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Abstract

Climate change, driven by anthropogenic greenhouse gas emissions, has profound
impacts on the Earth system, including rising global temperatures, more frequent
extreme weather events, and disruptions to ecosystems, agriculture, and human
health. Understanding and projecting these impacts requires sophisticated Earth
System Models (ESMs) that represent interactions between the atmosphere, oceans,
land surface, and biosphere, including complex processes such as atmospheric chem-
istry, cloud—aerosol interactions, and land—-atmosphere exchange of trace gases.
This work presents the further development and application of the ECHAM5/MESSy
Atmospheric Chemistry (EMAC) model through the integration of the comprehen-
sive land surface and vegetation model JSBACH Version 4 and the coupling of a
newly developed submodel, BIODEP, to simulate terrestrial sinks for hydrogen
(H2) and methane (CHy). These enhancements improve the representation of soil
moisture, vegetation and energy fluxes, as well as trace gases such as methane and
hydrogen. The evaluation is based on reanalyses, satellite data and direct ground
measurements. EMAC is used to determine the influence of increased aerosol
concentrations from biomass combustion on gross primary production. The model
shows good agreement with observations of the distribution of diffuse and direct
radiation. In addition, various feedback mechanisms have been isolated for the
first time and their individual impact on plant productivity investigated. Addition-
ally, the implementation of BIODEP enables dynamic simulation of soil uptake
processes for H, and CH, with direct coupling to atmospheric chemistry. Here, too,
the model shows good agreement with measured atmospheric mixing ratios and
previously published soil deposition rates of H, and CH4. Overall, this work en-
hances EMAC’s capabilities to realistically simulate coupled biosphere—atmosphere
processes, greenhouse gas budgets and climate feedbacks, providing a valuable
tool for future analyses of climate projections and the development of effective
strategies to mitigate climate change.
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Zusammenfassung

Der durch anthropogene Treibhausgasemissionen verursachte Klimawandel hat
weiterhin tiefgreifende Auswirkungen auf das Erdsystem. Dazu zahlen unter an-
derem steigende globale Temperaturen, hdufigere extreme Wetterereignisse, die
Zerstorung von Okosystemen, die Beeintrachtigung der Landwirtschaft sowie
Folgen fir die Gesundheit. Um diese Auswirkungen zu verstehen und zu pro-
gnostizieren, sind hochentwickelte Erdsystemmodelle (ESMs) erforderlich, die die
Wechselwirkungen zwischen Atmosphére, Ozeanen, Landoberfliche und Biosphé-
re modellieren. Sie integrieren komplexe Prozesse wie Atmosphérenchemie, die
Wechselwirkungen zwischen Wolken und Aerosolen sowie den Austausch von Spu-
rengasen zwischen Landoberfldche und Atmosphére. Diese Arbeit dokumentiert die
Weiterentwicklung und Anwendung des ECHAM5/MESSy Atmospheric Chemistry
(EMAC) Modells durch die Integration des umfassenden Landoberflichen- und
Vegetationsmodells JSBACH Version 4 sowie die Kopplung eines neu entwickelten
Submodells, BIODEP, zur Simulation terrestrischer Senken fiir Wasserstoff (H,) und
Methan (CHy). Diese Erweiterungen verbessern die Darstellung von Bodenfeuchte,
Vegetation und Energiefliissen sowie von Spurengasen wie Methan und Wasser-
stoff. Die Evaluation erfolgt anhand von Reanalysen, Satellitendaten und direkten
Bodenmessungen. EMAC wird genutzt, um den Einfluss erh6hter Aerosolkonzen-
trationen aus der Verbrennung von Biomasse auf die Bruttoprimérproduktion zu
bestimmen. Das Modell zeigt eine gute Ubereinstimmung mit den Beobachtun-
gen der Verteilung von diffuser und direkter Strahlung. Dartiber hinaus wurden
erstmals verschiedene Riickkopplungsmechanismen isoliert und ihre individuellen
Auswirkungen auf die Pflanzenproduktivitdt untersucht. Schliefilich ermdglicht die
Implementierung von BIODEP eine dynamische Simulation der Bodenaufnahme-
prozesse fiir H, und CHy4 mit direkter Kopplung an die Atmospharenchemie. Auch
hier zeigt das Modell eine gute Ubereinstimmung mit den gemessenen atmosphari-
schen Mischungsverhaltnissen und den zuvor veréffentlichten Depositionsraten
von H; und CH, im Boden. Insgesamt erweitert diese Arbeit die Fahigkeiten von
EMAC, gekoppelte Biosphdren—-Atmosphéren-Prozesse, Treibhausgasbilanzen und
Klimariickkopplungen realistisch zu simulieren, und stellt damit ein wertvolles
Instrument fiir kiinftige Analysen von Klimaprojektionen sowie die Entwicklung
wirksamer Strategien zur Eindimmung des Klimawandels dar.

xi






Contents

Acknowledgments

Abstract

Zusammenfassung

Contents

1 Introduction

1.1
1.2
1.3
1.4
1.5
1.6
1.7
1.8

Motivation . . . . . . ... oL
Surface energy balance and hydrology . . ... ... ... . ...
Biogenic volatile organic compounds (BVOCs) . . . . ... .. ..
Aerosols . . ...
Methane (CHy) . . . . . . . . . . . . . et
Hydrogen (Hy) . . . . . . . . . . o i
Summary of introduction . . . . . ... ...
Thesisoutline . . . ... ... ... ... . ...

2 Methodology

2.1 Modular Earth Submodel System (MESSy) . .. ..........
2.1.1 ECHAMS5/MESSy atmospheric chemistry model (EMAC) .
2.1.2 JSBACH submodel . .. ... ... .............
2.1.3 BIODEP submodel . ... ..................
2.2 Summary of methodology . . .. .. ... ... ..........
3 Results
3.1 Coupling of the JSBACH land surface and vegetation model and
the ECHAMS5/MESSy atmospheric chemistry model (EMAC) . . .
3.2 Effects of biomass burning aerosols on plant productivity . . . . .

3.21 Introduction . . . .. ... ... ... ... ... ... ...
322 Methods . . . ... .. .. ..
3.23 Resultsand discussion . . . ... ... ... ... .....
324 Conclusion . .. ... .. ... ...
325 Appendix . ... ...

vii

ix

Xi

xiii



Xiv

3.3 Biogenic soil deposition of methane and hydrogen in the ECHAM5/MESSy
atmospheric chemistry model (EMAC) . . ... ..........

3.3.1 Introduction . . . .
3.3.2  Evaluation datasets

3.3.3 Model descriptionandsetup . . . . ... ... ... .. ..
3.3.4 Resultsand discussion . . . . .. . ... .. ... ... ..

3.3.5 Conclusion . ...
3.3.6 Appendix . .. ..

4 Contributions

4.1 Numerical simulation of the impact of COVID-19 lockdown on
tropospheric composition and aerosol radiative forcing in Europe
41.1  Aerosol-cloud interactions . . .. ... ... ... ....

5 Conclusions & Outlook
Bibliography
List of Publications

Appendix A

Supplement of "Evaluation of the coupling of EMACv2.55 to the land
surface and vegetation model JSBACH" . . . . ... ... ... ..

Appendix B

Supplement of "The effect of biomass burning aerosol emissions on global

gross primary productivity"

73
75
77
77
84
92
93

105

105
106

111

113

133

135

135

153



1 Introduction

1.1 Motivation

Following the 6th IPCC Assessment Report (IPCC 2023), we know that climate
change caused by human activities leads to rising global temperatures, accelerated
melting of glaciers, sea ice, and permafrost, as well as sea level rise and increased fre-
quency of extreme weather events such as heatwaves, heavy precipitation, droughts,
and wildfires. These climate change impacts are complemented by ocean acidi-
fication and ecosystem disruptions, all contributing to biodiversity loss. Water
resources are under pressure due to more frequent droughts, declining snow-pack
and glacier-fed flows, and worsening water quality and availability. In agriculture,
climate change is linked to declining crop yields, increased livestock stress, and
disrupted fisheries. Human health risks are rising due to heat-related illnesses, the
spread of vector-borne diseases, respiratory issues from pollution and wildfires,
and malnutrition driven by food insecurity. These impacts are also fueling displace-
ment and migration, with growing numbers of climate refugees. Economically,
the costs of infrastructure damage, disaster response, and losses in key sectors
such as agriculture and tourism are increasing. Social and political effects include
deepening inequalities, competition over scarce resources, and increased strain on
governance systems. Long-term risks include exceeding climate tipping points and
activating self-reinforcing feedback loops that could potentially trigger abrupt and
irreversible changes. Those risks will increase if greenhouse gas emissions persist.

This knowledge is largely derived from simulations with comprehensive Earth
System Models (ESMs). ESMs are advanced numerical tools developed to simulate
the complex, dynamic interactions among the major components of the Earth sys-
tem. These components include the atmospheric general circulation (analyzed by
atmospheric general circulation models, or GCMs), land surface processes (ana-
lyzed by land surface models, or LSMs), and ocean dynamics (analyzed by ocean
circulation models, or OCMs). Comprehensive ESMs also incorporate atmospheric
chemistry and biological processes, which pursue a holistic picture of the entire
Earth system. These integrated models help us understand the relationships and
feedback mechanisms within the climate system across scales, interpret observed
climate variability, identify future risks, and develop strategies to counteract them
by providing projections of future climate evolution under different greenhouse
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gas emission scenarios. It is especially challenging to model and analyze cloud
microphysical processes, aerosol-cloud interactions and atmospheric chemistry.
Cloud processes occur across a broad spectrum of spatial and temporal scales,
ranging from the formation of droplets smaller than 1 pm over a period of minutes,
to wave patterns extending over thousands of kilometers and persisting for more
than a week on a planetary scale. The same applies to chemical reactions in the
atmosphere, the simulation of which is extremely computationally intensive and
for which only a limited number of models can accurately represent these dynam-
ics. Although atmospheric dynamics, ocean circulation and interactions between
clouds and aerosols pose challenges for climate modeling, processes at the interface
between land and atmosphere are equally crucial. These interactions play a central
role in the Earth system and influence the composition of the atmosphere, cloud
formation, surface temperatures and the global water cycle. To fully capture these
dynamics, ESMs consider processes at the land surface that control the exchange
of energy, water, and trace gases. In this context, the surface energy balance and
hydrological processes are essential components of climate simulations, influencing
both short-term weather conditions and long-term climate trends.

1.2 Surface energy balance and hydrology

Land surface processes strongly influence the surface energy balance and the
hydrological cycle (Oke 2002). These include the control of soil moisture through
infiltration and evaporation, as well as transpiration and carbon assimilation via
vegetation (Flato 2011). Governed by the principles of mass and energy conservation,
these processes determine how radiation is absorbed, reflected, and emitted by
the surface. The energy balance for the interface between the surface and the
atmosphere is given by the net radiation (Ryet), sensible and latent heat fluxes
(Hsensible and Hiatent) and the ground heat flux (G), the conductive heat transfer
between the surface and the ground below (Reick et al. 2013).

0 Tsurf
at

With heat capacity (C) depending on soil type and the change in surface temper-
ature per time (%‘2“). Soil moisture and vegetation characteristics control latent
heat fluxes via evapotranspiration, condensation, and sublimation, thereby modu-
lating surface energy exchange. These same factors also affect surface albedo and
aerodynamic roughness, influencing both radiative forcing and turbulent fluxes.

Moreover, soil moisture dynamics regulate vertical mixing, cloud formation, and

C

= Rnet + Hsensible + Hlatent +G (1-1)
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chemical transformation rates, acting as key drivers of land—atmosphere coupling
(Seneviratne et al. 2010; Koster et al. 2006; Seneviratne et al. 2006). One of the
most important interactions is the influence of water vapor on atmospheric chem-
istry, which plays a central role in the formation of hydroxyl radicals (OH), the
primary oxidants in the troposphere. OH is mainly produced via photolysis of
ozone (O3) by solar ultraviolet radiation, forming excited oxygen atoms (O(!D))
that react with water vapor (Lelieveld et al. 2008; Seneviratne et al. 2010). Thus,
near-surface H,O concentrations—largely determined by land processes such as
evapotranspiration—directly influence OH production (Monks 2005). Regions with
high soil moisture or dense vegetation contribute to elevated water vapor levels,
enhancing the local oxidative capacity of the atmosphere (Lelieveld et al. 2008).
Land surface conditions also affect temperature, solar radiation, and the emission
of reactive gases like VOCs and NOy, all of which shape OH cycling. As a result,
the hydrological state of the land exerts a strong influence not only on energy
and moisture fluxes but also on atmospheric composition and chemical feedbacks.
These interactions become even more complex when biogeochemical feedbacks
are considered. Biological processes—such as photosynthesis, respiration, and mi-
crobial activity—further alter atmospheric chemistry. Vegetation emits BVOCs,
serving as precursors to tropospheric ozone and secondary organic aerosols (see
Section 1.3) (Guenther et al. 2006; Sanderson et al. 2003). Likewise, soil microbes,
sensitive to moisture and temperature, release reactive nitrogen species (e.g., NO,
N,O, NHj3) and influence the uptake of greenhouse gases like methane CH4 and
carbon dioxide CO,, thereby affecting radiative forcing (see Sections 1.5 and 1.6)
(Saunois et al. 2025). Accurately capturing these intertwined physical and bio-
geochemical dynamics requires comprehensive land surface models that integrate
energy balance, hydrology, vegetation, and microbial processes. Simultaneously,
the land surface is continually influenced by atmospheric forcing. Variables such as
shortwave and longwave radiation, precipitation, air temperature, wind, humidity,
surface pressure, and CO, concentrations provide boundary conditions that drive
or constrain land surface behavior. This ongoing exchange forms a tightly coupled
system characterized by complex, nonlinear feedbacks between the physical and
chemical states of the atmosphere and the land.

1.3 Biogenic volatile organic compounds (BVOCs)
Biogenic volatile organic compounds (BVOCs) are trace gases emitted by terrestrial

vegetation (Guenther et al. 2006; Pefiuelas et al. 2010a). These trace gases are part
of a plant’s adaptation to stress factors, as they can stabilize cell membranes and

Section 1.3
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protect the plant from heat damage (e.g. isoprene), serve as a defense mechanism
against herbivore attacks, or attract pollinators (e.g. monoterpenes such as a-pinene,
p-pinene and limonene, or sesquiterpenes) (Laothawornkitkul et al. 2008; Pefiuelas
et al. 2010a). Additionally, they can act as defense signals by attracting the natural
enemies of herbivores and warning neighboring plants. Therefore BVOC emissions
are strongly influenced by physiological responses to environmental conditions
and stress factors, such as high temperatures, water deficits, strong winds, the
presence of tropospheric ozone or herbivores (Pefiuelas et al. 2010b; Yang et al.
2025; Emmerichs et al. 2024; Vella et al. 2023b). Once emitted, biogenic VOCs
undergo rapid atmospheric oxidation and trigger a cascade of chemical reactions
involving reactive nitrogen species and oxidants (Atkinson 2000; Atkinson et al.
2003) as illustrated in Figure 1.1.

