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Abstract. This study is motivated by the hypothesis that the drizzle problem of coarse-resolution climate models, whereby
convective precipitation preferentially falls as light precipitation rather than short-lived and intense storms, leads to low gross
primary productivity (GPP). To test this hypothesis, we perform an offline land carbon simulation over Europe using a terrestrial
biosphere model driven by atmospheric forcing from a global km-scale climate simulation with explicitly resolved convection.
This simulation is compared with a coarse-resolution simulation driven by atmospheric forcing from a coarse-resolution cli-
mate model with parameterized convection. We find that shorter, more intense daily precipitation events when convection is
explicitly resolved allow for stronger downward shortwave radiation on rainy days, thereby enhancing photosynthesis for a
given precipitation amount. This effect is visible beyond a precipitation threshold of 14 mm day . It also manifests itself as
a steady decrease of GPP with intensifying precipitation in the coarse-resolution simulation, whereas productivity stays ap-
proximately constant in the storm-resolving simulation. The latter behavior appears closer to observations. At the same time,
differences in the precipitation climatology between the two atmospheric forcing datasets, with a deficit of precipitation over
Europe, and especially over central eastern Europe, in the km-scale forcing result in an overall decrease of GPP in the storm-
resolving simulation. Consistent with these GPP changes, autotrophic respiration and heterotrophic respiration are smaller in
the km-scale simulation, the latter firstly due to drier mean conditions. Hence, whereas explicitly resolving convection allows
for enhanced productivity under strongly precipitating events, this effect is modulated by the simulated mean climate and

domain-mean productivity may increase or decrease.

1 Introduction

Terrestrial ecosystems on land take up about 3.3 Gt carbon per year on average (Friedlingstein et al., 2023). In order to
estimate the magnitude of the land carbon sinks, dynamic global vegetation models are widely used. These models represent
the terrestrial carbon cycle processes with varying levels of complexity. Generally, they can be used in an offline mode driven
by prescribed atmospheric forcing or in a fully interactive configuration within Earth System Models.

However, estimates of carbon fluxes are subject to substantial uncertainties. Previous studies have identified the represen-
tation of terrestrial and biosphere processes (model uncertainty), of land input datasets (e.g. land cover map, distribution of

plant functional types) and the atmospheric forcing as potential sources of uncertainty. For example, Jung et al. (2007b) found



25

30

35

40

45

50

55

that changes in model resolution or land-cover maps had little effect on the simulated gross primary productivity over Eu-
rope, but changes in either the terrestrial biosphere model or the atmospheric forcing significantly affected the results. In their
study, uncertainties in atmospheric forcing are especially projected on interannual variations in gross primary productivity.
In contrast, more recent work by Hartley et al. (2017) and Georgievski and Hagemann (2019) showed that uncertainty in
the derivation of land input dataset can exert much stronger effects on climate simulations. The different resolutions, 0.25°
in Jung et al. (2007b) versus about 2° in the more recent studies, might explain some of the discrepancy. Comparing model
uncertainty and uncertainty in atmospheric forcing, Hardouin et al. (2022) concluded that atmospheric forcing accounts for a
large fraction of uncertainty in the variability of gross primary productivity (75%) and autotrophic respiration (90%), while
playing a smaller role for heterotrophic respiration (30%). In addition, Ahlstrom et al. (2017) further demonstrated that biases
in simulated precipitation, temperature, and downward shortwave radiation can explain up to 40% of the spread in land carbon
fluxes and carbon pools estimates among Earth System models. Schaphoff et al. (2006) found that, under future projections,
large variations in simulated precipitation patterns can even change the signs of land carbon uptake in tropical and sub-tropical
ecosystems.

Global carbon estimates have relied on global atmospheric forcing datasets derived from Earth System models, atmospheric
reanalyses, or observation-based products (e.g. Qian et al., 2010; Ahlstrém et al., 2017; Schaphoff et al., 2006; Morales et al.,
2007; Miiller et al., 2007; Fisher et al., 2022). Among these datasets, Earth System models and atmospheric reanalyses have
typically been provided at coarse spatial resolutions, on the order of 100 km. Even regional estimates have often used coarse
atmospheric forcing data, at best around 25 km (Jung et al., 2007a; Vetter et al., 2008; Huntzinger et al., 2013). At such grid
spacings, convective processes — one of the two main mechanisms producing precipitation — must be parameterized. Convective
parameterizations are known to introduce various biases in the representation of precipitation (e.g. Fiedler et al., 2020). One
well-known bias is the overestimation of the frequency of light precipitation events and corresponding underestimation of
intense events, commonly referred to as the "drizzle" problem (e.g Sun et al., 2005; Dai, 2006; Lazoglou et al., 2024). Refining
the grid spacing to a few kilometers, typically below about 10 km, allows deep convective parameterizations to be switched
off and deep convection to be explicitly resolved by the underlying fluid-dynamical equations. Comparisons between km-scale
models and coarse-resolution climate models with convective parameterization have consistently shown a reduction of the
drizzle problem (e.g. Prein et al., 2015; Schir et al., 2020; Stevens et al., 2020). Instead of drizzling, km-scale models with
explicit convection produce more intense and shorter-lived daily precipitation events, in better agreement with observations.
This difference in rainfall distribution might project on the carbon cycle. In their offline regional simulation of groundnut yield
over West Africa, Garcia-Carreras et al. (2015) showed that the persistent drizzle leads to too high surface evaporation and
delays the planting of groundnut by up to 2 months in the south of the simulated domain. In contrast, simulating the short,
localized and high-intensity rain events by explicitly resolving convection in the atmospheric forcing leads to an earlier and
more realistic triggering of planting.

