
163154%
6878%
50%
253%
160%-230%
-85%
-44-42%
-+083%
2+-1%
48%
398429%
+939%
6274%

ECLand

simb2-  MODISclim | sim46-  MODIS single
-5% 1% -4% 1%
704% 681% | 769711% 681%
197198% 193% | 197198% 193%
+6+180% 15169% | +66179% +5+169%
52% 57% 52% 57%
+413% 9% 14% 9%
3536% 36% 3536% 36%
+32133% 133% 133% 134%
86% 83%. 86% 83%.
-34-33% 32% -33% -3+-32%
50% 47% 50% 47%
+66101% 93% 102% 93%
+58152% +63154% | +57150% +62153%
7980% 7#18% 7880% T#18%
5051% 50% 50% 50%
250% 253% | 256251% 253%
228% 2% | B0% 230%.
-85-86% -85% | -85-86% -85%
-42% -42% -42% -42%
1384% 1283% 1383% +283%
-2% 0% -2% 0%

50% 49% 50% 49%
552% 433% 552% 433%
45% 40% 45% 40%

72% 74% 72% 74%
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Location
stm42-
Obs-
AT-Neu
AU-DaS
AU-How
AU-Stp
AU-Tum
BE-Lon
BE-Vie
CA-Oas
CA-Qfo.
CH-Fru
CH-Oe2
DE-Geb
DE-HoH
DK-Sor
FI-Hyy
GF-Guy
IT-Cpz
IT-Lav
IT-Ren
IT-Ro2
US-ARM
US-GLE
US-SRM
US-Ton
US-Var

simS0-
0% static
-10%
371481%
192129%
4762%
29%

-8%

7%

73%
97%
-44%
29%
45%
HH4109%
2%
-3%
160159%
124%
-25%
1%
-1825%
14%

36%
298%
6%

60%

default clim.

6% -dynamic_
-11%
353441%
+46110%
4154%
28%
-13%

7%

65%
96%
-44%
28%

27%
103101%
11%

-4%
19%.
125%.
-25%
-11%
-2216%
1%

38%
303%

3%

53%

simS2-  MOD

6%-static
-10-11%
357455%
169114%
5266%
29%

-8%

7%

71%
95%
-44%
29%
4445%
107106%
1%

-3%
160%
124%
-25%
-11%
-1922%
16%
39%
339%
14%
6566%

6%
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