03
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Figure 1.1: Schematic overview of atmospheric feedbacks triggered by biogenic VOC
emissions, involving interactions with oxidants (e.g., OH, O3) and reactive nitrogen species
(e.g., NO, NO,, NOs3). These processes contribute to the formation of secondary organic
aerosols (SOA) and affect climate-relevant gases such as ozone, methane, and carbon dioxide.
Symbols include Planck’s constant (k) and photon frequency (v). Adapted from Matyssek
et al. (2014).
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The dominant reaction pathway is initiated by hydroxyl radicals (OH):

BVOC + OH — RO, (1.2)

The resulting peroxy radicals (RO;) subsequently react with nitrogen monoxide
(NO), forming nitrogen dioxide (NO;):

RO, + NO — RO + NO, (1.3)

NO; can be photolyzed under solar radiation by photons with photon frequency
(v), producing atomic oxygen, which then reacts with molecular oxygen to form
tropospheric ozone:

NO; + hv - NO + O (1.4)
O0+0,+M —> O3+ M (1.5)

Tropospheric ozone is a potent greenhouse gas contributing to global warming
and as an irritant gas it affects human health, triggering diseases and damaging
the respiratory system (Calfapietra et al. 2013; Ehhalt et al. 2009; Sand et al. 2023;
Lippmann 1991; Pozzer et al. 2023; Ebi et al. 2009; McKee 1993). In addition, ozone
poses a significant threat to plant health as it can destroy leaf structures, making
plants more susceptible to attack by animals and impairing photosynthesis, which
in turn increases plant stress and subsequent BVOC emissions (Yang et al. 2025).
The oxidation of BVOCs also has implications for methane (CH4) chemistry. As
the oxidation of BVOCs reduces OH radicals, less OH is available to react with
CHy, thereby increasing the atmospheric lifetime of methane (Lelieveld et al. 1998).
As CHy is itself a potent greenhouse gas, this indirect mechanism contributes to
warming through a reduction in the atmospheric CH, sink. An overview of the
role of CHy in the earth system is given in Section 1.5. BVOCs are key precursors
to secondary organic aerosols (Hallquist et al. 2009; Kulmala et al. 2004; Wang et al.
2018; Wu et al. 2020). During the daytime, BVOCs such as isoprene react with
hydroxyl radicals, forming oxidized intermediates like ISOPOOH and isoprene-
derived epoxydiols (IEPOX), which can undergo multiphase reactions and condense
onto aerosols forming SOAs. At night, particularly monoterpenes, can react with
nitrate radicals (NOs3) or ozone, leading to the formation of highly oxygenated
organic molecules (HOMs), which also efficiently contribute to SOA formation.
These aerosols influence climate through both direct radiative forcing (by scattering
or absorbing solar radiation) and indirect effects (by altering cloud condensation
nuclei properties and cloud albedo) (Pefiuelas et al. 2003; Scott et al. 2014; Rap et al.

Section 1.3
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2013; Sporre et al. 2019). Section 1.4 provides a more detailed overview of the effects
of aerosols on clouds and the climate. Additionally, BVOCs can react with ozone,
resulting in the production of CO,, further contributing to the greenhouse effect
(Matyssek et al. 2014; Guenther 2002; Kesselmeier et al. 2002). These processes
show the significant impact of BVOC emissions on the interactions between the
biosphere and atmosphere, as they are strongly influenced by atmospheric and
climatic conditions such as temperature, ozone levels and water availability. In turn,
they influence atmospheric composition, oxidative capacity, and the formation
of secondary pollutants such as ozone and aerosols. These interactions can alter
radiative forcing, cloud properties and ecosystem health, thereby contributing to
the overall climate response (Pefiuelas et al. 2009; Pefiuelas et al. 2010a; Calfapietra
et al. 2013; Matyssek et al. 2014; Kulmala et al. 2004). Despite their significance,
quantifying the BVOC-aerosol-cloud feedbacks within ESMs remains challenging.
Key questions include how BVOC emissions will respond to plant stress in future
climate scenarios with rising temperature and changed precipitation patterns or,
how atmospheric oxidant concentrations will vary under elevated CO; concentra-
tions and land use change (Kulmala et al. 2004; Monson et al. 2007). These factors
highlight the need for ESMs that explicitly link vegetation dynamics, atmospheric
chemistry, and hydrological processes in order to model the interactions that drive
the Earth’s climate system.

1.4 Aerosols

Aerosols, which are microscopic solid or liquid particles suspended in the atmo-
sphere, play a significant role in the Earth’s climate system and ecosystems. Their
effects can be broadly categorized into radiative, cloud-related, and biogeochemi-
cal/ecosystem impacts:

1. Radiative effects (direct and semi-direct)

+ Direct effect: Aerosols can scatter and absorb solar radiation. Scattering
aerosols (e.g., sulfates, nitrates, sea salt) reflect sunlight back to space, produc-
ing a net cooling effect (Andreae et al. 2005; Lohmann et al. 2005; Haywood
et al. 2000). Absorbing aerosols (e.g., black carbon, organic carbon) absorb
solar energy, leading to heating of the atmosphere and potential surface
dimming (Lohmann et al. 2005; Penner et al. 2001).

+ Semi-direct effect: Absorbing aerosols heat the atmospheric column, poten-
tially stabilizing it and thereby suppressing cloud formation and enhancing
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cloud evaporation (Ackermann et al. 2001) which alters local circulation and
precipitation patterns (Penner et al. 2001).

2. Cloud-related effects (indirect effects)

« First indirect effect (cloud albedo effect): Aerosols act as cloud condensa-
tion nuclei (CCN), resulting in clouds with more, but smaller, droplets. This
increases cloud albedo and enhances shortwave reflection, contributing to a
net cooling (Twomey 1959¢; Twomey 1959a; Lohmann et al. 2005; Haywood
et al. 2000). This effect is analyzed in more detail later in this work, Chapter
4, Part 4.1.

« Second indirect effect (cloud lifetime effect): Smaller cloud droplets coa-
lesce less efficiently, thereby reducing precipitation efficiency and extending
cloud lifetime, which can further affect radiation and regional water cycles
(Lohmann et al. 2005; Haywood et al. 2000).

3. Biogeochemical and ecosystem effects

+ Surface radiation reduction: Aerosols modify the amount of photosynthet-
ically active radiation (PAR) reaching the surface, which can lead to changes
in plant productivity (Carslaw et al. 2010; Zhou et al. 2020; Rap et al. 2015;
Cohan et al. 2002). A detailed analysis of this feedback effect is presented
later in this work, Chapter 3, Part 3.2.

+ Surface albedo change: Aerosol deposition on snow and ice can reduce
surface albedo, thereby increasing the amount of solar radiation absorbed by
the surface and decreasing the fraction reflected back to space (Hansen et al.
2004).

« Nutrient deposition: Certain aerosols, such as mineral dust, nitrates, and
iron-containing particles, can deposit essential nutrients onto terrestrial and
ocean surfaces potentially enhancing primary productivity in nutrient-limited
regions (Swap et al. 1992; Duce 1986).

« Ozone formation: Precursors of secondary organic aerosols participating
in photochemical reactions can lead to increased tropospheric ozone concen-
trations, with negative impacts on the respiratory system, plant physiology
and crop productivity. (Lelieveld et al. 1998; Rabl et al. 2000).

« Toxicity and ecological damage: Aerosols containing heavy metals or
acidic compounds can alter soil and water chemistry, reduce biodiversity and
plant growth. (Rabl et al. 2000).
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Overall, aerosols can offset part of the warming caused by greenhouse gases
through both direct (radiative scattering and absorption) and indirect (cloud-related)
cooling effects. However, their short atmospheric lifetimes, spatial variability, and
limited mixing lead to significantly greater uncertainty in their net climate forcing
compared to other climate forcers (e.g., long-lived greenhouse gases).

1.5 Methane (CH,)
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Figure 1.2: Global monthly mean atmospheric methane (CH,) mole fractions (in ppb) from
1980 to 2023 (Nisbet et al. 2023)

Methane (CHy) is the second most important anthropogenic greenhouse gas after
CO,, and both its emissions and atmospheric concentrations have been steadily
rising in recent decades (Saunois et al. 2025). Methane emissions originate from a
wide range of anthropogenic and natural sources. Anthropogenic sources include
fossil fuel production and use, agriculture, waste management, and biomass com-
bustion. Natural sources comprise wetlands, inland freshwater systems, geological
emissions, oceans, termites, wild animals, thawing permafrost, and vegetation
(Woodward et al. 2010; Fluet-Chouinard et al. 2023; Saunois et al. 2025). These emis-
sions are spatially diffuse, temporally variable, and often poorly characterized, with
leakage hot spots remaining difficult to detect and monitor (Zhao et al. 2019). The
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primary atmospheric sink of CHy is oxidation by OH in the troposphere, accounting
for roughly 90% of its removal. An additional 5-10% is removed via soil uptake,
particularly in well-drained, aerobic soils through microbial oxidation (Saunois et al.
2025). Figure 1.2 shows the global monthly mean atmospheric methane mole frac-
tions from the 1980 to 2023 (Nisbet et al. 2023). CH4 concentrations have increased
from approximately 1650 ppb in 1985 to over 1900 ppb by 2023, with an accelerating
upward trend. The time series shows distinct phases: an initial 20th-century rise
mainly driven by anthropogenic fossil fuel emissions, a stabilization period around
2000 where equilibrium appears to have been reached, and a renewed growth phase
beginning around 2007. This growth has accelerated notably since 2014, with a
further steep increase after 2020. The recent acceleration raises concerns about
intensifying CH4 emissions or weakening atmospheric sinks, reinforcing methane’s
importance in near-term climate forcing and the urgency of mitigation strategies.
Although CHy4 has a much shorter atmospheric lifetime (~8.2 years) (Saunois et al.
2025) compared to COy, it is significantly more potent, with a 100-year global
warming potential for fossil fuel emitted CHy4 of approximately 29.8 times that of
CO; (Saunois et al. 2025; Armour et al. 2021). CH,4 plays a central role in several
critical Earth system feedback mechanisms, many of which are of high relevance
for understanding and projecting climate dynamics:

« Atmospheric oxidation: The atmospheric lifetime of CH, is controlled by
its reaction with OH, whose concentrations are influenced by emissions of
NOy, CO, VOCs, and water vapor. This creates a dynamic chemical feedback
that also affects tropospheric ozone (Os) levels (Crutzen 1973; Crutzen 1979).

« Stratospheric processes: A fraction of CH, reaches the stratosphere, where
its oxidation contributes to ozone depletion and increases stratospheric water
vapor, both of which affect radiative forcing (Noél et al. 2018; Ehhalt et al.
1973).

+ Wetland, permafrost, and vegetation—-soil moisture feedbacks: CH,
emissions from wetlands (saturated and anaerobic soils) and thawing per-
mafrost are highly sensitive to temperature and moisture conditions. Warm-
ing accelerates microbial methanogenesis, and increased precipitation and
permafrost thaw can expand wetland extent, enhancing CH, release. Concur-
rently, soil moisture and root exudates modulate methanogenic and methan-
otrophic microbial activity, influencing both CH4 production and oxidation.
These processes reinforce a positive climate—carbon feedback (Kleinen et al.
2023; Zhang et al. 2023; Schaefer et al. 2014; Nauta et al. 2015; Luo et al. 2013).

Section 1.5
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+ Soil CH,4 uptake: Upland (dry and oxygen-rich) soils act as a modest but
persistent CHy sink through oxidation by methanotrophic bacteria. This sink
is sensitive to soil temperature, moisture, and land-use change (Liu et al. 2019;
Murguia-Flores et al. 2021; Murguia-Flores et al. 2018).

Despite progress in satellite and ground-based observations, substantial uncer-
tainties remain in quantifying CH4 emissions, especially from natural sources such
as wetlands and freshwater systems, which are often poorly represented in models
due to limited data and uncertain spatial coverage (Kleinen et al. 2012; Kleinen et al.
2020; Kleinen et al. 2023). Anthropogenic emission inventories are also incomplete
and biased toward mid-latitude regions in the Northern Hemisphere, with sparse
observational coverage in the tropics (Dlugokencky et al. 2011). This can be partly
improved by increased and improved satellite measurements, but their accuracy is
still limited by cloud cover and surface heterogeneity (Buchwitz et al. 2005; Jacob
et al. 2022). The atmospheric sink of CHy is dominated by oxidation with OH, which
themselves are highly variable and difficult to quantify. OH has a short atmospheric
lifetime (on the order of 1 second) and its concentrations exhibit strong spatial
and temporal variability. Direct measurements are limited to local scales ( 1 km
spatial and 30 minutes temporal resolution), making global observation infeasible
(Saunois et al. 2025). Moreover, because the efficiency of the CH, sink depends on
both OH concentration and temperature, OH concentration alone cannot serve as
a reliable proxy for sink strength. Consequently, large-scale atmospheric chemistry
models that simulate temperature and corresponding atmospheric OH concentra-
tion remain essential for global CH4 budget assessments (Saunois et al. 2025). In
addition to atmospheric loss processes, CHy is removed through uptake by upland
soils, which serve as a modest but persistent sink via microbial oxidation. This
terrestrial sink has roughly doubled from 1900 to 2015 and may increase further
with rising atmospheric CHy concentrations (Murguia-Flores et al. 2021). Accurate
representation of this sink is critical for improving global CH,4 budget estimates.
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1.6 Hydrogen (H;)

Molecular hydrogen (H;) plays a critical role in atmospheric chemistry and the
Earth’s biogeochemical cycles. Despite ist lower concentration in the atmosphere
compared to CHy, H; is involved in a variety of processes that connect the atmo-
sphere with terrestrial ecosystems, including soils and vegetation. A comprehensive
understanding of these interactions is essential, as they significantly influence at-
mospheric composition, oxidative capacity, and ultimately, climate dynamics. Key
feedback mechanisms involving H; include:

+ Soil uptake: Soils act as the largest sink for atmospheric Hy, mainly through
microbial activity. Specialized microbes consume Hj, and this uptake depends
strongly on soil conditions such as moisture, temperature, and the diversity
and abundance of microbial communities. Variations in these factors lead to
fluctuations in how much H; is removed from the atmosphere. Currently,
soil uptake accounts for about 70-80% of H, removal (Constant et al. 2009;
Ehbhalt et al. 2009; Paulot et al. 2024). However, as hydrogen use expands,
increased emissions may disrupt this balance, potentially triggering a cascade
of climate and chemical feedbacks (Ehhalt et al. 2009; Trapani et al. 2025).

+ Vegetation interactions: Vegetation affects atmospheric H; in multiple
ways. Leaves can directly absorb H,, while plants also influence soil prop-
erties—such as aeration and organic matter content—that affect microbial
uptake rates. These plant-soil interactions create a dynamic environment
that modulates H; exchange with the atmosphere.

« Climate and environmental feedbacks: Changes in climate, such as
temperature and precipitation patterns, alter soil moisture and vegetation
growth, which in turn affect microbial activity and H, uptake rates. This
creates a feedback loop where environmental changes influence atmospheric
Hj, which then impacts atmospheric chemistry and climate. Although Hj is
not a direct greenhouse gas, it influences climate indirectly by interacting
with OH radicals. Elevated H, reduces OH availability, which slows the
atmospheric removal of CHy4 leading to a significant warming effect (Ehhalt et
al. 2009). Additionally, the reaction of H, with OH produces atomic hydrogen
(H), which can increase tropospheric O3 concentrations.

+ Coupling with atmospheric chemistry: As illustrated in Figure 1.3, atmo-
spheric H; influences the oxidative capacity of the atmosphere by interacting
with OH. Variations in H, concentrations therefore affect the cycling of other

Section 1.6
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important greenhouse gases, including CHy, O3, and CO,. In the stratosphere,
the oxidation of H, increases the level of water vapor, which affects ozone
chemistry and potentially reduces the ozone layer’s ability to shield the Earth
from harmful ultraviolet radiation.(Sand et al. 2023; Solomon et al. 2010;
Shindell 2001; Tromp et al. 2003; Feck et al. 2008). Elevated atmospheric H,
may also affect aerosol chemistry. By reducing OH-driven oxidation of sulfur
dioxide (SO;), H; can decrease sulfate aerosol formation, which normally has
a cooling effect through scattering sunlight and influencing cloud properties
(Sand et al. 2023; Lohmann et al. 2005) (see 1.4). This contributes further to
warming effects linked to increased hydrogen emissions.

H,0 stratospheric O3
increase

CH,+OH = H,0 + CH; HlﬁHﬂb - HO,

CH NO + RO; = NO, + RO o 1
“ Hz+ OH = H+H,0 NO+hv —NO+0 .98 R
lifetime increase 0+0, =0 increase R ]
2 3 i

Ha
emission

Stratosphere
Troposphere

Figure 1.3: Schematic overview of key atmospheric feedback mechanisms associated
with hydrogen (H;) emissions. H, oxidation by OH reduces the oxidative capacity of the
atmosphere, increases CHy lifetime, promotes O3 formation, and raises stratospheric water
vapor levels, with implications for both air quality and climate. Adapted from Sand et al.
(2023).

Taken together, these natural and anthropogenic processes show that increased
H; emissions and leakage have the potential to intensify global warming, despite
H, itself not being a direct greenhouse gas. Direct measurements of soil H; fluxes
are geographically sparse and mostly limited to temperate sites in the Northern
Hemisphere (Tardito Chaudhri et al. 2024; Cowan et al. 2024). This makes the
soil sink the largest source of uncertainty in the global hydrogen budget (Cowan
et al. 2024; Ehhalt et al. 2009). Due to the limited observational coverage, ESMs
are essential for estimating soil hydrogen fluxes in regions with sparse sampling,
offering a consistent framework for quantifying their contribution to the global
hydrogen cycle.