Here, we propose the hypothesis that explicitly resolved convection enhances gross primary productivity. The underlying
idea is that shorter-lived precipitation events allow more radiation to reach the surface on rainy days, thereby increasing pho-

tosynthesis and gross primary productivity. To test this hypothesis, we conduct two offline simulations using the terrestrial
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biosphere model JSBACH (Jena Scheme for Biosphere Atmosphere Coupling in Hamburg) (Schneck et al., 2022). One sim-
ulation is performed at a grid spacing of 5 km using atmospheric forcing derived from a 5-km global climate simulation with
explicit convection, while the other simulation is conducted at a grid spacing of 160 km with atmospheric forcing taken from
a coarse-resolution climate (160 km) model with parameterized convection. To reduce computational costs, particularly those
associated with spinning up the carbon pools, we confine our study domain to Europe.

The outline of the paper is as follows: Section 2 describes the JSBACH model and the design of the two experiments. Sec-
tion 3 first quantifies the carbon fluxes and their differences in the two simulations, focusing on gross primary productivity,
autotrophic respiration, heterotrophic respiration and grazing by herbivores. It then explains for each carbon flux the mecha-
nisms underlying the differences found between the two simulations, especially testing the previously mentioned hypothesis.

Section 4 summarizes and discusses the results.

2 Model description
2.1 JSBACH

JSBACH version 4 (Schneck et al., 2022) is the land component of the ICON Earth System model and its previous version was
the land component of ICON’s predecessor, the MPI Earth System model (Mauritsen et al., 2019). JSBACH represents both
the physical and the biogeochemical cycle of the land surface. Soil temperature is computed by solving the thermal diffusion
equation, discretized over a finite number of soil layers. Soil moisture is predicted by the one-dimensional Richards equation.
For the biogeochemical cycle, we only consider the carbon cycle without any disturbance (e.g., fire). The core of the carbon
module consists of assimilation of carbon through photosynthesis and the loss of water and carbon through plants transpi-
ration. These processes are parameterized using components of the BETHY model (Knorr, 1997, 2000). The photosynthesis
module first computes potential productivity under the assumption of unlimited water availability. Using unstressed stomatal
conductance, the potential water loss through transpiration is calculated, from which the water-stressed stomatal conductance
is derived. With this actual stomatal conductance, the model then computes the actual productivity per leaf area. The photo-
synthesis module accounts for physiological differences between plants by using the Farquhar model for C3 plants (Farquhar
et al., 1980) and the Collatz model (Collatz et al., 1992) for C4 plants. Gross primary productivity is obtained by multiplying
productivity per leaf area by the leaf area index, which is simulated using the phenology model LoGro-P (Logistic Growth
Phenology). Net primary productivity is determined by subtracting autotrophic respiration from gross primary productivity.
Net primary productivity is then allocated to three carbon pools: the wood pool (stems, branches, and roots), the green pool
(leaves, fine roots, and vascular tissues), and the reserve pool (sugars and starches). The green pool looses carbon to the at-
mosphere through grazing by herbivores. The three carbon pools loose carbon to the soil through litterfall processes such as
shedding of leaves, sapwood and littering. The soil carbon module consists of woody and non-woody litter, which can occur
above or below ground, each being subdivided into ethanol, acid, water and nonsoluble. There are also two humus pools, one
for woody and one for non-woody litter. This makes a total of 18 soil carbon pools. The dynamics of litter and soil carbon

are parameterized using the Yasso07 model (Liski et al., 2005; Tuomi et al., 2009). Carbon is returned from the soil to the
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atmosphere via heterotrophic respiration. Hence, in equilibrium, carbon uptake through gross primary productivity is balanced

by carbon losses through autotrophic respiration, heterotrophic respiration and grazing by herbivores.
2.2 Experimental design

We conduct two offline simulations with the JSBACH model, integrated on an icosahedral grid and on a limited domain
covering Europe (Fig. 1a and b). The two simulations are integrated at two distinct grid spacings with corresponding distinct
atmospheric forcings. For the first simulation, we use atmospheric forcing derived from a global storm-resolving simulation
conducted with the Sapphire configuration of the ICON model (Hohenegger et al., 2023) at that same grid spacing of 5 km and
on the same grid, modulo its global extent. The set-up of the ICON simulation is described in Segura et al. (2025), where it is
referred to as ICON-C3. ICON-C3 also employs JSBACH as a land surface model, but in its light version, simulating only soil
temperature and soil moisture and using climatological distribution of vegetation parameters instead of plant functional types.
The lack of a simulation with carbon cycle at storm-resolving resolution motivated this study. The atmospheric forcing from
ICON-C3 is available every 3 hours. It represents perpetual 2020 conditions. ICON-C3 had been integrated for five years to
sample interannual variability. The first year of the five-year ICON-C3 simulation is excluded as spin-up. The second offline
JSBACH simulation is integrated at a grid spacing of 160 km and uses atmospheric forcing derived from the MPI-ESM1.2-
LR.ssp245 (Wieners et al., 2019) simulation, which was originally provided on the native MPI-ESM1.2-LR atmospheric grid.
Before being used by JSBACH, the forcing variables are remapped to the 160-km triangular grid using a distance-weighted
average of the four nearest neighbor values. We choose the SSP2.45 scenario and the year 2021 as we do not have perpetual
2020 conditions from a low-resolution model, and that year had the closest atmospheric CO» concentration compared to the one
used in ICON-C3. MPI-ESM1.2-LR.ssp245 uses the full version of JSBACH, including plant functional type and carbon cycle,
but with prescribed atmospheric CO2 concentration. We nevertheless do not directly use the carbon variables of MPI-ESM1.2-
LR.ssp245 for comparison with our offline 5-km simulation to allow for a cleaner comparison, using instead the same land
surface model version without atmospheric coupling. The atmospheric forcing of MPI-ESM1.2-LR.ssp245 is available every 6
hours. To sample interannual variability, we conduct six individual simulations, each driven by the atmospheric forcing of the
year 2021 taken from the ensemble members rlilplfl to r6ilplfl. In the following, we refer to the first JSBACH simulation
as SRM (for storm-resolving model) and the second one as LR (for low resolution). The atmospheric forcing variables needed
to drive JSBACH are surface precipitation, downward shortwave and longwave radiation, as well as the near-surface (lowest
atmospheric layer) humidity, temperature and wind speed. In both offline simulations, the atmospheric CO5 concentration is
prescribed at a constant reference value of 367 ppm. First, we use a constant rather than transient value to avoid having to
simulate a long period, like several repetitions of a 30 year period, due to the computational cost and to simplify the analysis.
Second, we choose a concentration which has often been used to represent "present-day" conditions in idealized studies. Using
other CO concentration would change the size of the carbon pools at equilibrium, but not the differences between SRM and
LR as those can be fully explained by differences in the atmospheric forcing (see section 3).