Summary of introduction

1.7 Summary of introduction

Human-induced climate change is intensifying and will persist if greenhouse gas
emissions are not reduced. Understanding and quantifying these changes requires
Earth System Models (ESMs), which represent the complex physical, chemical,
and biological interactions within the climate system. Modeling small-scale pro-
cesses—such as cloud microphysics, aerosol interactions, and atmospheric chem-
istry—remains computationally intensive, and only a few models can perform cou-
pled simulations across different timescales. Among these, the ECHAM5/MESSy
atmospheric chemistry model (EMAC) incorporates both cloud microphysics and
aerosols coupled with atmospheric chemistry (Jockel et al. 2005; Jockel et al. 2006;
Jockel et al. 2010a; Jockel et al. 2016). EMAC currently uses a simplified surface
scheme and a the dynamic vegetation model LPJ-GUESS, which simulates plant
functional types, leaf area index, canopy structure, biomass, and vegetation cover
(Forrest et al. 2020; Vella et al. 2023a). However, LPJ-GUESS provides only lim-
ited energy balance, soil hydrology, and land-atmosphere coupling, omitting key
vegetation—hydrology—atmosphere feedbacks. Additionally, EMAC cannot fully
represent methane—climate feedbacks or dynamic coupled sinks of methane and
hydrogen, both strongly influenced by land and soil conditions and so far only
available as offline fields. Improving model performance requires incorporating
vegetation and soil feedbacks, which are essential for understanding long-term
climate projections, nonlinear responses, and tipping points. This is also criti-
cal for evaluating climate intervention strategies, such as hydrogen-based energy
systems or large-scale carbon dioxide removal, which introduce new feedbacks
and uncertainties—from hydrogen leakage to land-use changes associated with
bioenergy. Capturing these dynamics demands integration with socio-economic,
energy, and policy frameworks, making enhanced ESMs essential not only support-
ing scientific understanding but also for climate risk management. This project
addresses these gaps by coupling EMAC with the JSBACHv4 land surface model
(Reick et al. 2013; Reick et al. 2021), improving the representation of energy, water,
and trace gas fluxes, as well as biosphere-atmosphere interactions. Enhanced
surface energy balance and soil hydrology affect vegetation growth, evapotranspi-
ration, and biogenic volatile organic compound (BVOC) emissions, which influence
atmospheric oxidative capacity, ozone and aerosol formation, and radiative forc-
ing. Additionally a biogenic soil deposition submodel is added, calculating the
online uptake of methane and hydrogen, processes highly sensitive to soil moisture,
temperature, and vegetation. The primary goal is to develop EMAC into a fully
coupled ESM that includes atmospheric chemistry and aerosol dynamics, enabling
investigation of vegetation and microbial feedbacks, climate and ecosystem impacts
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of methane, hydrogen, and aerosols, and their influence on atmospheric compo-
sition. In addition, this work applies the upgraded model to assess the effects of
biomass burning aerosols on plant productivity and implements interactive soil
sink parameterizations for CH4 and H; in MESSy.

1.8 Thesis outline

The thesis is organized as follows:

« Chapter 2 provides an overview of the ECHAM5/MESSy atmospheric chem-
istry model, the JSBACH land surface and vegetation model, and the BIODEP
submodel.

« Chapter 3 presents one peer-reviewed publication and two publication drafts,
each with own methodology, experimental design, and result section:

— Part 3.1: Evaluation of the coupling of EMACv2.55 to the land surface
and vegetation model JSBACHv4. (Peer-reviewed publication)

— Part 3.2: The effect of biomass burning aerosol emissions on global
gross primary productivity. (Publication draft)

- Part 3.3: Methane and hydrogen soil deposition in the ECHAM5/MESSy
atmospheric chemistry model (EMAC) v2.55 using the newly imple-
mented submodel BIODEP. (Publication draft)

« Chapter 4 presents my contribution to the analysis of indirect aerosol effects,
by the improved representation of aerosol-cloud interactions in EMAC in
the study of Reifenberg et al. 2022.

« Chapter 5 summarizes the key conclusions and outlines directions for future
research.



2 Methodology

2.1 Modular Earth Submodel System (MESSy)

2.1.1 ECHAM5/MESSy atmospheric chemistry model (EMAC)

The ECHAMS5/MESSy Atmospheric Chemistry (EMAC) model is a comprehensive
numerical system for simulating interactions between atmospheric chemistry and
climate processes. It is based on the fifth-generation European Center Hamburg
general circulation model (ECHAMS5) (Roeckner et al. 2006), which has been restruc-
tured and re-implemented within the Modular Earth Submodel System (MESSy)
framework (Jockel et al. 2010a). The MESSy framework is a multi-institutional
software infrastructure designed to flexibly connect general circulation models with
a wide range of modular submodels that represent key Earth system components
and processes. These include infrastructural tools, diagnostic modules, physical pa-
rameterizations, and atmospheric chemistry schemes. Submodels can be selectively
activated depending on the scientific focus of the simulation, enabling applications
that range from simplified box model simulations to fully interactive earth system
and climate scenario simulations, including coupled ocean-atmosphere dynam-
ics. While most of the original ECHAM physical routines have been replaced by
MESSy-compatible submodels, a few core elements remain, specifically, the spectral
transform dynamical core, the flux-form semi-Lagrangian advection scheme, and
the nudging routines for Newtonian relaxation. Further technical documentation
on EMAC is provided by Jockel et al. 2016 and is available at the official MESSy
website: https://messy-interface.org/ (last accessed: 07 July 2025). For this study,
simulations were conducted using the EMAC model with MESSy version 2.55.0, at
a T63 horizontal resolution. This corresponds to a quadratic Gaussian grid with a
spatial resolution of approximately 1.8° in both latitude and longitude. The vertical
resolution includes 31 hybrid pressure levels, reaching up to roughly 10 hPa. De-
tailed descriptions of the specific model configurations and submodels applied in
this work can be found in the respective studies referenced in Chapter 3.
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2.1.2 JSBACH submodel

Main part of this work is the implementation of the JSBACHv4 land surface model
(Reick et al. 2013; Reick et al. 2021), a key component of the Icosahedral Non-
hydrostatic Earth System Model (ICON-ESM) (Jungclaus et al. 2022) and its pre-
decessor (JSBACHS3) in the Max Planck Institute Earth System Model, MPI-ESM
(Mauritsen et al. 2019), within the EMAC model framework to improve the repre-
sentation surface fluxes of energy, water, and carbon to the atmosphere. JSBACH
includes dynamic vegetation, a comprehensive hydrological system, and biogeo-
chemical cycles, providing a physically consistent interface between the land surface
and the atmosphere. The version four of JSBACH applied here incorporates seven
main process categories that contribute to a more realistic representation of land-
atmosphere interactions within EMAC (Schneck et al. 2022). Vegetation processes
are represented using 11 Plant Functional Types (PFTs) including tropical and extra-
tropical broadleaf evergreen and deciduous trees, rain-green shrubs, deciduous
shrubs, Cs- and Cy-grass, pasture, and crops, each simulated with a three-layer
canopy radiation scheme. Key physiological and penological processes are included,
with dynamic calculation of the Leaf Area Index (LAI) and plant fractional coverage,
all dependent on atmospheric boundary conditions and soil states (e.g., temperature,
water stress, precipitation, and radiation). This configuration enables full coupling
between vegetation and atmosphere. Furthermore, JSBACH can be interactively
coupled with the MEGAN submodel (Guenther et al. 2006) to simulate biogenic
volatile organic compound emissions, thereby linking vegetation processes directly
to atmospheric chemistry and enabling feedbacks via emissions, evapotranspiration,
and surface temperature changes. The hydrology scheme features a five-layer soil
model that replaces the former single-layer bucket scheme in EMAC’s SURFACE
submodel. It simulates soil temperature and moisture profiles down to 9 meters,
incorporating percolation and diffusion processes. This structure allows for the
computation of soil moisture dynamics, runoff, and evaporation, and captures water
availability across the rooting zone more realistically. The surface energy balance
module calculates temperature profiles within all five soil layers as well as three
snow layer temperatures on the surface. Heat and moisture fluxes are determined
in conjunction with hydrological and thermal conditions. A dedicated turbulence
scheme models surface roughness, controlling the exchange of energy and mois-
ture between the land surface and the lowest atmospheric layer. The radiation
scheme accounts for the transmission of radiation through the three vegetation
canopy layers and dynamically computes surface albedo based on vegetation type,
snow, and water cover. This module is also used to calculate photosynthetically
active radiation, which directly influences photosynthesis rates. Carbon cycling
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is represented through modules for vegetation productivity, carbon assimilation,
and turnover, all influenced by stress factors, radiation availability, and vegetation
type. Plant growth and biomass accumulation are thereby dynamically simulated.
An additional component addressing fuel load and disturbance processes (e.g.,
biomass burning, wind-throw) has been included but not yet activated and evalu-
ated in this version. It offers potential for future incorporation of disturbance-driven
emissions and vegetation dynamics. JSBACH is under continuous development by
the Max Planck Institute for Meteorology in Hamburg, and improvements can be
progressively integrated into the JSBACH submodel in MESSy. A comprehensive
description, tuning, and evaluation of JSBACH within MESSy are presented in
Chapter 3, Part 3.1, constituting a central contribution of this PhD work.

2.1.3 BIODEP submodel

As part of this work, the BIODEP submodel was developed and implemented within
the MESSy framework to simulate the biogenic soil uptake (deposition) of hydrogen
(H2) and methane (CH,4). BIODEP represents an extension of EMAC, enabling the
interactive coupling of trace gas soil deposition with land surface processes. The
H, deposition scheme is based on parameterizations present in literature (Paulot
et al. 2021; Ehhalt et al. 2013; Yonemura et al. 2000). It calculates the diffusion and
uptake of H; in soil as a function of soil temperature and moisture, with these
variables now provided online by the newly integrated JSBACH submodel. The
H, deposition parameters were tuned to match a globally averaged deposition
velocity of approximately 0.033 cm s™!, consistent with previous studies (Surawski
et al. 2025). In addition, BIODEP includes an implementation of the MeMo v1.0
soil methanotrophy model (Murguia-Flores et al. 2018) to simulate CH4 uptake in
soils. Similar to the H, scheme, CH,4 uptake depends on soil temperature, moisture,
and physical soil characteristics provided by JSBACH. Moreover, the rate of CHy
consumption is influenced by nitrogen deposition, which can be dynamically pro-
vided by EMAC’s atmospheric chemistry submodels, enabling a fully interactive
coupling with atmospheric processes and human influence on the nitrogen cycle.
Both H; and CH,4 deposition schemes compute deposition velocity, total uptake,
and surface fluxes, which are fed back into the atmospheric chemistry modules
of EMAC. This feedback updates the tendencies of atmospheric H, and CH, con-
centrations, thereby enabling fully coupled soil-atmosphere exchange simulations
and supporting both short-term and long-term climate feedback analyses. A full
technical description, evaluation against observations, and comparison with other
models for both schemes is provided in Chapter 3, Part 3.3.

Section 2.2
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2.2 Summary of methodology

This work enhances the Modular Earth Submodel System by integrating an ad-
vanced land surface model and trace gas deposition processes into the ECHAM/MESSy
Atmospheric Chemistry model. A key development is the implementation of JS-
BACH v4, a state-of-the-art land surface model which simulates key processes such
as energy, water and carbon fluxes, vegetation, hydrology, canopy radiation, the
surface energy balance and biogeochemical cycles. With this addition, EMAC can
now represent physically consistent land—atmosphere interactions, enabling fully
coupled Earth system simulations. Based on this improved surface representation,
the newly developed BIODEP submodel has been introduced to simulate the uptake
of biogenic hydrogen (H;) and methane (CHy4) by the soil. H, deposition is driven
by soil properties provided by JSBACH and follows established parameterizations.
CH, uptake is based on the MeMo v1.0 model and is further modulated by nitrogen
deposition from EMAC’s atmospheric chemistry modules. Both deposition schemes
feed back into atmospheric chemistry, thereby closing the surface—atmosphere ex-
change cycle for these trace gases. Together, JSBACH v4 and BIODEP substantially
extend EMAC’s Earth system modeling capabilities, providing a robust foundation
for scenario-based simulations of hydrogen leakage and methane emissions in the
context of a changing climate.



3 Results

3.1 Coupling of the JSBACH land surface and
vegetation model and the ECHAM5/MESSy
atmospheric chemistry model (EMAC)

This chapter presents a research article published in the journal Geoscientific Model
Development. I am the first author of and the main contributor to this paper. I
coupled EMAC and JSBACH and performed the model simulations with Andrea
Pozzer. I analyzed the model results and evaluated the simulations. I prepared
the manuscript and made the figures. More detailed information on the Author
contributions are provided at the end of the manuscript. The supplement to this
work can be found in Appendix A. How to cite:

Martin, A., Gayler, V,, Steil, B, Klingmiiller, K., Jockel, P., Tost, H., Lelieveld,
J., and Pozzer, A.: Evaluation of the coupling of EMACv2.55 to the land
surface and vegetation model JSBACHvV4, Geosci. Model Dev., 17, 5705-5732,
https://doi.org/10.5194/gmd-17-5705-2024, 2024.
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Abstract. We present the coupling of the Jena Scheme for
Biosphere—Atmosphere Coupling in Hamburg version 4 (JS-
BACHv4) to the ECHAM/MESSy Atmospheric Chemistry
(EMAC) model. With JSBACH, the soil water bucket model
in EMAC is replaced by a diffusive hydrological transport
model for soil water that includes water storage and infil-
tration in five soil layers, preventing soil from drying too
rapidly and reducing biases in soil temperature and mois-
ture. A three-layer soil scheme is implemented, and phase
changes in water in the soil are considered. The leaf area
index (LAI) climatology in EMAC has been substituted
with a phenology module calculating the LAI. Multiple land
cover types are included to provide a state-dependent sur-
face albedo, which accounts for the absorption of solar ra-
diation by vegetation. Plant net primary productivity, leaf
area index and surface roughness are calculated according
to the plant functional types. This paper provides a de-
tailed evaluation of the new coupled model based on ob-
servations and reanalysis data, including ERA5/ERAS5-Land
datasets, Global Precipitation Climatology Project (GPCP)
data and Moderate Resolution Imaging Spectroradiometer
(MODIS) satellite data. Land surface temperature (LST), ter-
restrial water storage (TWS), surface albedo («), net top-
of-atmosphere radiation flux (Radtpa), precipitation (pre-
cip), leaf area index (LAI), fraction of absorbed photosyn-
thetic active radiation (FAPAR) and gross primary produc-
tivity (GPP) are evaluated in particular. The strongest cor-
relation (r) between reanalysis data and the newly coupled

model is found for LST (r = 0.985, with an average global
bias of —1.546K), a (r =0.947, with an average global
bias of —0.015) and Radtoa (r =0.907, with an average
global bias of 3.56 W m™2). Precipitation exhibits a corre-
lation with the GPCP dataset of 0.523 and an average global
bias of 0.042mmd~!. The LAI optimisation yields a cor-
relation of 0.637 with observations and a global mean de-
viation of —0.212. FAPAR and GPP exemplify two of the
many additional variables made available through JSBACH
in EMAC. FAPAR and observations show a correlation of
0.663, with an average global difference of —0.223, while
the correlation for GPP and observations is 0.564 and the av-
erage global difference is —0.001 kg carbonkm™!. Benefit-
ing from the numerous added features within the simulated
land system, the representation of soil moisture is improved,
which is critical for vegetation modelling. This improvement
can be attributed to a general increase in soil moisture and
water storage in deeper soil layers and a closer alignment of
simulated TWS with observations, mitigating the previously
widespread problem of soil drought. We show that the nu-
merous newly added components strongly improve the land
surface, e.g. soil moisture, TWS and LAI, while surface pa-
rameters, such as LST, surface albedo or Radtpa, which
were mostly prescribed according to climatologies, remain
similar. The coupling of JSBACH brings EMAC a step closer
towards a holistic comprehensive Earth system model and
extends its versatility.