To estimate carbon fluxes, JSBACH also needs land parameter maps, such as albedo, soil type and plant functional type.

These land parameter maps are derived from corresponding high-resolution observational datasets, with grid spacings of O(1
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km) or finer and these maps are coarsened to the targeted grid spacings of 5 km and 160 km. For plant functional type, we use
the ESA CCI land cover map (Store, 2019), which provides land cover type at a grid spacing of 300 m. We convert these land
cover types to the plant functional types expected by JSBACH using a cross-walking table. In both simulations, we consider
the default 11 plant functional types of JSBACH. To ensure a consistent comparison, we restrict the analysis to grid cells with
a land fraction of 100% in both simulations.

Both the SRM and LR simulations start from zero carbon fluxes and carbon pools. Thus, it is necessary to spin up the
simulations over many years to reach equilibrium values. The humus pools require the longest time to spin up because they are
associated with the slowest turnover processes. To accelerate the spin-up, JSBACH provides a special workflow that analytically
estimates the equilibrium value of the humus pools based on their transient behavior. The humus pool values are then replaced
by this analytically predicted equilibrium value. In the SRM and LR simulations, this workflow is applied once the difference
in carbon flux into the humus pools between two consecutive years becomes smaller than 0.001 g C m~2 at every grid cell.
After this step, the spin-up continues until the absolute difference in total ecosystem carbon between consecutive years is less
than 1 g C m~2 at every grid cell, following McGuire et al. (1992) and Hoffman et al. (2014). The total spin-up time amounts
to 556 years for the SRM simulation and between 468 to 484 years for the LR six simulations. After the carbon pools reach
equilibrium, the simulations are continued for an additional four years for the SRM, and the mean over these four years is
used for analysis. For each of the LR member, the simulation is continued for one additional year and the mean over the six
members is used for analysis.

The SRM simulation is driven by atmospheric forcing coming from a storm-resolving model with an explicit representation
of convection, whereas convection was parameterized in the atmospheric forcing driving LR. This allows testing our hypothesis
regarding the effect of resolving the short-lived nature of storms on carbon. At the same time, the two forcings were derived
from two models that differ more than just by their representation of convection. Even though both models are supposed
to represent the year 2021, their simulated climate will not be identical. Moreover, high resolution also comes with a better
representation of orgoraphy and land surface properties. All these factors can confound the direct effect of resolving storms
and complicate the analysis. We nevertheless retain all these baseline differences in our primary simulations to be able to
assess whether the effect of precipitation duration on carbon fluxes is sufficiently strong and systematic to emerge despite these

structural differences.

3 Result
3.1 Quantification of carbon flux differences

Figure 1 shows the four components of the carbon budget over the simulation domain (Europe), averaged over time/members,
for LR, SRM, and their difference (SRM minus LR). The four components are: Gross Primary Productivity (GPP), autotrophic
Respiration (Ra), heterotrophic Respiration (Rh) and grazing by herbivores. Because the simulations are in equilibrium, GPP is
on average balanced by respiration and grazing and net ecosystem productivity is zero. Figure 1 reveals that the carbon fluxes

are generally smaller in SRM than in LR, especially over central eastern Europe (Belarus, Ukraine, Romania, Moldova, Serbia,



160 Hungary, Slovakia, Czech Republic, Poland, and Turkey). The differences are largest for GPP. Nevertheless, all four carbon
fluxes exhibit a similar spatial difference pattern, with strongest negative differences over central eastern Europe and weaker
negative, up to slightly positive, differences elsewhere. This difference pattern mostly reflects the spatial pattern of the carbon
fluxes in SRM. Whereas the carbon fluxes in LR show very little zonal variations, there is a clear east-west contrast in SRM

with smaller values over central eastern Europe.
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Figure 1. Carbon fluxes averaged over time/members with (a-c) gross primary productivity (GPP), (d-f) autotrophic respiration (Ra), (g-1)

heterotrophic respiration (Rh), and (j-1) carbon loss by grazing of herbivores for (left) LR, (center) SRM, and (right) the resulting difference

(SRM-LR).
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In addition, SRM shows much finer spatial structure in the simulated carbon fluxes than LR (Fig. 1). This difference is
expected, as small-scale surface spatial variability is well resolved in the SRM, especially along the Alps, Carpathian, Pyrenees
and Scandinavian mountains with the underlying high-resolution topography and land cover type.

To quantify the overall magnitude of the differences in carbon fluxes between the two simulations, we compute the mean
carbon fluxes averaged over the land area of the simulation domain (Table 1). On average, SRM exhibits smaller carbon uptake
by vegetation than LR. GPP is 1112.5 ¢ C m~2 yr—! in SRM, which is 279 ¢ C m~2 yr~! less than in LR. Given its smaller
carbon uptake, SRM releases less carbon to the atmosphere. Ra reaches 519.2 g C m~2 yr~! in SRM, falling below the LR
value by 175.7 ¢ C m~2 yr~!. In addition, Rh releases less carbon into the atmosphere in the SRM simulation (569.0 g C m~2
yr~1) than in the LR simulation (621.2 ¢ C m~2 yr~!). The difference in carbon released through grazing by herbivores is
512gCm~2yr L,

Table 1. Gross primary productivity (GPP), autotrophic respiration (Ra), heterotrophic respiration (Rh) and carbon loss by grazing of herbi-

vores as averaged over Europe (land area of the domain) and time/members (in g C m~2 yr™1).

Variables LR SRM Difference (SRM-LR)
GPP 13915 11125 -279
Ra 694.9 519.2 -175.7
Rh 6212  569.0 -52.2
Grazing 75.4 242 -51.2

To put these numbers into context, estimates of GPP generally show larger values over western central Europe than over
eastern Europe and the Iberian Peninsula (e.g., Zhu et al., 2025; Pu et al., 2025; Yuan et al., 2025; Kang et al., 2025; Chen
et al., 2024). Although uncertainties in GPP retrievals are large and different datasets do not always agree, values over western
central Europe are typically around 1500-2000 g C m~2 yr~!. The observed spatial pattern and averaged values are qualitatively
consistent with the results shown in Fig. 1a and b. For Ra, the simulated values shown in Fig.1d and e also broadly agree with
observation estimates, which typically range between 1000-1500 g C m~2 yr~! over western central Europe (Ai et al., 2018;
Zhu et al., 2025; Yuan et al., 2025). Regarding heterotrophic respiration, the dataset presented in Tang et al. (2020) has values
of around 400-600 g C m~2 yr~! in humid temperate areas over western and central Europe. These values are lower than those
reported by Hashimoto et al. (2015), which range between 750-1000 g C m~—2 yr~! over western central Europe. The JSBACH
simulations shown in Fig. 1g and h are thus in better agreement with the estimate reported by Hashimoto et al. (2015). The
domain-mean GPP for Fluxnet2015 tower measurements (Pastorello et al., 2020) is 1480.6 & 523.3 g C m~2 yr~! (standard
deviation across towers). In comparison, the gridded MODIS/Terra dataset (Running and Zhao, 2021) yields a lower domain-
mean of 1123.6 ¢ C m~2 yr—!. While the Multi-scale Synthesis and Terrestrial Model Intercomparison Project (MsTMIP)
simulations (Huntzinger et al., 2018) show 899.9 4 190.8 ¢ C m~2 yr—! (standard deviation across model members). In
MsTMIP, Ra and Rh are estimated at 475.7 & 154.8 and 447.1 £+ 171.9 g C m~2 yr—!, respectively. Overall, the JSBACH
simulations (Table 1) reproduce the reported carbon flux magnitudes reasonably well. However, it should be noted that the use

of steady-state and not transient historical forcing for our offline simulations makes a one-to-one comparison to observations
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difficult. Our comparison with Fluxnet2015, MODIS, and MsTMIP is intended solely to verify that the simulated carbon fluxes

fall within a broadly realistic and biologically sound parameter space, rather than to serve as a strict validation.
3.2 What causes the differences in carbon fluxes?
3.2.1 Gross primary productivity

To first order, photosynthesis is mainly controlled by the amount of solar radiation, temperature and water availability (soil
moisture) (Nemani et al., 2003; Beer et al., 2010). This is also the case in JSBACH, where GPP is modeled as a function of
leaf area index and water-stressed plant productivity. For vegetation across Europe, leaf area index is mainly controlled by
temperature and soil moisture, whereas plant productivity depends in particular on solar radiation and soil moisture. Table 2
shows the results of a multiple linear regression of GPP against surface downward shortwave radiation (SW), air temperature
(T,), and root-zone soil moisture. In both SRM and LR, downward shortwave radiation plays the dominant role among the
three factors. In both simulations, the regression coefficient for downward shortwave radiation is larger than 0.57, whereas the

other two regression coefficients are smaller than 0.21.

Table 2. Coefficients from the multiple linear regression of GPP with respect to downward solar radiation (SW), air temperature (T,) and
root-zone soil moisture (SM), GPP = 8o + fBsw - SW + S, - Ta + Bsm - SM. Each dependent and independent variable is standardized to

have zero mean and unit variance. Daily values at every grid point are used to compute the multiple linear regression.

Simulations B0 Bsw  fr. Bsm
LR 0 060 0.18 0.19
SRM 0 057 010 0.21

The regression analysis confirms the idea underlying this work mentioned in the introduction, namely that the shift in the
convective precipitation distribution — from long-lived drizzling rainfall in models with convective parameterization to short-
lived storms in models with explicit convection — could affect GPP via change in cloud cover and radiation. Yet, the documented
changes in GPP in section 3.1 are opposed to the expectations. GPP is decreased, not increased in SRM compared to LR. To
understand this apparent contradiction, we examine in more detail the relationships between GPP, precipitation, radiation, and
precipitation duration (see Fig. 2).

Figure 2a reveals that GPP steadily decreases in LR as rain intensifies beyond about 10 mm day ~*

, whereas it stays constant
in SRM. This behavior is consistent with the relationship between precipitation and downward shortwave radiation (Fig. 2b).
In LR, radiation starts to decrease rapidly beyond 9 mm day~! of precipitation, while it stays approximately constant with
increasing precipitation in SRM. The fact that SRM can maintain higher solar radiation than LR by same precipitation amount
could be due to shorter-lived precipitation events, as confirmed by Fig. 2c. Although SRM has slightly more rainfall events
lasting 6 h and 12 h, it has substantially fewer full-day rainy days than LR. Rain occurring throughout the entire day accounts

for only 17.6% in SRM, compared to 45.1% in LR.
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Figure 2. (a) Daily mean GPP as a function of daily mean precipitation for LR (orange line) and SRM (blue line) together with their
histogram of precipitation (bar). Black line for observations, taken from the Fluxnet dataset and retaining one year of observations per station
with at least one full year of non-missing values between 2018-2022 (118 stations). (b) Same as (a) but for surface downward shortwave
radiation. Observations are taken from the gridded E-OBS dataset and averaged over the years 2018-2022. (c) Histogram of rain hours per

day in the two simulations.