Published by Copernicus Publications on behalf of the European Geosciences Union.
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1 Introduction

Earth system models (ESMs) are needed to analyse current
and future climate scenarios, and particularly in view of on-
going climate change (IPCC, 2021), it is crucial to include
the main Earth system components to identify and quantify
potential feedback mechanisms. These numerical models are
based on a mathematical formulation of the physical and
chemical processes, accounting for interactions between the
atmosphere, oceans and biogeochemical processes on land
(Flato, 2011). Common ESMs contain an atmospheric gen-
eral circulation model (A-GCM), an ocean general circu-
lation model (O-GCM) and a land surface model (LSM).
A comprehensive list of existing ESMs can be found, for
instance, in “Annex II: Models” of the Sixth Assessment
Report of the Intergovernmental Panel on Climate Change
(Gutiérrez et al., 2021).

The ECHAMS/MESSy Atmospheric Chemistry (EMAC)
general circulation model is based on an underlying A-GCM;
more specifically, the spectral dynamical core, the large-
scale advection and the “nudging” method are originally
from ECHAMS (the fifth generation of the European Centre
HAMburg general circulation model; Roeckner et al., 2006).
The physical parameterisations from ECHAM have been
modularized between respective further-developed MESSy
submodels. These include a simplified surface model (SUR-
FACE); O-GCM MPIOM (Pozzer et al., 2011a); and sev-
eral other submodels which address atmospheric chemistry,
cloud and transport processes (Roeckner et al., 2003; Jockel
et al., 2005, 2010). The coupling is achieved via the Mod-
ular Earth Submodel System (MESSy2) framework, gradu-
ally refined and expanded during the past 2 decades to pro-
vide an infrastructure of submodel and process combina-
tions with a wide range of applications. EMAC is a com-
munity model with a growing number of users contribut-
ing to developments in various research areas, e.g. studies
on particle concentrations and aerosols (Kohl et al., 2023;
Righi et al., 2023), oxidation capacity (Nussbaumer et al.,
2023; Friedel et al., 2023), atmospheric dynamics (Eichinger
et al., 2023; Charlesworth et al., 2023) and environmental
consequences for human health (Pozzer et al., 2023; Milner
et al., 2023). Furthermore, an alternative dynamic vegetation
scheme (LPJ-GUESS; Forrest et al., 2020) has been cou-
pled to EMAC, allowing for climate—vegetation interactions
(e.g. Vella et al., 2023b). In the following, the implementa-
tion and evaluation of the LSM Jena Scheme for Biosphere—
Atmosphere Coupling in Hamburg (JSBACH), a substitute of
EMAC’s current surface model, is documented. JSBACH is
implemented into the MESSy framework following the rel-
evant coding standards. The dynamical land—surface model
JSBACH was first developed as the land model for ECHAM
at the Max Planck Institute for Meteorology (MPI-M) (Re-
ick et al., 2021). Originally, it emerged from the combi-
nation of all ECHAMS land processes in a separate land
model and was further developed and refined, now providing
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a large repertoire of biogeochemical processes of the ecosys-
tem. The latest version (JSBACHvV4) is part of the Icosahe-
dral Nonhydrostatic Land (ICON-Land) model and has not
yet been coupled to models simulating atmospheric chem-
istry (Pham et al., 2021).

The implementation of JSBACH represents significant
progress in the development of the ESM EMAC. As climate
change progresses and the occurrence of extreme weather
events increases, the influence of surface processes and veg-
etation becomes more prominent (Domeisen et al., 2022).
Vegetation and soil water balance are the driving factors for
surface fluxes of heat and moisture, affecting temperature,
precipitation, atmospheric dynamics and chemistry (Miralles
etal., 2019; Lauwaet et al., 2009; Matyssek et al., 2014; Mel-
louki et al., 2015). JSBACH replaces the soil water bucket
model included in the MESSy submodel SURFACE by a
more comprehensive five-layer hydrological soil model. This
substitution aims at improving the representation of surface
energy fluxes of heat and moisture, reducing biases in sur-
face temperature and subsequent plant stress and their im-
pact on biogenic emissions. JSBACH enables the analysis of
biogeochemical processes on much smaller timescales, in-
cluding not only climatic scales, but also days and hours.
This allows for the analysis of the impact of vegetation on at-
mospheric chemistry, plant stomatal uptake, volatile organic
compound (VOC) emissions and associated feedback mech-
anisms and enables a more detailed understanding of land-
atmosphere interactions. Furthermore, the impact on the sur-
face energy budget allows for a more consistent representa-
tion of chemical and transport processes in the atmospheric
boundary layer. In Sect. 2, we give a short description of JS-
BACH and describe the coupling of EMAC and JSBACH via
MESSy, including the tuning of the newly coupled model. In
Sect. 3, the evaluation variables and corresponding observa-
tion and reanalysis datasets are introduced. The results and
the discussion of the corresponding evaluation are presented
in Sect. 4.

2  Model description
2.1 JSBACH

In this work, we implemented the most recent version of JS-
BACH (JSBACHv4, Schneck et al., 2022). A detailed de-
scription of the parameterisations used in JSBACH can be
found in Reick et al. (2013, 2021), while Schneck et al.
(2022) present features of the version JSBACHv4 in com-
parison with the previous one (JSBACHv3) along with an
assessment of the results of both versions. On the technical
side, ISBACHv4 has been improved with modernised source
codes and software infrastructure, while on the application
side, it offers an improved soil scheme with a dynamic calcu-
lation of ground heat conductivity and capacity, taking phase
change in water and organic fractions within soil layers into

https://doi.org/10.5194/gmd-17-5705-2024
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account (Jungclaus et al., 2022; Schneck et al., 2022; Ekici
et al., 2014). It provides a complex soil hydrological trans-
port model that includes percolation and storage of water in
several soil depths, reaching down to 9.8 m with increasing
layer thickness of 0.065, 0.254, 0.913, 2.902 and 5.7 m for
the first to the fifth layer, respectively. This gives a realistic
estimate of soil desiccation and corresponding soil tempera-
ture and moisture. Additionally, the new version introduces a
fractional lake mask, a three-layer snow scheme and the for-
est age structures (Schneck et al., 2022; de Vrese et al., 2021;
Nabel et al., 2020). The implemented version of JSBACHv4
does not include the natural vegetation dynamics, land-use
transitions and nitrogen cycle from JSSBACH3. Those mech-
anisms have only recently been adopted in JSBACHv4 and
will be added to MESSy in the near future. However, on
the climate timescale, the interactions between climate and
vegetation are already available in MESSy through the LPJ-
GUESS interactive vegetation module (Vella et al., 2023a).
In the case of the ICON-Land infrastructure, a clear sep-
aration of the physical processes used in JSBACHvV4 is al-
lowed. The processes used in this study include the vegeta-
tion coverage, phenology and plant productivity (defined via
gross primary productivity, GPP, and net primary produc-
tivity, NPP, and photosynthesis); a turbulence and radiation
scheme; surface energy balance; and the exchange fluxes of
heat and moisture, soil and vegetation carbon turnover, and
disturbances due to wildfires or windthrow. The processes are
listed in Table 1. In JSBACH, subgrid-scale heterogeneity is
taken into account by a tile approach; i.e. grid boxes are di-
vided into tiles associated with a specific land cover type (Re-
ick et al., 2021). All available land cover types are listed in
Table A1l. The concept allows us to define processes specific
to the different land cover types. For example, processes only
related to vegetation (such as photosynthesis) are calculated
only on vegetated tiles. Based on Reick et al. (2021), water,
carbon, nitrogen, and area are conserved with numerical ac-
curacy. Energy conversion is not fully achieved yet since the
temperature of rainwater and heat produced by heterotrophic
respiration are not accounted for (Reick et al., 2013, 2021).
To couple JSBACH with EMAC, it is implemented as a
new submodel within the MESSy framework, following its
well-described coding standards (Jockel et al., 2010). Each
process of the JSBACHv4 source code (listed in Table 1) is
implemented as an individual Fortran module in the MESSy
submodel core layer (SMCL) and complemented by a newly
created submodel core layer file. A schematic overview of
JSBACH as a new submodel in EMAC and corresponding
process calls are given in the Supplement. In addition to the
individual JISBACH processes, the file “messy_jsbach.f90” is
created, which includes the definitions of land-cover spec-
ifications (originally taken from [ctlib_nlict21.def), the tile
aggregation subroutines and the subroutine to read the JS-
BACH namelist. The namelist (jsbach.nml) serves as a user
interface, where input and coupling variables are specified.
The full namelist is available in the Supplement; the cou-
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pled variables are listed from line 152 to 206 of the namelist.
Parameters can be defined, and logical switches to mod-
ify and adjust the simulation can be set. The module sub-
routines are called from a newly created JSBACH interface
(messy_jsbach_si.f90), which is implemented in the MESSy
submodel interface layer (SMIL). Besides the process calls,
the interface includes the creation of new “representations”
to expand the EMAC model grid to new dimensions, for
soil, snow and canopy layers and vegetation tiles, and the JS-
BACH output variables are saved as new “channel objects”.
Both representations and channel objects are elements de-
fined in the submodel CHANNEL, which handles the mem-
ory, data output (including checkpointing) and internal data
exchange (Jockel et al., 2010).

JSBACH was chosen as the LSM for EMAC since it has
already been successfully implemented and tested in other
models like the Icosahedral Nonhydrostatic Earth System
Model (ICON-ESM) and its predecessor (JSBACH3) in the
Max Planck Institute Earth System Model, MPI-ESM 1.2
(Mauritsen et al., 2019), which took part in the Coupled
Model Intercomparison Project phases 5 and 6 (Giorgetta
et al., 2013). Furthermore, in JSBACH, specific ecosystem
processes, like carbon cycling, are included. Those mech-
anisms will, in combination with an atmospheric chem-
istry model, provide new and interesting insights into the
interactions and feedback mechanisms between vegetation
and atmospheric composition. The combination of EMAC
and JSBACH makes it possible to analyse biogeochemical
processes at various spatial and temporal resolutions, from
small-scale experiments of local sub-daily effects to global-
scale climate change experiments, in contrast to the coupling
of the dynamic vegetation model LPJ-GUESS to EMAC
(Forrest et al., 2020), in which the vegetation—atmosphere
coupling is restricted by the diurnal time step of the vege-
tation scheme.

2.2 The EMAC model

The ECHAM/MESSy Atmospheric Chemistry (EMAC)
model is a numerical chemistry and climate simulation
system that includes submodels describing tropospheric
and middle-atmosphere processes and their interaction with
oceans, land and human influences (Jockel et al., 2010). It
uses the second version of the Modular Earth Submodel Sys-
tem (MESSy2) to link multi-institutional computer codes.
The core atmospheric model is the fifth-generation Euro-
pean Centre Hamburg general circulation model (ECHAMS;
Roeckner et al., 2006). The physics subroutines of the orig-
inal ECHAM code have been modularised and reimple-
mented as MESSy submodels and have continuously been
further developed. Only the spectral transform core, the flux-
form semi-Lagrangian large-scale advection scheme, and
the nudging routines for Newtonian relaxation remain from
ECHAM. Further details on EMAC are documented by
Jockel et al. (2016) and can be found on the MESSy web-
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Table 1. JSBACH file overview.
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JSBACH process MESSy filename (SMCL) Short description
Fuel messy_jsbach_fuel.f90 Availability of carbon fuel to wildfires.
Disturbance messy_jsbach_dist.f90 Carbon relocation due to windthrow and vegetation fires.
Phenology messy_jsbach_pheno.f90 Leaf area index and foliage projected cover.
Hydrology messy_jsbach_hydro.f90 Soil hydrology.

Surface energy balance
Snow and soil energy

messy_jsbach_seb.f90
messy_jsbach_sse.f90

Turbulence messy_jsbach_turb.f90
Carbon messy_jsbach_carb.f90
Assimilation messy_jsbach_assim.f90
Radiation messy_jsbach_rad.f90

JSBACH LCT library messy_jsbach_Ictlib.f90

Surface latent and sensible heat fluxes.

Soil characteristics and ground heat fluxes.

Surface roughness affecting the distribution of surface
fluxes.

Carbon pools above and below ground.

Net primary productivity (NPP) and carbon assimilation.
Surface albedo and light absorption in canopy.

JSBACH land cover type (LCT) library.

Core file (SMCL) messy_jsbach.f90
Interface (SMIL) messy_jsbach_si.f90
Namelist Jjsbach.nml

JSBACH core file for MESSy.
Interface for MESSy.
User interface.

site (https://www.messy-interace.org, last access: 12 Octo-
ber 2023).

2.3 Parameter optimisation

JSBACH is an alternative to the standard submodel used,
SURFACE. In the case JSBACH is used, the SURFACE sub-
model must be switched off. Using JSBACH, a more com-
plex scheme for land temperature and hydrology is adopted,
and with that, the dynamical lower-boundary conditions of
ECHAMS are modified. Since the EMAC dynamics were
optimised for the specific combination of ECHAMS and
SURFACE (Kern, 2013), the new combination of ECHAMS
and JSBACH requires a refined parameter optimisation (“re-
tuning”), with respect to radiation balance, land surface tem-
perature and clouds. Such a parameter optimisation is gen-
erally performed to adjust the model results to be as close
as possible to observations and to prevent the model climate
from drifting, for example, due to a large radiative imbalance.
It is achieved by small variations in specific parameters for
processes with a high degree of uncertainty or a high level of
parameterisation, such as the ones related to clouds and con-
vection. A more detailed description of the optimisation pro-
cess is provided by Mauritsen et al. (2012). The five parame-
ters optimised in this study are the correction factor for asym-
metries of ice clouds (zasic), the homogeneity factors for ice
and liquid water clouds (zinhomi and zinhoml), the convec-
tive mass flux at the level of neutral buoyancy (cmfctop), and
the conversion factor from cloud water to rain (cprcon; in
s?>m~2). Simulations for the same period from 1990 to 2010
were carried out with gradually changing parameters. The
simulation using JSBACH based on the default parameters is
from now on referred to as CTRL. The climatically optimised
simulation is from here on referred to as EMAC/JSBACH,
while the simulation without JSBACH (and with SURFACE
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activated instead) is referred to as EMAC/SRF. The simula-
tions with the according parameter setups are listed in Ta-
ble S2 in the Supplement (simulations 2 and 31 were not
completed due to server failures and were excluded from the
analysis). Subsequently, the global and temporal averages of
LST; top-of-atmosphere (TOA); and surface (SRF) radiation
including net, solar and terrestrial parts; heat flux including
net, sensible and latent parts; total column fractional cloud
coverage; total column cloud liquid and ice water content;
and TWS are calculated and compared to ERA5 and ERAS-
Land monthly averaged data (Mufioz Sabater, 2019). Addi-
tionally, the global and temporal average of precipitation is
compared to the Global Precipitation Climatology Project
(GPCP) monthly precipitation dataset (Adler et al., 2003).
These datasets are from here on referred to as reference data
REF. The results of the global and time averages of the previ-
ously mentioned parameters for each simulation are listed in
Table S3 in the Supplement. The corresponding RMSE and
NRMSE (RMSE normalised by the range of the reference
data) are shown in Table S4 in the Supplement. The crite-
ria used for the selection of the optimised tuning parameters
were, on the one hand, the smallest deviation from the refer-
ence data paired with the lowest normalised root mean square
error (NRMSE) sum and, on the other hand, the change in as
few parameters as possible to stay as close as possible to the
tuning of EMAC/SUREF. The sets of parameters of CTRL and
EMAC/JSBACH are listed in Table 2. As shown here, only
one parameter needed to be adjusted via the replacement of
the calculation of zinhoml dependent on model level (lev)
and liquid water path (Iwp) by a constant value of 0.92. The
default value of zinhoml is calculated based on Eqs. (11.52)—
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(11.53) in Roeckner et al. (2003), viz.

zinhomlgefaut =
(Zglevlwpalev)fo.l if (Zglevlwpalev) > 1, (1)
1 otherwise,

with nlev being the number of model levels.

The temporally and spatially averaged results of REF,
EMAC/SRF, CTRL and EMAC/JSBACH are shown in Ta-
ble 3, with values that could be improved with respect to
CTRL indicated in bold.