To further confirm that the distinct relationship between GPP and precipitation between LR and SRM as precipitation
strongly intensifies is due to shortwave radiation and not to other confounded co-varying climate factors, we conducted a
sensitivity experiment where we replaced the shortwave radiation forcing in LR by the one from SRM (Fig. S1). This removes
the previously observed decline in GPP with precipitation. As for this sensitivity experiment the 3-hourly SRM forcing was
aggregated to a 6-hourly forcing to be consistent with the LR forcing, we can further conclude that the difference in forcing
frequency is also not the reason for the distinct behavior between LR and SRM. Note that, although switching the radiation
forcing in LR removes the decline in GPP as precipitation intensifies, the values remain much larger in LR than in SRM for
a given precipitation amount. This pinpoints to an effect of the simulated mean climate on GPP, an effect discussed further
below.

Our analysis isolates the distinct behavior of downward surface shortwave radiation between LR and SRM to be the root
cause for the decline in GPP with intensifying precipitation in LR, a distinct behavior that we hypothesize as being due to the
representation of convection. If this is true, we would expect the decline in GPP with strongly intensifying precipitation in LR
to be more pronounced during the summer season, at a time of peak convective activity. Only during summer, the convection
scheme in LR produces more than half of the mean precipitation. The contribution is 56% in JJA, versus 31%, 23% and 12% in
MAM, SON and DIJF, respectively. Plotting the GPP-precipitation relationship as a function of season (Fig. S2) confirms that
the GPP decline in LR is only visible during the summer season. Moreover, the GPP decline in LR should also be relatively
independent of the underlying plant functional type, as further confirmed by Fig. S3. There, the differences between SRM
and LR are smallest for grassland, which occupies 23.91% and 23.87% of the land points of the domain in LR and SRM,

respectively. As such and if anything, the larger fraction of grassland in LR should have made the domain-mean GPP curve
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more akin to the SRM one; slight differences in the fractions of plant functional types between SRM and LR can also not
explain the distinct behavior of GPP with intensifying precipitation between the two models.

The strong decline in GPP with precipitation in LR leads to smaller GPP values in LR compared to SRM beyond a precip-
itation threshold of about 14 mm day—'. To quantify the impact of these strong precipitation events on the overall mean GPP,

we decompose the mean GPP into contributions from days with less than and greater than 14 mm day ! of precipitation:

GPP:O(-GPPP<14+(1—04)-GPPp214, (1)

where the overbar denotes averaging, P is precipitation and « is the fraction of events with P < 14 mm day~'. The values of

each term are summarized in Table 3.

2

Table 3. Decomposition of land mean GPP (g C m~2 yr—') based on a daily mean precipitation threshold of 14 mm day ' (see Eq. 1.)

Simulation ~ GPP «-GPPp<is (1 —a)-GPPp>1y a GPPpcis  GPPp>ig
LR 1391.5 1391.4 0.1  0.9998 1391.7 457.3
SRM 11125 1073.3 39.1 0.97 1110.9 1159.7
SRM-LR 279 -318.1 39 -0.0298 -280.8 702.4

Table 3 shows that the contribution is larger in SRM than in LR for the strong precipitation events ((1 — ) - GPPp>14),
whereas it is smaller for weak precipitation events (o - GPPp14). The larger GPP under strong precipitation events in SRM
can nevertheless not overcompensate for the weaker GPP values below the precipitation threshold of 14 mm day~!. In other
words, the smaller GPP on weakly precipitating days explains the smaller domain-mean GPP in SRM. The larger contribution
of strong precipitation days to GPP in SRM than in LR, (1 — «) - GPPp>14, arises both from the larger conditional average
of GPP, WFZM’ consistent with Fig. 2b, and from the more frequent occurrence of strong precipitation events, which is
expected when convection is explicitly resolved.

Why is GPP in general smaller in SRM than in LR, and especially so in central eastern Europe (Fig. 1)? The sensitivity
experiment in Fig. S2 with using the shortwave radiation forcing of SRM in LR already indicated that the smaller GPP in
SRM cannot be due to shortwave radiation, as using this forcing actually further enhances GPP in LR. Conducting two new
sensitivity experiments (see Fig. S2), also replacing the precipitation forcing (red curve), as well as the temperature forcing
(green curve) in LR with the SRM forcing, brings the GPP curve in LR down close to the SRM one. Replacing precipitation
leads to a reduction in GPP of 28.6 g C m~2 yr—!, whereas replacing temperature leads to an additional reduction of 14.3 g C
m~2 yr~!. Hence, differences in the precipitation forcing between SRM and LR are the main reason for the weakening of GPP
in SRM. Figure 3a shows the corresponding mean precipitation distribution, revealing widespread smaller precipitation values
in SRM. GPP does not directly depend upon precipitation, but on soil moisture, both through the controls of soil moisture on
leaf area index and on photosynthesis. Figure 3b shows the the corresponding soil moisture difference. The averaged difference
pattern in soil moisture resembles that of GPP in Fig. 1c, particularly the strong negative values over central eastern Europe. In

conclusion, the smaller precipitation values in the SRM forcing leads to more water stress for the plants and ultimately smaller
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GPP, masking the effect of enhanced radiation due to shorter-lived storms. The importance of precipitation and soil moisture
for GPP has been documented in past studies (e.g. Beer et al., 2010; Humphrey et al., 2021). Our findings are also consistent
with the result of the multiple linear regression shown in Table 2, where soil moisture appears to play an important role for
GPP.