3 Evaluation
3.1 Model setup

For the present study, we applied EMAC (MESSy version
2.55.0) at the T63L31ECMWEF resolution, i.e. with a spheri-
cal truncation of T63 (corresponding to a quadratic Gaussian
grid of approx. 1.8° by 1.8° spacing in latitude and longi-
tude), with 31 vertical hybrid pressure levels up to 10 hPa. An
overview of the submodels used in the reference simulation
EMAC/SRF is given in Table 4 along with a brief description
of each. In the simulation EMAC/JSBACH, the submodel
SURFACE is replaced by the new submodel, JSBACH, and
the tuning parameters are updated, while the remaining setup
is unchanged. Both simulations were performed from Jan-
uvary 1970 to January 2011 and include tracer nudging of
CO,, CHy, N0, CFC11 and CFC12 based on tracer profiles
derived from Atmospheric Chemistry and Climate Model In-
tercomparison Project (ACCMIP) historical lower-boundary
condition datasets (Lamarque et al., 2010, 2013). JSBACH is
operated on three snow layers, three canopy layers and five
soil layers, reaching a depth of 9.8 m below the surface. From
21 possible land cover types (LCTs), 11 plant functional
types (PFTs) are taken into account for the standard tile setup
(Table Al in the Appendix). Those are tropical and extra-
tropical broadleaf evergreen and deciduous trees, raingreen
shrubs, deciduous shrubs, C3 and Cy4 grass, C3 and C4 pas-
ture, and C3 and C4 crops. This evaluation focuses only on
the dynamical coupling between EMAC and JSBACH; thus,
all calculations of atmospheric chemistry and the O-GCM
are deactivated. Aerosol concentrations are prescribed for all
simulations based on Tanré et al. (1997). A list of all coupled
variables can be found in the namelist attached in the elec-
tronic Supplement. Coupled variables include surface tem-
perature, latent and sensible fluxes, ground heat fluxes, soil
water content, surface albedo, and specific humidity at the
lowest atmospheric level. Atmospheric Model Intercompar-
ison Project (AMIP)-type simulations were performed with
prescribed monthly sea surface temperature and sea ice con-
centration to identify systematic errors in the model (Gates
et al., 1999). The sea surface temperature and ice concentra-
tion are based on ERAS5 6-hourly data from 1940 to present
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(Hersbach et al., 2020) and are the same for all performed
simulations. JSBACH was initialised with carbon pool, soil
and land property data from the year 2005 (in the Supple-
ment), which are estimated to stabilise within 5 years. This is
possible since we perform AMIP-type simulations in which
the land—carbon interaction remains inactive. Atmospheric
variables stabilise within days, and the soil moisture is es-
timated to be the slowest variable to adjust to equilibrium,
with a maximum adjustment time of 1 year (Hagemann and
Stacke, 2015; Schneck et al., 2022). Therefore, the first year
(1970) is considered the spin-up time and is not taken into
account for the evaluation.

3.1.1 Evaluation variables and reference datasets

The selected variables to be assessed are variables represent-
ing not only the land surface, like land surface temperature
(LST), terrestrial water storage (TWS) and surface albedo
(), but also other atmospheric variables, like precipita-
tion (precip), top-of-atmosphere radiation balance (Radtoa ),
fraction of absorbed photosynthetic active radiation (FA-
PAR), leaf area index (LAI) and gross primary productiv-
ity (GPP), in line with the study of Schneck et al. (2022).
These variables are compared either to ERAS/ERAS5-Land
reanalysis datasets or directly to observational datasets of the
GPCP or MODIS satellite data (Table 5). The ERA5/ERA-
Land reanalysis data are a combination of synthesised es-
timates of the climate state, which are calculated based on
as many observations as possible, and a numerical model
due to either direct assimilation of the observations or forc-
ings (Mufioz Sabater, 2019). A comprehensive overview of
the limitations and uncertainties in the MODIS data is pro-
vided by Disney et al. (2016). The MODIS standard devia-
tions of LAI, FAPAR and GPP are displayed in the Appendix
(Figs. A2, A3 and A4) together with the GPCP precipitation
error (Fig. Al).

4 Results and discussion

To get an overview of the model performance compared to
the reference data, their statistical metrics of the monthly and
globally averaged results are presented in Fig. 1 as a Taylor
diagram (Taylor, 2001). For the classification of the results
of the coupled model, the statistical measures of the model
results without the coupling to JSBACH are added. Results
of the EMAC/JISBACH are shown as dots, while the re-
sults of the EMAC/SRF simulation are displayed as crosses.
The Taylor plot shows the Pearson correlation coefficient be-
tween simulated and reference data on straight lines stem-
ming from the origin, with arcs around the origin indicating
the standard deviation normalised by the reference standard
deviation and arcs around the value of 1 indicating the root
mean square error normalised by the range of the reference
data (NRMSE). The Pearson correlation coefficient (r) and
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Table 2. List of the optimised parameters of the simulation without JSBACH (EMAC/SRF), the control simulation including JSBACH
(CTRL) and the simulation best fitting the requirements (EMAC/JSBACH).

Parameter zasic zinhomi  zinhoml cmfctop  cprcon (x 10742 m=2)
(default) (0.85) (0.85) (zinhomlgefauies Eq- 1) (0.3) D

EMAC/SRF default  default default default default

CTRL default  default default default default
EMAC/JSBACH default default 0.92 default default

Table 3. Table of the temporally and globally averaged results, with inter-annual variability as the standard deviation of CTRL, EMAC/SRF
and EMAC/JSBACH from 1990 to 2010. The corresponding reanalysis or observational results are listed as REF. For precipitation, REF
refers to the GPCP monthly precipitation dataset (Adler et al., 2003), while for the remaining variables, REF refers to ERAS and ERAS5-Land
reanalysis datasets (Hersbach, 2023; Muiloz Sabater, 2019, 2021). TOApet refers to the sum of shortwave (TOAgy ) and longwave (TOA|y,)
top-of-atmosphere radiation flux, while SRF, refers to the same at surface level. HFLX et refers to the sum of the sensible (HFLX ¢epsible)
and latent (HFLX,¢en¢) heat fluxes. Clouds are assessed based on the accumulated cloud cover (ACLC), the liquid water content (LWC) and

the ice water content in clouds (IWC).

Run LST TOApet TOAgy TOAy SRFpet
(K] [Wm™2] [Wm™2] [Wm™2] [Wm™2]

282.254+0.27 0.45 +0.65 242.6740.65 —242.22+£0.29 105.91 +0.45

EMAC/SRF 283.09 £ 0.27 3.56+£0.39 23433 +£0.27 —230.77+0.34 107.92 4+0.24
280.66 % 0.26 6.61+0.5 237.2240.3 —230.61 £0.42 108.08 +0.28

EMAC/JSBACH  280.48 +0.23 3.23+0.38 233.86 4 0.29 —230.63 +£0.38 10443+ 0.3
Run SRFy, SRF}y, HFL Xt HFLX ensible HFLX jy(ent
[Wm™2] [Wm™2] [Wm™2] [Wm™2] [Wm™2]

163.76 +0.54 —57.85+0.31 —69.92 4£0.57 —28.15+£0.68 —41.76 £0.43

EMAC/SRF 161.74+£0.31 —53.83+£0.3 —104.24 +0.35 —16.74+£0.18 —87.54+0.42
165.97 £0.36 —57.884+0.35 —110.92 +0.65 —11.5940.15 —99.33+0.6

EMAC/JSBACH 162.14 £ 0.34 —57.714£0.35 —110.47 £ 0.67 —11.67 £0.14 —98.79 + 0.61
Run Precip ACLC LWC IwWC TWS
[mmd~!] [kgm~2] [kgm~2] (m]

2.740.03 0.55340.00405 0.04707 £0.00098  0.021660.00033  1.06012 & 0.00947

EMAC/SRF 2.83+£0.02 1.06067£0.00444 0.10394--0.00115 0.04972 40.00068  0.34995 % 0.00425
2.77+£0.02 0.6462 £0.0025  0.09594 £0.00114  0.04945+£0.00067  1.00362 & 0.00761

EMAC/ISBACH 2.76 +0.02 0.6464+0.0028  0.095194+0.0009  0.04936 = 0.00054  1.00385 + 0.00815

NRMSE are listed in Table 6, together with the weighted
global average, with standard deviations for the model sim-
ulations (MOD) and reference data (REF). The correlation
and NRMSE are based on monthly averages for the avail-
able time period of the reference datasets, with the corre-
lation conducted over time and location (see Table 6). This
covers the years 1971-2010 for LST, Radtoa, o and TWS.
Precipitation is analysed for the period 1980-2010 and LAI,
FAPAR and GPP for 2000-2010.

LST has the highest correlation with REF — namely 0.985
for EMAC/JSBACH and 0.989 for EMAC/SRF — whereas
the global average EMAC/JSBACH LST is, on average,
1.546 K colder than REF and EMAC/SRF and 0.816 K
warmer than REF (see Fig. 1 and Table 6). The second-
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highest correlation between REF and the model simulations
is found for the surface albedo (shown in black in Fig. 1)
is 0.947 for EMAC/JISBACH and 0.944 for EMAC/SRFE.
Also for this parameter, EMAC/JSBACH has a slightly lower
global average than REF, with an average difference of
—0.015, and EMAC/SREF differs by —0.013 from the global
average. The third-highest correlation is found for Radroa
(shown in orange in Fig. 1) and is 0.907 for EMAC/JS-
BACH compared to REF and 0.909 for EMAC/SRF com-
pared to REF. The net radiative flux at the top of the at-
mosphere (TOA) between EMAC/JSBACH and REF differs
by 3.56 and 3.045 W m~2 from EMAC/SRF. FAPAR (shown
in yellow in Fig. 1) is only available for the EMAC/JS-
BACH simulation, with a correlation of 0.663 with REF.
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Table 4. List of the submodels comprising the EMAC/SRF simulation including short description and reference.

Process Short description Reference

submodels

AEROPT Calculation of aerosol optical properties Dietmiiller et al. (2016)

CLOUD ECHAMS cloud scheme as MESSy submodel Roeckner et al. (2006); Tost (2023)

CLOUDOPT Calculation of cloud optical properties. Dietmiiller et al. (2016)

CONVECT Convection parameterisations Tost et al. (2006)

E5VDIFF Land-atmosphere exchange and vertical diffusion based on ECHAMS MESSy (2023a); Roeckner et al. (2003)

GWAVE ECHAMS non-orographic gravity wave routines plus additional drag pa- MESSy (2023a); Hines (1997)
rameterisations

HD Hydrological discharge model for present-day rivers Pozzer et al. (2011a)

TNUDGE Newtonian relaxation of species as pseudo-emission Kerkweg et al. (2006)

ORBIT Calculation of orbital parameters of the Earth’s orbit around the Sun Dietmiiller et al. (2016)

OROGW Parameterisation of drag due to subgrid-scale orography blocking and oro-  Chap. 7 of Roeckner et al. (2003)
graphic gravity wave forcing

PTRAC User-defined initialised prognostic tracers Jockel et al. (2008)

RAD ECHAMS radiation code with extended features Dietmiiller et al. (2016)

SURFACE Modularised version of the ECHAMS subroutines SURF, LAKE, Chap. 6 of Roeckner et al. (2003)

LICETEMP and SICETEMP

Table 5. Table of the evaluation variables, the corresponding reference dataset and the time period of the evaluation analysed.

Variable Dataset Time period Reference
LST
TWS ERAS5-Land monthly averaged data from 1950 to the present 1971-2010 Mufioz Sabater (2019)
Surface albedo
RadTtoa ERAS monthly averaged data from 1940 to the present 1971-2010 Hersbach et al. (2023)
Precipitation GPCP monthly precipitation dataset from 1979 to 2021 1980-2010 Adler et al. (2003)
LAI MOD15A2H MODIS/Terra Leaf Area Index/FPAR 8-Day L4 Kern (2023); Myneni (2021)
Global 500m SIN Grid V061 regridded to global data at 0.5 2000-2010
FAPAR . .
resolution derived by ICDC
GPP MOD17A2H MODIS/Terra gross primary productivity 8-Day  2000-2010 Kern (2021); Running et al.
L4 Global 500m SIN Grid V006 regridded to global data at 0.5 (2015)
resolution derived by ICDC
Further datasets used for LST evaluation
HFLXatent ERAS-Land monthly averaged data from 1950 to the present 1971-2010 Muiloz Sabater (2019)
Evaporation ERAS monthly averaged data from 1940 to the present 1971-2010 Hersbach et al. (2023)

The global average difference is 0.223. The correlation of
simulated and observed LAI (shown green in Fig. 1) is
0.637 for the EMAC/JISBACH simulation and 0.864 for the
climatology used in EMAC/SRF. EMAC/JISBACH under-
estimates the global vegetation LAI by 0.212, while the
EMAC/SRF climatology overestimates LAI by 0.768. As
for FAPAR, GPP (shown in dark green in Fig. 1) is only
available for EMAC/JSBACH, leading to a correlation with
REF of 0.564, with an average global difference to REF
of —0.001kg carbonkm™2. The correlation between simu-
lated precipitation (shown in dark blue in Fig. 1) and REF
is 0.523 for EMAC/JSBACH and 0.614 for EMAC/SRFE.

https://doi.org/10.5194/gmd-17-5705-2024

EMAC/JSBACH overestimates the global mean precipita-
tion by 0.042mmd~' and EMAC/SRF does the same by
0.316mmd~!. The lowest correlation between model re-
sults and reference data is found for TWS (shown in light
blue in Fig. 1). EMAC/JSBACH and REF correlate with a
value of 0.223, while EMAC/SRF and REF correlate with
0.257. EMAC/JSBACH overestimates the mean global TWS
by 0.029 m, and EMAC/SRF underestimates it by 0.69 m.
For a more comprehensive assessment, in the following
subsections, each variable derived from the new coupled
model is evaluated individually via comparison to the refer-
ence dataset and the EMAC/SRF simulation. Monthly aver-

Geosci. Model Dev., 17, 5705-5732, 2024
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EMAC/SRF - Surface Albedo @® EMAC/JSBACH - Surface Albedo
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Figure 1. Taylor plots of the Pearson correlation coefficient; root mean square error (RMSE); and standard deviation normalised with the
reference data standard deviation of monthly means of LST (1971-2010), Radtpa (1971-2010), surface albedo (1971-2010), precipitation
(1980-2010), TWS (1971-2010), LAI (2000-2010), FAPAR (2000-2010) and GPP (2000-2010). The statistical measures of the EMAC/JS-
BACH are displayed as dots, while the EMAC/SRF values are shown as crosses. As EMAC does not provide FAPAR and GPP output; both
are only shown for the EMAC/JSBACH simulation. Straight lines from the origin represent the correlations, while the arcs around the origin
represent the standard deviations. The arcs around the value 1 on the horizontal axis show the RMSE normalised to the standard deviation.
The correlation and RMSE are based on monthly average values, with the correlation conducted over time and location.

ages over the corresponding analysis period were calculated
and, subsequently, the average values for the spring and sum-
mer months (March, April, May, June, July and August) and
the autumn and winter months (September, October, Novem-
ber, December, January and February) were determined. The
same was done for the MODIS, GPCP and ERAS5 datasets.

4.1 Land surface temperature (LST)

The land surface temperature is one of the main drivers in
determining the habitat conditions for the vegetation and liv-
ing organisms in ecosystems. It is one of the most impor-
tant drivers of all land processes as it controls the surface
energy and radiation balance as well as the hydrological and
thermal exchange fluxes between the surface and the atmo-
sphere. Furthermore, it determines the freezing and thawing
of the snow and ice covers. It is the upper-boundary condi-
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tion for the soil temperature calculation within the five-layer
soil scheme and one of the lower-boundary conditions for
EMAC. LST is calculated in JSBACH via the surface en-
ergy balance equation and the values for saturated humidity
and dry static energy based on the Richtmyer—Morton coeffi-
cients derived from the vertical diffusion scheme of ECHAM
(Reick et al., 2021). Here, LST is compared with monthly
averaged reanalysis data from ERA5-Land, available for the
period from 1950 to the present (Mufioz Sabater, 2019), with
only the simulated years (1971-2010) included in the com-
parison. The ERAS5-Land dataset is provided at a 0.1°-by-
0.1° spatial resolution and is interpolated into the T63L31
EMAC output grid.