Our analysis reveals two key differences between LR and SRM, which act in an opposite way on GPP: More radiation
in SRM due to shorter-lived precipitation events, favorable for photosynthesis, but drier climate, enhancing limitiation of
productivity due to water stress. As these characteristics are related to the distinct atmospheric forcing of the two models, one
may wonder which characteristic is closer to observations. We compare the forcings to observations from the E-OBS dataset,
which is a gridded dataset from station observations over Europe (Cornes et al., 2018). We select the years 2018-2022 in E-OBS
to stay close to the simulated year but account for some interannual variability, and regrid the dataset to the LR grid spacing.
In terms of annual mean temperature or precipitation distribution, the performance in LR and SRM is similar. Domain-mean
differences over land points are -0.6 K in LR versus -1 K in SRM for temperature and 0.24 mm day ' in LR versus 0.46
mm day~! in SRM for precipitation. The smaller mean error in LR is a result of a better compensation between positive and
negative biases in LR. In absolute values, the biases are actually smaller over 60% of the land points of the domain in SRM
compared to LR. During the summer season though, precipitation is too weak over central eastern Europe in SRM compared
to E-OBS, indicating that the GPP values may be too small there. In contrast, the relationship between shortwave radiation
and precipitation (see black curve in Fig. 2b) is better captured in SRM than in LR. Also in observations, shortwave radiation
does not decline as steeply as in LR with intensifying precipitation, with a decline of about 7 W m~2 between 10 and 20 mm
day~! of precipitation, versus 50 W m~2 in LR. It nevertheless seems that SRM simulates too much solar radiation. In terms of
GPP, also in the FLUXNET observations (see black curve in Fig. 2a), GPP does not exhibit a strong decrease with intensifying
precipitation, making this characteristic more akin to the SRM results (see also discussion section). The very good agreement
between the observational and the SRM curve in Fig. 2a has to be taken with some caution as there might be compensating
errors in SRM with too high solar radiation and potentially too weak mean precipitation. Furthermore, despite the use of 116

stations, the stations are not evenly distributed throughout the simulated domain.
3.2.2 Autotrophic respiration

In JSBACH, Ra consists of dark respiration (maintenance respiration) and growth respiration. Dark respiration per leaf area is
a function of air temperature and downward shortwave radiation, following the Farquhar and Collatz models of photosynthesis,
whereas growth respiration is proportional to GPP. Table 4 shows the result of the multiple linear regression between Ra and
its controlling factors, namely GPP, T, and SW. It is clear from Table 4 that GPP is the dominant controlling factor with a
regression coefficient of 0.86 in both simulations. Further examining the relationship between GPP and Ra using Fig. 4, we
see that Ra indeed increases linearly with GPP in both simulations over the range of simulated GPP values. The functional
relationship is identical in both simulations up to a GPP value of about 2500 g C m~2 yr~!. Because LR produces a larger

mean GPP, and also simulates more frequent GPP values larger than 2500 ¢ C m~2 yr—! whose associated Ra values are larger
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Figure 3. Maps of difference in (a) precipitation (mm day’l) and (b) soil moisture (first soil layer) (m® m™?) between SRM and LR averaged

over the simulated years and members.
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Figure 4. Daily mean values of Ra as a function of daily mean values of GPP for the LR (orange line) and the SRM (blue line) simulations

with histogram of GPP (bar).

in LR than in SRM, Ra is also larger on average in LR than in SRM. The mean value is 694.9 ¢ C m~2 yr~! in LR, which is
175.7 g C m—2 yr—! larger than in SRM.

Table 4. Same as Table 2 but from the multiple linear regression of Ra with respect to GPP, T, and SW, Ra = 8o + Bapp - GPP + 1, -

Ta + BSW -SW.
Simulations 8o  Berp BT, Bsw
LR 0 086 0.14 -0.065
SRM 0 086 020 -0.088
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3.2.3 Heterotrophic respiration

Rh is modelled using the YassoO7 scheme (Liski et al., 2005; Tuomi et al., 2009). It is proportional to soil carbon pool size,

pool specific decomposition rates and a climate-dependent pool-independent parameter ki, . The latter is given as
., _
kelim = eP1TetP2Te (1- e’YPrn)’ )

where T, is the 30-day mean air temperature in °C and P,, is the 30-day mean precipitation in m yr—!. The parameters
$1=0.095 °C~1, 35=-0.0014 °C~2, and y=-1.21 yr m~! are fitted parameters. The ki, plays an equivalent role to the Q10
parameter in other soil carbon models. Through kcyir,, Rh is a function of monthly mean air temperature (T, ) and precipitation
(P) simulated by the LR and SRM forcing datasets. The formulation therefore responds to monthly-scale precipitation amount
but does not distinguish rainfall-event frequency, intensity, or duration when P is unchanged. The analysis below therefore
concerns differences in monthly-scale precipitation climatology between SRM and LR, rather than the short-duration versus
persistent-rainfall mechanism examined for GPP in Sect. 3.2.1.

We first examine the impact of potential differences in k.j;,, on Rh, before discussing the potential influence of differences
in pool sizes. We start with the analytic solution of ki, from Eq. (2) to understand the influence of T, and P on ke (see
the grey contour lines in Fig. 5). When P <4 mm day~?, k., increases with both temperature and precipitation, reflecting
the fact that decomposition becomes more active under moist and warm conditions. When P >4 mm day_l, kclim becomes
largely insensitive to further increases in precipitation and instead increases mainly with temperature. This weak sensitivity to
precipitation suggests that moisture is no longer a limiting factor for decomposition, because moisture is already large enough

! conditions.

in P >4 mm day—
Using the insight from the analytic solution of ki, we investigate why Rh could be smaller in SRM (569.0 g C m—2
yr—1) than in LR (621.2 ¢ C m—2 yr—1). Looking at Fig. 5a and b, we see that most data points in both simulations occur

under P <4 mm day !

condition (>92%), where both precipitation and temperature influence k.jjy,. A visual comparison of
these two panels suggests that SRM contains more data points at smaller monthly mean precipitation amounts than LR. This is
confirmed by Fig. 5c, especially in the precipitation histogram on the right. SRM has more data points than LR when P <1.5
mm day ', by 8%, corresponding to a frequency of occurrence of 37%. In contrast, LR has more data points when 1.5< P <4
mm day !, by 10%, and its frequency of occurrence is 59%. A larger occurrence of smaller monthly mean precipitation
amounts implies a smaller ki, which is consistent with the weaker Rh found in SRM compared to LR. Likewise, the median

value of P is smaller in SRM compared to LR, with a value of 1.9 versus 2.2 mm day ~*

, respectively.