The geographical distribution of the LST difference be-
tween ERAS and EMAC/JSBACH is shown in Fig. 2. Fig-
ures 3 and 4 show the LST time series and seasonality anal-
ysis and Fig. 5 shows the LST seasonality and correspond-
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Table 6. Summary of the comparison between model results and reference data. The Pearson correlation coefficient is listed as r, and NRMSE
shows the root mean square error normalised by the range of the reference data. The simulations were performed at T63L31 resolution and
with a model time step of 600s. The columns MOD and REF are the weighted global averages, with the standard deviation of the model
simulation results and the reference data.

Variable Period r  NRMSE MOD REF
EMAC/JSBACH vs. REF
LST [K] 1971-2010  0.985 0.045 280.434+23.207 281.98 +26.258
TWS [m] 1971-2010  0.223 0.18 1.123 +£0.701 1.094 4+ 0.552
Surface albedo 1971-2010  0.947 0.127 0.301+ 0.268 0.316£0.292
Radros [Wm™—2] 1971-2010  0.907 0.099 3.948 +65.664  0.388 +62.201
Precipitation [mmd~!]  1980-2010 0.523 0.083 2.738 +2.479 2.696 +1.78
LAI 2000-2010  0.637 0.175 1.187 4 1.049 1.399 + 1.257
FAPAR 2000-2010  0.663 0.271 0.161 +£0.137 0.384 +0.196
GPP [kg carbonkm™2]  2000-2010  0.564 0.203 0.024+0.017 0.021 £0.013
EMAC/SRF vs. REF
LST [K] 1971-2010  0.989 0.037 282.796 +24.933 281.98 +26.258
TWS [m] 1971-2010  0.257 0.211 0.404 £0.202 1.094 £ 0.552
Surface albedo 1971-2010 0.944 0.129 0.303 + 0.267 0.316 £0.292
Radroa [Wm™2] 1971-2010  0.909 0.098 3.434+65327  0.388 +62.201
Precipitation [mmd~!]  1980-2010 0.616 0.074 3.025+2.186 2.696 +1.78
LAI (climatology) 2000-2010  0.864 0.263 2.165+ 1.945 1.399 + 1.257

ing latent heat flux at the surface separated for three cli-
mate zones. The polar zone is defined as latitudes over 66.5°,
the temperate zone as latitudes between 40° and 66.5°, and
the tropical and subtropical zones as latitudes under 40°. As
shown in Fig. 2, the EMAC/JSBACH LST is lower than REF
everywhere throughout the year except for the polar regions,
the Himalaya and over the Amazon Basin. The largest LST
underestimations are found over the Rocky Mountains and
the Taklamakan and Gobi deserts, being most pronounced
in the Northern Hemispheric summer. The largest overes-
timation of LST occurs over the Antarctic Ross Ice Shelf
(up to 20K); along the coast of the Greenland Sea (up to
15 K); and in the Hindu Kush, Himalayan, Kunlun and Tien
Shen mountain ranges (up to 15K). As result, the zonal
mean shows a slightly warmer surface in the polar regions
and a colder surface in the subtropics and temperate zones.
In the temporal and global average, the LST of EMAC/JS-
BACH is 1.546K colder compared to the reanalysis data.
The general trend of steadily increasing LST is reproduced
by EMAC/JSBACH (Fig. 3). Nevertheless, in both the time
series analysis and seasonality analysis, the overall differ-
ence of 1.546 K between EMAC/JISBACH and ERAS LSTs
is clearly visible. When comparing the geographical differ-
ence between EMAC/SRF and ERAS LSTs, as displayed in
Fig. 2, overestimations of the LST are found over the Antarc-
tic Ross Ice Shelf, along the coast of the Greenland Sea, and
over the same mountain ranges as previously found for the
EMAC/JSBACH results. Here, too, are the polar regions in
general warmer than indicated by ERAS. Overall, the LST
derived from EMAC/SRF is 0.743 K warmer than the reanal-
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ysis data. This is also visible in the trend analysis, which
shows the overall warmer global land surface of EMAC/SRF
in comparison to ERAS. In the zonal mean, the differences
largely cancel out, leading to a similar zonal progression of
the EMAC/SREF results compared to the ERAS LST.
Comparing EMAC/JSBACH and the ERAS LST, larger
differences than 1.546 K are found for the tropics/subtrop-
ics and temperate zone (latitudes > 66.5°), while in the po-
lar climate zone, the LST is overestimated in the EMAC/JS-
BACH and the EMAC/SRF simulation, as shown in Fig. 5.
The lower LST of EMAC/JSBACH compared to EMAC/SRF
in non-polar regions can be explained by variations in the
latent heat flux, where EMAC/JISBACH simulated consis-
tently higher values than EMAC/SRF. Here, the main driver
is evapotranspiration, the process by which water vapour is
released from the surface and vegetation. Evapotranspiration,
the sum of evaporation and transpiration, has, in general, a
cooling effect on the evaporating surface due to energy ab-
sorption during the phase change in water. Figure 5 displays,
besides LST and latent heat flux, the surface evaporation,
which is strongest in the tropics and subtropics. This is in line
with cooler LST values in those regions. The partially over-
estimated TWS (Sect. 4.2) could be the cause of the stronger
latent heat flux, as more water is available for evaporation. As
the moisture content of the soil in EMAC/JSBACH is, in gen-
eral, much larger than in EMAC/SRE, increased evaporation
in the coupled simulation is plausible. In the polar regions,
where vegetation is sparse or absent, the difference in latent
heat flux between EMAC/JSBACH and EMAC/SREF is less
significant, as shown in Fig. 5, resulting in less variation in
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the LST between simulations. The strong overestimation of
LST along the Antarctic coast is visible in both simulations
and might be an artifact of sea ice occurrence and the vari-
ability of snow and ice cover. Despite local variations, the
overall temporal and spatial correlation between EMAC/JS-
BACH and ERAS is large (0.985; Table 6), indicating that
LST is, in general, realistically reproduced and that the rep-
resentations of seasonal patterns and overall trends are plau-
sible.

4.2 Terrestrial water storage (TWS)

The variation in soil depth of the reanalysis data and the
model datasets complicates direct comparisons of the soil
water content per layer. To overcome this problem, TWS is
chosen as the evaluation variable. TWS is defined as the ver-
tically integrated water content on land and the subsurface,
including groundwater, rivers, lake water, soil moisture (also
in the root zone), snow and ice (including permafrost), wet
biomass, and water stored in vegetation (Girotto and Rodell,
2019). It depends on the amount of precipitation and the air
temperature as well as on the soil type and infiltration, veg-
etation cover, surface and soil temperature, and runoff (Sch-
neck et al., 2022).

For this assessment, however, we exclude water that drains
from the land surface into rivers, streams or other waterbod-
ies in order to focus only on the part of the water that is stored
in the soil and vegetation. The TWS therefore includes all the
water stored in a grid box; this total amount of water is com-
parable between the models and reanalysis.

In EMAC/JSBACH, the TWS is the sum of water content
and runoff, calculated separately. The water content is cal-
culated as the sum of all water reservoirs above and below
ground, down to the bedrock. Everything below the bedrock,
like deep groundwater and aquifers, is not represented in JS-
BACH and thus not taken into account (Reick et al., 2021).
In EMAC/JSBACH, the soil water column is segmented into
five layers, with a maximum depth of 9.834 m. The above-
groundwater includes the wet skin reservoir (water on the
canopy and surface) and snow on canopy and surface, both
depending on and exchanging moisture between surface and
atmosphere via precipitation, evaporation, sublimation, melt-
ing and windblow. TWS does not include any fluxes (such
as evaporation). Water infiltrating the ground either perco-
lates by gravitational movement (ending up as drainage if it
reaches bedrock) or diffuses. Depending on its phase, it is
defined as one of the EMAC/JSBACH below-groundwater
reservoirs: soil moisture or soil ice. At the surface, the mois-
ture exchange with the atmosphere occurs through evap-
otranspiration, dew formation or evaporation of bare soil,
controlled by the specific humidity and temperature of the
surrounding air. Furthermore, these processes strongly de-
pend on vegetation coverage and, with that, plant produc-
tivity, which is also assessed via the gross primary produc-
tivity (GPP) (Sect. 4.8). TWS is compared to the ERAS-
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Land TWS, derived as the sum of the integrated volumet-
ric soil water content, skin reservoir content and snow depth
in metres water equivalent. The ERAS soil water column
is distributed over four layers, with a maximum depth of
2.89 m. Here, too, is the ERAS dataset interpolated into the
EMAC grid. Since TWS is not calculated for glaciers within
EMAC/JSBACH, glaciated polar areas are excluded from
this analysis.

In Fig. 6, the difference in TWS between EMAC/JS-
BACH and EMAC/SRF to ERAS is shown. The annual
global average of EMAC/JISBACH TWS weighted by lati-
tudes is 0.029 m larger than the global mean of the ERAS.
The maximum overestimation of TWS is found in western
Russia (up to 3.0m). EMAC/JISBACH overestimates TWS
almost everywhere, independent of the season, except for
high, elevated regions such as the Tibetan Plateau and Tien
Shen, central and eastern Siberia, India (Deccan Plateau),
the Ethiopian highlands, and Patagonia. Additionally, TWS
is underestimated in the Amazon Basin.

The zonal mean of the EMAC/JSBACH TWS, as shown
in Fig. 6 (right panels), does not exactly reproduce the zonal
mean of the TWS from ERAS, but its absolute values are in
better agreement with the ERAS data than the EMAC/SRF
results. This is also visible in Fig. 7, where the globally aver-
aged TWS time series is illustrated. Since there are no snow
cover data available from ERAS5-Land for the year 1974,
this year was excluded from the analysis. The TWS of the
EMAC/SRF simulation (Fig. 6) is lower everywhere com-
pared to the ERAS dataset, except for deserts, where the
TWS is low anyway. This leads to an annual global aver-
age of the EMAC/SRF TWS of 0.404 + 0.202 m, which is
different by —0.69 m than the one derived from reanalysis
data (see Table 6). In EMAC/JISBACH, the global average
of TWS is 1.123 £ 0.701 m, which is, with a difference of
0.029 m, significantly closer to ERAS (1.094 £ 0.552 m).

The soil hydrology module that comes with EMAC/JS-
BACH offers the possibility of improving the representation
of the soil water. The soil moisture in EMAC/SRF was sim-
ulated based on a simple bucket model. Following Senevi-
ratne et al. (2010), this is now replaced by a more com-
plex five-layer diffusive hydrological transport model that
includes water storage and infiltration in five soil layers,
preventing soil from drying too rapidly. While EMAC/SRF
tends to strongly underestimate soil moisture levels every-
where, the integration of JSBACH results in larger and more
spatially diverse soil moisture content. However, de Vrese
et al. (2023) found that in the JSBACH version used here,
infiltration only takes place if the temperature of the first soil
layer is at or above the melting point. In combination with
the five-layer snow scheme presented by Ekici et al. (2014),
this becomes problematic. During spring snowmelt, soil tem-
peratures are below the 0 °C of the overlying snow cover,
causing all the meltwater to run off at the surface, while, in
reality, a considerable amount should percolate into the soil
(de Vrese et al., 2023). This contributes to the strong under-
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Figure 2. Difference in land surface temperature (LST) between EMAC/JSBACH and ERAS5-Land during Northern Hemispheric (NH)
summer (a) and NH winter (d) months, with data averaged over the years 1971 to 2010. Analogously, the difference between EMAC/SRF
and ERAS5-Land LST during summer (b) and winter (e) months is displayed. Positive values represent an overestimation of the simulated
LST, while negative values indicate an underestimation. Additionally, the zonal average of all three datasets for both summer (c¢) and winter (f)
months is shown. Here, LST from EMAC/JSBACH is depicted in green, LST from EMAC/SRF is shown in blue and LST from the ERAS-
Land dataset is represented in black. The shaded area within the zonal mean plot illustrates the standard deviations along longitudes.
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Figure 3. Globally averaged LST time series (in K) of EMAC/JS-
BACH (green), EMAC/SRF (blue) and ERAS5 (black).

estimation of TWS in permafrost regions, e.g. Siberia. De-
spite this, the global average time series analyses show that
EMAC/JISBACH TWS aligns much more closely with the
TWS from the ERAS5 reanalysis compared to the EMAC/SRF
results (Fig. 7).
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Figure 4. Globally averaged seasonal LST (in K) of EMAC/JS-

BACH (green), EMAC/SRF (blue) and ERAS (black) for the years
1971 to 2010.

4.3 Surface albedo (o)

Another key factor in Earth system modelling is the surface
albedo as it is a fundamental input for the radiation scheme
and strongly influences the energy budget of the planet. Gen-
erally defined as the reflected fraction of incoming solar ra-
diation, it depends on the type of land cover and the extent
and thickness of the snow cover or ice sheet. Especially over
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Figure 5. Averaged seasonal LST (in K), surface latent heat flux (in Wmfz) and evaporation (without transpiration) (in m) of EMAC/JS-
BACH (green), EMAC/SRF (blue) and ERAS (black) for the years 1971 to 2010. The upper panels indicate values averaged over the polar
climate zone (latitudes > 66.5°), the mid panels values averaged over the temperate climate zone (latitudes between 40° and 66.5°) and the
bottom panels values averaged over the tropical and subtropical climate zones (latitudes < 40°).

the continental area of the Northern Hemisphere and the sea
ice cover in the Southern Hemisphere, the surface albedo can
exert a strong feedback effect (Hall, 2004). Since the sur-
face coverage of snow and ice can vary on small scales and
is strongly coupled to atmospheric and oceanic dynamics,
the computation of the surface albedo is still a challenging
factor for GCMs (Bony et al., 2006). In EMAC/JSBACH,
the surface albedo on glaciers is calculated for grid boxes
either with ice sheets or without them, where these boxes
are either completely or not at all covered with ice. For
ice sheets, the albedo is calculated according to ECHAMS
(Roeckner et al., 2003). Every other surface is treated with a
new albedo scheme based on the current state of snow cover,
LAI, vegetation distribution and the spectral composition of
solar downward radiation for each grid box, as described by
Reick et al. (2021).

The surface albedo is compared to the ERA5-Land albedo
variable. The ERA5-Land albedo is based on a 5-year
MODIS climatology. These satellite observations are a com-
bined Terra and Aqua retrieval (Schaaf and Wang, 2015).
From the 16d level-3 data of a 0.05° climate modelling grid
(approx. 5.6km at the Equator), monthly averages are cal-
culated and interpolated into the EMAC T63 grid. The sur-
face albedo of EMAC/JSBACH is, in general, in good agree-
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ment with the ERAS surface albedo (Fig. 8). During summer,
EMAC/JSBACH shows a slight overestimation over Europe
and Asia between 45 and 75°N and parts of Canada. Be-
tween 25° S and 15° N, an underestimation is visible. During
the northern winter months, North America and Canada show
underestimated surface albedo along with Scandinavia, east-
ern Europe, northern Russia and elevated regions in Asia.
The average annual global difference between EMAC/JS-
BACH and ERAS5 is —0.015. The same geographical patterns
are visible for the EMAC/SRF compared to ERAS surface
albedo comparison with average annual global difference of
—0.012. The zonal mean shows a slight overestimation of
surface albedo for both simulations in the southern subtrop-
ics during summer and winter. During winter, there is a min-
imum of the surface albedo at about 45° N, which is not seen
in the reference data (Fig. 8, right panels).

The land surface albedo remains almost unchanged in
the new model version. This is presumably due to the fact
that in EMAC/SRF the background albedo is temporally
constant except for changes in ice and snow cover (Niitzel
etal., 2023). In EMAC/JSBACH, a simplified ground albedo
scheme was used to obtain a comparable result. However,
there is a slight improvement compared to the reference data
for EMAC/JSBACH, which is particularly noticeable during
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A. Martin et al.: Coupling of EMACv2.55 and JSBACHv4

5717

(b) ATWS EMAC/SRF - ERA5 90°N

(a) ATWS EMAC/JSBACH - ERAS
—— EMAC/SBACH JI - -L
EMAC/JSBACH sd Cfﬁ%% j@ E T P
—— EMAC/SRF b?{% .l\;\\;} éﬁf\{?_‘ * ='1":g5-
— ERAS = } o=ty
ERAS sd RS ~(/5 %%_ L
. > S 4
5
: ek NS
sof £ NS o
3 £oi 5 ~
’ b AR AN
&,ﬂ & i A
15

(©
N S ; gy AR o 60°N
\I\ 'T';ﬁ i §®§§ o ;&N 30°N
. \%;m Qa é‘%m .
b2 S
v P

60°S

g
e 0 2
g 0.0 (d) ATWS EMAC/JSBACH - ERA5 (e) ATWS EMAC/SRF - ERAS (f) 90°N
<

PRy '&,_ — P <= ——(, = —

bs‘vé;;g%\i e SR b.%(?'—ﬁ:ﬁ?%g\;c CE ST T o
-15 = \T S S e 2o 3 4 = \I‘ B ey oy R 3 g 4
Sy -l s i 0 4 oS ;

CONGs, Gy
= G

Winter

42, .
i,
k; 7 S < s
T

60°S

0 2
TWS (m)

Figure 6. Difference in terrestrial water storage (TWS) between EMAC/JSBACH and ERAS5-Land during NH summer (a) and NH winter (d)
months, with data averaged over the years 1971 to 2010. Analogously, the difference between EMAC/SRF and ERAS5-Land TWS during
summer (b) and winter (e) months is displayed. Positive values represent an overestimation of the simulated TWS, while negative values
indicate an underestimation. Additionally, the zonal average of all three datasets for both summer (c¢) and winter (f) months is shown.
Here, TWS from EMAC/JSBACH is depicted in green, TWS from EMAC/SRF is shown in blue and TWS from the ERAS5-Land dataset is
represented in black. The shaded areas within the zonal mean plots illustrate the standard deviations of the datasets. Glaciated polar regions
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the summer in eastern Siberia, where the model overestima-
tion is reduced. In this region, the LST and LAI derived
from EMAC/JSBACH align more closely to the reference
data than EMAC/SRF alone. This suggests that the slightly
warmer surface and less vegetation in this region may con-
tribute to the improved surface albedo representation.
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4.4 Top-of-atmosphere radiation balance (Radtoy )

The top-of-atmosphere (TOA) net radiation can be defined
as the difference between the incoming solar radiation; out-
going solar radiation backscattered and reflected by clouds,
aerosols, air and the land surface; and the terrestrial radiation
emitted by the surface, atmosphere and clouds. In total and
in equilibrium, the multi-year global mean sum should be
zero. However, as climate change continues and the amount
of greenhouse gases in the atmosphere increases, this effect
exceeds zero; i.e. more radiation is trapped in the atmosphere
than is emitted, leading to global warming. In climate mod-
elling, the amounts of radiative energy absorbed and emit-
ted in and by the atmosphere are key factors in the Earth’s
energy balance. The concentration of water vapour in the at-
mosphere and the surface albedo are important factors (Loeb
et al., 2009). It is important to reproduce these factors cor-
rectly and to detect possible biases. The radiation fluxes are
calculated by the MESSy submodel RAD, which is a new im-
plementation of the ECHAMS radiation scheme (Dietmiiller
et al., 2016). RadTpp is compared to the ERAS monthly av-
eraged reanalysis data of TOA solar and terrestrial radiation
interpolated into the EMAC T63 grid (Hersbach et al., 2023).

The average temporal and spacial correlation between
EMAC/JISBACH and ERAS5 Radrtpa is 0.907 (Table 6).
The largest differences and overestimation of EMAC/JS-
BACH Radroa in comparison to ERAS during the summer

Geosci. Model Dev., 17, 5705-5732, 2024
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The shaded area within the zonal mean plot illustrates the standard deviations along longitudes.

months occur over north and west Africa and the Middle
East (Fig. 9). The best agreement is found during summer
over western Russia. The largest underestimations are found
over central Africa and northern South America. During win-
ter, the largest overestimation occurs over the Himalayas and
the largest underestimation over the northern and southern
Andes, central Africa, and Indonesia. During this time pe-
riod, the best agreement is found over the polar and sub-
polar regions. The average annual global difference between
EMAC/JSBACH and ERAS is 3.56 W m~2. The zonal mean
of the simulation is well in line with the zonal mean of
the reanalysis data, and the overestimation of the simulation
only occurs at 30°N and between 0 and 30°S. Comparing
EMAC/SRF and ERAS, a similar geographical distribution is
discernable and, especially in winter, there is almost no dif-
ference to the EMAC/JSBACH simulation. However, almost
everywhere at high latitudes, the TOA radiative flux is lower
during summer. The same applies for the zonal average. The
average annual global difference between EMAC/SRF and
ERAS5 is 3.045 W m~2, and the overall correlation is 0.909.
The TOA radiation derived from EMAC/JSBACH shows
noticeable regional variations when compared to reanaly-
sis data, yet its overall balance remains comparable to the
one derived from EMAC/SRF. Moreover, these regional dif-
ferences in Radtpa closely align with those observed for
EMAC/SRF and do not significantly change when EMAC is
in operation without JSBACH. Radtpa shows a strong anti-
correlation with the surface albedo (p = —0.86), which de-
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termines the amount of absorbed radiation on the surface (Ta-
ble A2 in the Appendix). Since there are no significant differ-
ences between the EMAC/SRF and EMAC/JSBACH surface
albedo, no significant differences in Radtpa are expected.

4.5 Precipitation (precip)

Since precipitation is one of the most important and chal-
lenging climate variables to reproduce for coupled global
climate models (Dai, 2006), we are interested in analysing
the general performance of the coupled EMAC/JSBACH and
EMAC/SRF simulations to reproduce regional and temporal
variations as well as the amount and intensity of precipita-
tion. Problems of the simulation of precipitation can be an
indication of issues of the processes that drive precipitation,
such as large- and small-scale atmospheric dynamics, cloud
micro-physics, and aerosol formation (Dai, 2006). Precipita-
tion is calculated by the submodels CLOUD and CONVECT
and is one of the standard input parameters for EMAC/JS-
BACH, forcing many processes in the land system. The sim-
ulated precipitation is compared to the Global Precipitation
Climatology Project (GPCP) dataset of monthly precipitation
spanning 1979 to 2021 (Adler et al., 2003). The observational
precipitation data are available at a grid resolution of 2.5° x
2.5°, which is approximately 280 km at the Equator, and is
regridded to the EMAC Gaussian T63 grid (1.8° x 1.8°, ap-
proximately 210 km at the Equator) using bi-linear interpola-
tion. The dataset provides an error estimate, which is defined
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for every data point present in the dataset. This assessment
considers solely the stochastic error and relies on both the
mean rainfall rate and the quantity of samples utilized for
its computation (Huffman, 1997). The differences between
global precipitation distributions are shown in Fig. 10. The
subtropical and tropical equatorial zones over land appear
drier in the EMAC/JSBACH simulation in comparison to
the GPCP data. This shifts from the Northern Hemisphere
during summer to the Southern Hemisphere during winter.
Over the oceans, regions of heavy precipitation are intensi-
fied in the simulation. The average annual global difference
between EMAC/JSBACH and ERAS5 is 0.042 mmd ' (2.738
to 2.696 mm d~!; see Table 6). For the GPCP dataset, the er-
ror is shown as a grey-shaded area within the zonal mean
plot. Zonally averaged, EMAC/JISBACH summer precipita-
tion is within the GPCP precipitation error for the tropics and
mid-latitudes, with EMAC/JSBACH underestimating precip-
itation at high latitudes. In the tropical region of the North-
ern Hemisphere, EMAC/JSBACH also slightly overestimates
precipitation during winter. The northern Inter-Tropical Con-
vergence Zone (ITCZ) is reproduced in agreement with the
observations by the EMAC/SRF and EMAC/JSBACH sim-
ulations. The comparison between EMAC/SRF and GPCP
shows that the simulated precipitation amounts are higher
than the observed ones, with an average annual global de-
viation of 0.329mmd~!. Similar to EMAC/JSBACH, this
simulation shows lower precipitation over Indonesia com-
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pared to the GPCP data. Particularly noticeable is the ten-
dency to overestimate precipitation over land, especially in
the Himalayas in summer and in the Andes in winter. This
is also evident in the zonal mean, although EMAC/SRF re-
mains within the margin of error in the observations in sum-
mer. The only exception is the tropical regions of the North-
ern Hemisphere, where there is more precipitation in winter
and less around 60° S.

Overall, EMAC/JISBACH is capable of reproducing global
precipitation to a similar extent as EMAC/SRF. It exhibits a
distinct wet bias zone, extending from 20° S to the Equator
during winter and from 20°N to the Equator during sum-
mer (Fig. 11). This wet bias band is adjacent to a dry bias
region, ranging from 0—10° N during NH winter and from 0—
25° S during NH summer. The same is found for the precip-
itation derived from EMAC/SRF (Fig. 11) and leads to the
assumption that there is no major change in the large-scale
atmospheric dynamics of the new coupled model. The wet
bias will be corrected by further “tuning” microphysical pa-
rameters in upcoming model versions. The dry biases over
the Arctic and Antarctic regions throughout the year may be
attributed to relatively low sea surface temperatures. This re-
lationship has previously been documented by Pozzer et al.
(2011a).

Geosci. Model Dev., 17, 5705-5732, 2024
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Figure 10. Difference in precipitation between EMAC/JSBACH and GPCP during Northern Hemispheric (NH) summer (a) and NH win-
ter (d) months, with data averaged over the years 1980 to 2010. Analogously, the difference between EMAC/SRF and GPCP precipitation
during summer (b) and winter (e) months is displayed. Positive values represent an overestimation of the simulated precipitation, while
negative values indicate an underestimation. Additionally, the zonal average of all three datasets for both summer (c) and winter (f) months
is shown. Here, precipitation from EMAC/JSBACH is depicted in green, precipitation from EMAC/SRF is shown in blue and precipitation
from the GPCP dataset is represented in black. The shaded area within the zonal mean plot in black illustrates the GPCP dataset error and in

green the standard deviation of the EMAC/JSBACH precipitation.
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Figure 11. Zonally averaged monthly difference in EMAC/JSBACH (a) and EMAC/SRF (b) compared to GPCP precipitation in millimetres

per day, averaged over the years 1980 to 2010.

4.6 Leaf area index (LAI)

The leaf area index is defined by Watson (1947) as the to-
tal one-sided area of leaf tissue per unit of ground surface
area. It is an important quantity for estimating the gas ex-
change between vegetation and the atmosphere in particular
(e.g. photosynthetic production or transpiration) and repre-
sents the canopy—atmosphere interface (Bréda, 2003). It has

Geosci. Model Dev., 17, 5705-5732, 2024

a strong spatial and temporal variability, which makes it diffi-
cult to properly measure and simulate it. The default scheme
to calculate the LAI in JSBACHv4 is an implementation of
the Logistic Growth Phenology (LoGro-P) model, which is
described in detail by Bottcher et al. (2016) and Reick et al.
(2021). Within LoGro-P, the LAI is calculated depending
on the phenology type of the plant functional types (PFTs),
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which are either evergreen, summergreen, raingreen, grasses,
or tropical or extratropical crops. Due to the prescribed ge-
ographical PFT distribution, there is no seasonal or inter-
annual variability in plant functional types, limiting LAI vari-
ability. The phenology types are linked to certain phenol-
ogy phases. For the summergreen type, these are, in turn,
associated with seasons. Spring corresponds to the growth
phase, summer to the vegetative phase, and winter and au-
tumn to the resting phase (Schneck et al., 2022). Raingreen,
grass, and tropical crop phenology types are only linked to
a growth phase determined by environmental conditions like
soil moisture, temperature and NPP, growing whenever those
conditions are beneficial (Schneck et al., 2022). Tropical or
extratropical crops are not linked to a vegetative phase. The
LAI changes primarily due to temperature, soil moisture and
NPP, and the maximum possible value is limited for each
phenology type individually (Schneck et al., 2022). The LAI
is compared to the 8-Day global MODIS/Terra Leaf Area In-
dex dataset, regridded to 0.5° resolution (Kern, 2023; My-
neni, 2021). Monthly averages are calculated and interpo-
lated into the EMAC T63L31 grid.

The LAI difference between the EMAC/JISBACH and
MODIS observations is shown in Fig. 12. The annual global
average LAI within EMAC/JSBACH is —0.212m?m™?
(1.187 to 1.399 m? m~2; see Table 6) lower than the one es-
timated using MODIS satellite data. In particular, the LAI
of tropical rainforests is underestimated throughout the year
in the simulation, as are deciduous forests and boreal forests
over eastern Siberia in summer. Otherwise, vegetation LAI
tends to be overestimated, with peaks in India, south Africa
and northern Canada throughout the year and in northern
Europe during the winter. The zonal average (Fig. 12, right
panels) shows that EMAC/JSBACH follows the MODIS LAI
trend but with lower peak values at the Equator. EMAC/SRF
overestimates LAI in comparison to the MODIS dataset al-
most everywhere, and the annual global average LAI is
0.768 m> m~2 larger than the satellite-instrument-based es-
timate. Maximum overestimations are found for the Ama-
zon rain forest and Canadian boreal forest throughout the
year. The same is found for the zonal average, of which the
EMAC/SRF LAI peaks at the Equator at 7.5 m> m 2.

Discrepancies between EMAC/SRF and EMAC/JSBACH
LAI are expected, due to EMAC/SRF’s reliance on a LAI cli-
matology, whereas in EMAC/JSBACH LAl is a prognostic
variable. In JSBACH, the calculation of LAI for raingreen
and crop phenology strongly depends on water availability.
Tropical raingreen phenology is found in regions such as the
Amazon, Indonesia and central Africa. These regions exhibit
low TWS and coincide with regions of underestimated LAI.
Over India, the phenology only consists of tropical broadleaf
deciduous forests and both C3 and Cy4 crops. Given that the
water deficit in India is not as pronounced as in other areas,
the overestimation of LAI in India may be partly attributed
to sufficient moisture content in the soil. In addition, GPP is
enhanced in this area. This results in a feedback loop as more
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vegetation leads to greater LAI, which in turn increases GPP
and NPP, thus stimulating plant growth. The overestimation
of LAI of extratropical evergreen and summergreen phenol-
ogy, such as in northern Canada and Europe, is not deter-
mined by water availability since those LAI calculations are
only based on parameterisations governing phenology and a
set of parameters defining growth rate and the length of the
growth season. Schneck et al. (2022) stated that an unlucky
choice of those parameters can have a major effect on LAl es-
timation. However, Lin et al. (2023) found that the MODIS
version 6.1 leaf area index product tends to underestimate
LAI particularly in northern latitudes, which may contribute
to the bias found over northern Canada and Europe.

4.7 Fraction of absorbed photosynthetic active
radiation (FAPAR)

Together with the LAI the fraction of absorbed photosyn-
thetic active radiation is required to estimate the ecosystem
productivity. It is a state variable that describes the amount
of incoming solar radiation which is absorbed by leaves and
available for photosynthesis. The absorption happens in the
photosynthetic active radiation (PAR) band of 400—700 nm
(Sellers, 1985) and depends on the solar zenith angle, the
canopy thickness, the types of leaves, their optical properties,
the orientation and the soil underneath (Reick et al., 2021).

In EMAC/JSBACH FAPAR is calculated in three canopy
layers by the canopy radiation module, which is described
by Loew et al. (2014) and Reick et al. (2021) in detail. After
the calculation, FAPAR is handed over to the photosynthe-
sis module and used to estimate the gross and net primary
productivity and carbon fixation in the plants.

We compare our results to 8-Day Global MODIS/Terra
Leaf Area Index dataset, regridded to global data at 0.5 reso-
lution derived by the Integrated Climate Data Center (ICDC)
(Kern, 2023; Myneni, 2021). Monthly averages are calcu-
lated and interpolated into the EMAC T63 grid.