Looking now at the temperature dependency, SRM has more data points for 271< T, <278 K and T, >292 K, whereas LR
has more data points for 278<T, <292 (see particularly the temperature histogram in Fig. 5c). The medians of T, are 281 K in
SRM and 281.8 K in LR, hence the median is colder in SRM. This effect would suggest a smaller k.j;,,, and therefore smaller
Rh in SRM compared to LR, acting in the similar direction as precipitation. If only P decreases from the median LR value
(2.2 mm day ') to the SRM value (1.9 mm day 1), ki, would decrease by 0.110. If only T, decreases from the median LR
value (281.8 K) to the SRM one (281 K), k);,y would decrease by 0.071. The effect of precipitation, therefore, dominates. This

is also consistent with the findings of Tang et al. (2020), who used a random forest algorithm to derive a gridded Rh dataset
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Figure 5. (a, b) Two-dimensional histogram (shading) of monthly mean air temperature and precipitation in (a) the LR simulation, (b) the
SRM simulation and (c) their difference (SRM-LR). In panel c, the two insets are for the histogram of precipitation (right) and of temperature
(bottom). Stars indicate medians of monthly mean air temperature and precipitation in the LR simulation (red star) and in the SRM simulation
(blue star). The lower row (d-f) shows the contribution of each bin to the mean of Rh, which is computed as the sum of Rh within each bin
divided by the total number of data for (d) the LR simulation, (e) the SRM simulation and (f) their difference, see text for more detail. Grey

contour lines represent the analytic solution of kciim, see Eq. 2.

based on field observations from the Global Soil Respiration Database and environmental drivers. According to their study,
precipitation is the main driver for Rh for latitudes between 25° and 50°N, whereas temperature becomes the dominant driving
factor north of 50°N. Using the dataset produced by Hashimoto et al. (2015), which was based on a semi-empirical model,
they even found precipitation and soil moisture to be the dominant drivers across Europe.

The above interpretation relies on k¢, as a proxy for Rh rather than directly on the values of Rh. In Fig. 5d-f, we now plot
the values of Rh as a function of T, and P. To do so, we first sum all the values of Rh within each bin (3~ Rh) and then divide
this sum by the total number of data points (N=8,736), yielding > Rh/N for each bin. If we sum )  Rh/N over all bins, we
get the value of Rh listed in Table 1. Figures 5d-f indeed show that LR contributes more strongly to Rh than SRM where the
values of ki, are also higher, for example around 290 K and 2 mm day —!. Near k¢jim, = 2, > Rh/N peaks in LR, with values
exceeding 5 ¢ C m~2 yr~!. In contrast, near ki, = 1.5, > Rh/N peaks in SRM, with values of about 3.5 g C m~2 yr—1.

Figures 5d and e show that variations in Rh do not perfectly follow k)i, - This is a result of the further dependency of Rh on
soil carbon pool size. Changing pool sizes, especially if the carbon pools would be smaller in SRM compared to LR, could be
the main reason for the differences in Rh, rather than climate effects. The three pools in JSBACH (see section 2.1) are woody
litter, non-woody litter and humus. Each of these pools has pool specific decomposition rates. Woody and non-woody litter are

sub-divided into ethanol, acid, water and non-soluble, each with their own decomposition rates. The key difference between
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the woody and the non-woody litter pool is that the decomposition rates in woody litter are multiplied by a factor that represent
the pore size, about 0.53.

The humus pool is always larger in SRM than LR, in mean by 3.8 Pg C. In contrast, the litter pool is always smaller in SRM
than LR, by 3.3 Pg C. Even though as net effect the total soil carbon pool is larger in SRM than in LR, since the decomposition
rate of the humus pool is at least a factor 10 smaller than the ones of the litter pool, the different pool sizes between SRM and
LR could still lead to an overall reduction of Rh, depending on how the woody and non-woody litter changes. We compute
the subdivision of the litter pool in its two components only once per month and only for one year/one member of the SRM
and LR simulation sets as this computation requires writing out all the carbon pools on all plant functional types for every grid
point and adds 220 variables to the output. As the pool sizes do not exhibit large temporal variations, this seems sufficient. The
non-woody litter is again slightly larger in SRM, with a mean value of 29.4 Pg C versus 29.2 Pg C in LR, whereas the woody
litter is smaller in SRM, with a value of 10.6 Pg C versus 13.3 Pg C in LR. The smaller woody litter pool in SRM explains
the smaller litter pool in SRM, but the decomposition rates of the woody litter pool are only half the values of the ones of the
non-woody litter pool and the pool size is also only about half the non-woody one. Factoring in the pool specific decomposition
rates, but neglecting any potential change in k.j;, by setting it to 1, it turns out that the overall respiration should be larger in
SRM due to the larger humus and larger non-woody litter pools. Hence, we conclude that the smaller respiration in SRM is

primarily due to climate effects.
3.2.4 Grazing of herbivores

Carbon losses due to grazing of herbivores is smaller in SRM, with a value of 24.2 ¢ C m~2 yr—! compared to 75.4 g C m~2
yr~!in LR. In JSBACH, grazing of herbivores is proportional to the amount of carbon available in the green pool, which
represents the carbon stored in the living parts of plants, the "green" part. The green pool is smaller in SRM than in LR by

218.3 ¢ C m~2, as expected from smaller GPP.

4 Summary and discussion

In this study, we investigated the magnitude of the carbon fluxes over Europe in two offline simulations conducted with the land
surface model JSBACH. One simulation is driven by atmospheric forcing from a coarse-resolution climate model simulation,
referred to as LR, while the other simulation uses atmospheric forcing from a km-scale simulation, referred to as SRM. The
coarse-resolution climate simulation had been performed with MPI-ESM1.2-LR.ssp245 at a grid spacing of 160 km, whereas
the km-scale simulation had been performed with the Sapphire configuration of the ICON model at a grid spacing of 5 km
(ICON-C3). The selected years of the two climate models represent a present day (2021) climate. The key difference between
the two climate simulations is that convection is parameterized at 160 km, but explicitly resolved at 5 km. The hypothesis
motivating this study is that explicitly resolving convection at the km scale, rather than parameterizing it, leads to shorter

and more intense daily precipitation events. Shorter precipitation events imply less longer-lasting cloud cover, hence more
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shortwave radiation to reach the surface, which can be used by plants for photosynthesis and may enhance gross primary
productivity. The two offline simulations were set out to test this hypothesis.

Comparing the two simulations, we find that gross primary productivity is 1112.5 ¢ C m~2 yr~! in SRM versus 1391.5
g Cm~2 yr~! in LR. Regarding carbon losses, autotrophic respiration is smaller in SRM by 175.7 ¢ C m~2 yr~! and het-
erotrophic respiration is also smaller by 52.2 g C m~2 yr~!. As SRM exhibits smaller GPP than LR, this a priori contradicts
our hypothesis.

To understand the causes of these differences in carbon fluxes, we explored the underlying main driving factors of the carbon

fluxes. For gross primary productivity, we find that, beyond a threshold of about 10 mm day—!

, gross primary productivity
declines with intensifying precipitation in LR, whereas it stays constant in SRM. These events are also associated with larger
downward shortwave radiation in SRM and appear to be shorter-lived. For instance, whole day events occur 18% of the time
in SRM compared to 45% in LR. In agreement with this diagnostic, using the SRM radiation as forcing in LR removes the
decline in gross primary productivity. This confirms our hypothesis that stronger precipitation events are shorter-lived in SRM,
allowing more solar radiation to be absorbed by the plants and leading to a higher gross primary productivity.

At the same time, and even though the two forcing datasets aim to represent the same climate, their climate differs. In
particular, smaller precipitation values in SRM lead to reduced soil moisture, enhanced water stress and smaller productivity.
This effect is especially visible during the summer season over central eastern Europe and is also consistent with the spatial
pattern of the carbon fluxes. Carbon fluxes in SRM exhibit a much more pronounced zonal gradient than LR, with weaker values
over central eastern Europe, resulting in more pronounced differences to LR over that latter region. Hence, although explicitly
resolving convection favors higher gross primary productivity through shorter-lived, intense daily precipitation events, the
overall climatology modulates this effect. In our case, the latter effect wins.

Concerning the remaining carbon fluxes, as autotrophic respiration is largely controlled by gross primary productivity, the
smaller productivity directly explains the smaller autotrophic respiration found in SRM. Regarding heterotrophic respiration,
the more frequent occurrence of drier (in terms of precipitation) monthly mean conditions is the main contributor to the decline
in respiration, with a secondary additional contribution from colder monthly mean temperatures in SRM.

The formulated hypothesis, that shorter-lived events when explicitly resolving convection could enhance gross primary pro-
ductivity is physically sound and should not depend on the particular model used. It has been well-established that convective
parameterizations underestimate strong precipitation events and instead produce too long-lasting weak events. One potential
caveat though is that JSBACH, as many other land surface models (Zhang et al., 2020), does not distinguish between diffuse
and direct radiation. The atmospheric radiative forcing entails the sum of both components, but the distinct effect of direct and
diffuse radiation on gross primary productivity is not taken into account in JSBACH. Increase in diffuse radiation can enhance
photosynthesis (Gu et al., 2003), even by same radiation amount, and could compensate for the decline in direct shortwave
radiation due to enhanced cloudiness. As in our case the total radiative forcing is smaller in LR than in SRM, this would even
require that the better light use efficiency of diffuse radiation more than compensate for the smaller total radiative forcing. It
is also unlikely that low-resolution models will have the correct fraction of diffuse to direct radiation given that they simulate

the wrong distribution of precipitation event durations (Chakraborty and Lee, 2021). Fluxnet observations over Europe do not
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show a strong decline in gross primary productivity with precipitation, in better agreement with the SRM results, but it remains
unclear how much a correct timing or the different light use efficiency of diffuse and direct radiation is important for this.

In contrast, whether gross primary productivity should increase or decrease in mean when resolving storms strongly depends
on the simulated mean climate and hence on the specific model biases. The obtained overall decrease in gross primary pro-
ductivity in SRM may thus not generalize. In our set-up, the lack of precipitation in SRM was not only the main contributor
to the decrease in gross primary productivity, but it also contributed to the decreased heterotrophic respiration. JSBACH may
be particularly sensitive to this aspect as the Yasso07 soil carbon scheme assumes a direct dependence of soil respiration on
precipitation. Other models tend to assume that the moisture control on decomposition acts as a function of soil moisture.
Although soil moisture does not only depend on precipitation, the lack of precipitation readily imprinted itself on soil moisture
in our case, so that using soil moisture instead of precipitation might not end up making such a big difference. All in all, given
that explicitly resolving storms changes the distribution of precipitation, and with it the dependency of shortwave radiation on
precipitation via clouds, our study raises the question of the importance of such effects for plant productivity and carbon fluxes.

It provides first evidence that this effect in isolation enhances GPP under strong precipitation events.
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