The fraction of absorbed photosynthetic active radiation
(FAPAR) is a newly introduced variable that was not avail-
able as EMAC output before the coupling to JSBACH. When
compared to MODIS, the simulated FAPAR in EMAC/JS-
BACH is systematically underestimated across most regions,
with the exception of India and northern Canada (Fig. 13).
This underestimation is also evident in the zonal average.
The annual global average FAPAR simulated by EMAC/JS-
BACH is 0.161 4 0.137, whereas MODIS data indicate a
higher average of 0.384 &£ 0.196. Disney et al. (2016) con-
ducted a comparison between the MODIS product and FA-
PAR and LAI measurements obtained from the ESA Glob-
Albedo product. GlobAlbedo aligns with the 1D radiative
transfer schemes used in EMAC/JSBACH and other large-
scale ESMs. Their findings indicated overall good agree-
ment in terms of timing between the datasets. Nevertheless,
notable discrepancies in peak values were detected, with
GlobAlbedo-derived values generally registering as lower

Geosci. Model Dev., 17, 5705-5732, 2024
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Figure 12. Difference in LAI between EMAC/JISBACH and MODIS during Northern Hemispheric (NH) summer (a) and NH winter (d)
months, with data averaged over the years 2000 to 2010. Analogously, the difference between EMAC/SRF and MODIS LAI during sum-
mer (b) and winter (e) months is displayed. Positive values represent an overestimation of the simulated LAI, while negative values indicate
an underestimation. Additionally, the zonal average of all three datasets for both summer (c¢) and winter (f) months is shown. Here, LAI from
EMAC/JSBACH is depicted in green, LAI from EMAC/SRF is shown in blue and LAI from the MODIS dataset is represented in black. The
shaded area within the zonal mean plot illustrates the standard deviations along longitudes.

compared to MODIS. They also state that the method used
to determine FAPAR can result in variations of up to an or-
der of magnitude difference. Loew et al. (2014) found a dif-
ference of up to 25 % when comparing models and satellite
observations. These biases can be attributed, in part, to uncer-
tainties in total cloud cover and snow cover that may affect
satellite-based measurements. However, they may also result
from the underlying definitions and algorithms used to de-
termine the FAPAR product by satellite instruments (Loew
et al., 2014). Within EMAC/JISBACH, the largest potential
cause of uncertainty is the bias of the LAI, which, for exam-
ple, most likely leads to the overestimation of FAPAR over
India. Additionally, it cannot be ruled out that the represen-
tation of the surface albedo and the radiative transfer scheme
might lead to the general underestimation of FAPAR, as was
also documented in former studies (Loew et al., 2014; Disney
et al., 2016). The differences in EMAC and observations in
the radiative fluxes (mentioned above), especially the short-
wave components, might also substantially contribute to the
bias in FAPAR.

4.8 Gross primary productivity (GPP)

Gross primary productivity is the total rate of organic car-
bon gained via photosynthesis. This includes autotrophic
respiration, which can be divided into maintenance respi-
ration (driving basic functionalities of the plant, like water
and nutrient transport, defence mechanisms, or repairs) and

Geosci. Model Dev., 17, 5705-5732, 2024

growth respiration. GPP is a key parameter in estimating the
net primary productivity (NPP), which describes the actual
amount of carbon (sugars) stored in vegetation and is, there-
fore, an important quantity for the terrestrial carbon cycle.
It is highly dependent on radiation, temperature, precipita-
tion, LAI, TWS and water usage efficiency (the amount of
water used by the plant to assimilate carbon). In EMAC/JS-
BACH, GPP is calculated via carbon assimilation (based on
the plant water stress), FAPAR and LAI The full and detailed
description of the dynamics of vegetation carbon is provided
by Reick et al. (2021).

GPP is compared to the MOD17A2H MODIS/Terra gross
primary productivity 8-Day L4 Global 500m SIN Grid V006
regridded to global data at 0.5 resolution derived by ICDC
(Kern, 2021; Running et al., 2015). Monthly averages are
calculated and interpolated into the EMAC T63 grid.

Similar to FAPAR, gross primary productivity is a new
diagnostic introduced in EMAC by JSBACH. GPP shows
the largest differences to MODIS observations during NH
summer over India, where GPP is strongly overestimated
(Fig. 14). These are slightly lower during winter, when the
GPP overestimation is larger over Australia and central South
America. The largest underestimation is found during sum-
mer month over northeastern Siberia, the Amazon region
and central Africa, while, during summer, the largest un-
derestimation is found in the Amazon Basin and the An-
des. The annual global average GPP of EMAC/JSBACH

https://doi.org/10.5194/gmd-17-5705-2024
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Figure 13. Difference in the fraction of absorbed photosynthetic active radiation (FAPAR) between EMAC/JSBACH and MODIS during
Northern Hemispheric (NH) summer (a) and NH winter (¢) months, with data averaged over the years 2000 to 2010. Positive values represent
an overestimation of the simulated FAPAR, while negative values indicate an underestimation. Additionally, the zonal average of both datasets
for both summer (b) and winter (d) months is shown. Here, FAPAR from EMAC/JSBACH is depicted in green and FAPAR from the MODIS
dataset is represented in black. The shaded area within the zonal mean plot illustrates the standard deviations along longitudes.

is 0.02 4 0.017 kg carbonkm™2, while that of MODIS is
0.021 = 0.013 kg carbonkm ™2,

GPP underestimations are mostly found in areas where
TWS and FAPAR are also underestimated. The correlation
between TWS and GPP is p = (.79, indicating a monotonic
relationship (Table A2 in the Appendix). The correlation be-
tween FAPAR and GPP is, as expected, high, with 0.94, since
the GPP calculation is based on FAPAR. However, in this
study, GPP demonstrates a notably better agreement with
MODIS observations than FAPAR. The pronounced overes-
timation of GPP over India can be largely attributed to the
concurrent overestimation of FAPAR in that region, which,
in turn, can be traced back to the high LAI values that are
prevalent there. In the global mean, FAPAR derived from
EMAC/JSBACH and MODIS are in good agreement.

5 Conclusions

We have implemented the land surface model JSBACH ver-
sion 4 as a new submodel into EMAC following the MESSy
coding standards. The new addition aims to replace of the
former, simplified submodel SURFACE, in which many pa-
rameters have been prescribed based on pre-determined cli-
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matologies. JSBACH comprises numerous new features, in-
cluding a comprehensive hydrology model and an improved
soil scheme, enhancing the overall versatility of EMAC. It
enables the possibility of performing new experiments that
analyse not only the fundamental physical processes of the
land surface within the Earth system on climatic timescales,
but also the effects of atmospheric chemical components
and associated feedback mechanisms on short timescales of
hours and days. In this assessment, we demonstrate that the
implementation, various modifications, and newly added fea-
tures to EMAC have not degraded the overall model perfor-
mance and stability. This is done based on a comparison of
the new coupled model results to observational and reanaly-
sis data and in comparison to results from a simulation con-
ducted without JSBACH (i.e. based on climatologies). The
newly coupled land—atmosphere model, however, required
re-tuning to optimise the radiation budget via adjusted cloud
parameters. The usage of JSBACH instead of SURFACE in-
creases the runtime, on average, by 0.056 % £4 x 1074 %
for simulations carried out on two computing nodes of the
DKRZ (German Climate Computing Centre) supercomputer
LEVANTE.

Geosci. Model Dev., 17, 5705-5732, 2024
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Figure 14. Difference in gross primary productivity (GPP) between EMAC/JSBACH and MODIS during Northern Hemispheric (NH) sum-
mer (a) and NH winter (c) months, with data averaged over the years 2000 to 2010. Positive values represent an overestimation of the
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The shaded area within the zonal mean plot illustrates the standard deviations along longitudes.

Results indicate that the LST derived from the newly cou-
pled EMAC/JSBACH model is, on average globally, 1.546 K
colder compared to the LST derived from ERAS (using the
old SURFACE submodel, the globally averaged LST was
0.816 K warmer). The change from SURFACE to JSBACH
improves the representation of TWS by generally increas-
ing soil moisture and groundwater storage. This improves
the agreement of the absolute global average TWS with the
ERAS5-Land reanalysis data and reduces the NRMSE. Sur-
face albedo and Radtpa balance show no significant changes
after the implementation of JSBACH. While seasonal and re-
gional precipitation patterns are preserved, the global mean
precipitation is slightly reduced in EMAC/ISBACH. The av-
erage global LAI of the EMAC/JSBACH simulation agrees
better with the average LAI of MODIS than the climato-
logical standard LAI present in EMAC/SRF; nevertheless,
the spacial and temporal correlation of 0.637 between sim-
ulated LAI and observed LAI is still not very high. FAPAR
and GPP are among many other newly introduced variables
that were not available in previous EMAC versions (a selec-
tion of the additional output variables is included in the Sup-
plement). They are now provided as diagnostic parameters.
FAPAR shows the largest deviation from the observations,

Geosci. Model Dev., 17, 5705-5732, 2024

which could partly be due to challenges in observing and
quantifying FAPAR. Nevertheless, FAPAR as a fundamen-
tal parameter within the GPP calculations seems realistic, as
the GPP and observational global average difference are only
—0.001 kg carbon km™!

We plan to implement the remaining JSBACH4 features,
such as the closed carbon cycle and dynamic vegetation. The
latter can be achieved before these updates are available by
linking JSBACH with the dynamic vegetation of the LPJ-
GUESS module that is already coupled with EMAC (Forrest
et al., 2020). The model will be further refined to increase
its capabilities and accuracy. This ongoing model develop-
ment is crucial to striving towards the more comprehensive
and realistic numerical modelling of the intricate interactions
between the atmosphere and land along with the associated
feedback mechanisms. It marks a significant advancement
for EMAC, bringing it one step closer to the realisation of
a comprehensive Earth system model.
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Table A1. EMAC/JSBACH land cover types (Ict) and corresponding tile in the EMAC/JSBACH simulation.

LCT Description Tile
Iet01 glacier 1
Ict02 tropical broadleaf evergreen 1
Ict03 tropical broadleaf deciduous 2
Ict04 extratropical evergreen 3
Ict05 extratropical deciduous 4
Ict10 raingreen shrubs 5
Ietl1 deciduous shrubs 6
Iet12 Cj3 grass 7
Ictl3 Cy grass 8
IctlS C3 pasture 9
Ictl6 C4 pasture 10
Ict20 C3 crops 11
let21 Cy4 crops 11

Table A2. Spearman rank correlation (p) of the assessed variables derived from monthly means of EMAC/JSBACH for the years 1971
to 2010. A positive Spearman rank correlation suggests a monotonously increasing relationship, while a negative correlation indicates a
monotonously decreasing relationship. All correlations were tested for statistical significance at the p < 0.05 level.

LST TWS Surface albedo Radpga  Precipitation LAI FAPAR GPP
LST 1.0
TWS 0.69 1.0
Surface albedo —0.89 —0.77 1.0
RadTtoa 0.87 0.44 —0.86 1.0
Precipitation 0.75 0.65 —0.87 0.68 1.0
LAI 0.67 0.73 -0.79 0.66 0.78 1.0
FAPAR 0.75 0.83 —0.85 0.74 0.84 0.95 1.0
GPP 0.84 0.79 —0.90 0.84 0.82 091 0.94 1.0

https://doi.org/10.5194/gmd-17-5705-2024
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Figure A2. MODIS standard deviation of the leaf area index (LAI) during Northern Hemispheric (NH) summer (a) and NH winter (c)
months, with data averaged over the years 2000 to 2010. Additionally, the zonal average of summer (b) and winter (d) months is shown. The
shaded area within the zonal mean plot illustrates the standard deviations along longitudes.
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Figure A3. MODIS standard deviation of the fraction of absorbed photosynthetic active radiation (FAPAR) during Northern Hemispheric
(NH) summer (a) and NH winter (c) months, with data averaged over the years 2000 to 2010. Additionally, the zonal average of summer (b)

and winter (d) months is shown. The shaded area within the zonal mean plot illustrates the standard deviations along longitudes.
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Code availability. The Modular Earth Submodel System (MESSy;
https://doi.org/10.5281/zen0do.8360186; The MESSy Con-
sortium, 2024) is continuously further developed and applied
by a consortium of institutions. The usage of MESSy and
access to the source code are licensed to all affiliates of in-
stitutions which are members of the MESSy Consortium.
Institutions can become a member of the MESSy Consortium
by signing the MESSy Memorandum of Understanding. More
information can be found on the MESSy Consortium website
(http://www.messy-interface.org). The code presented/used
here is available at https://doi.org/10.5281/zenodo.10084186
(The MESSy Consortium, 2023) and will be part of the next
official release. It is based on MESSy version d2.55.2 and JS-
BACH version 4 that is available via the jsbach repository on
GitLab (no.  7de0f9bf3b50910655f474bc23d647c6ba2a7bof).
The model outputs relevant for this study are perma-
nently stored in the Zenodo repository and are accessible
via  https://doi.org/10.5281/zenodo.10084186  (The = MESSy
Consortium, 2023). The ERAS5S-Land monthly averaged
data from 1950 to the present can be downloaded from
https://doi.org/10.24381/cds.68d2bb30 (Mufloz Sabater, 2019).
The ERAS monthly averaged data from 1940 to the present can
be downloaded from https://doi.org/10.24381/cds.f17050d7
(Hersbach et al.,, 2023). The GPCP monthly precipita-
tion dataset from 1979 to 2021 can be downloaded from
https://downloads.psl.noaa.gov/Datasets/gpcp/ (last access: 19 Jan-
uary 2023, Adler et al., 2003). The MODIS/Terra 8-Day data prod-
uct can be downloaded from https://doi.org/10.25592/uhhfdm.8880
(Kern, 2021) and https://doi.org/10.25592/uhhfdm.8880 (Kern,
2023).

Supplement. The supplement related to this article is available on-
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The effect of biomass burning aerosol emissions on
global gross primary productivity

Abstract Wildfires are expected to increase in frequency and intensity by the end
of the century, posing significant challenges for ecosystems, climate systems, and
human activities. Aerosols from biomass burning, such as organic aerosols and
brown carbon, influence air quality, radiation dynamics, and ecosystem productiv-
ity. Biomass burning aerosols (BBA) can alter photosynthetically active radiation
(PAR), impacting plant productivity and carbon sequestration. Light-scattering
aerosols enhance diffuse radiation, which may increase photosynthesis in shaded
leaves, while absorbing aerosols reduce direct light, limiting productivity. Previous
observational and model studies have analyzed the local effect of aerosols on Gross
Primary Productivity (GPP), but comprehensive global assessments including and
quantifying feedback mechanisms like greenhouse gas emissions and aerosol-cloud
interactions are not available. These feedbacks introduce significant uncertainties,
making it challenging to predict the net impact of increased aerosols on global
ecosystems. This study addresses the effects of a factor of two increase of biomass
burning aerosol (BBA) emissions and associated feedback mechanisms on global
GPP using the ECHAM/MESSy Atmospheric Chemistry (EMAC) model recently
coupled to the land surface and vegetation model JSBACH. We find that increased
BBA emissions reduce GPP by —0.87 + 0.05gCm™%y~! by altering the balance be-
tween direct and diffuse PAR, if all related feedback mechanisms are switched
off. Including aerosol feedback mechanisms alter the effects of increased BBA
emissions on GPP with expected large uncertainties. In particular, the greenhouse
gas feedback contributes to a GPP change of 0.57 + 11.1gCm™2y™!), while induced
evapotranspiration changes, denoted as water vapor feedback, contribute with
2.49 + 5.369Cm™%y~!. Modified volatile organic compound (VOC) emissions, the
VOC feedback, cause a reduction in GPP of —3.4 + 8.45gCm ™2y ™! and aerosol-cloud
feedbacks contribute —0.01 + 11.16gCm™2y~!. In addition to the quantification, the
study highlights regional variability’s: in mid and high latitudes, dominated by
boreal forests, changes in GPP are primarily correlated with variations in precipita-
tion. In contrast, in tropical and subtropical ecosystems, the strongest correlation
with GPP is found with land surface temperature changes, and only secondarily
with precipitation and evapotranspiration changes. It is important to understand
the impact of aerosol emissions on ecosystems and the carbon cycle, given the
increase in emissions from both natural and human sources. This study provides a
global perspective on the complex feedback mechanisms by which aerosols affect
GPP, including the interplay between aerosols, radiative forcing and vegetation
productivity, using emissions from biomass burning as a case study:.
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3.2.1 Introduction

Biomass burning aerosols (BBA) are a major contributor to particulate matter in
the atmosphere, primarily originating from forest fires, agricultural burning, and
other combustion activities (Reid et al. 2005). As wildfires are projected to increase
globally, regional organic aerosol loading could rise by up to 40% (Carslaw et al.
2010). These aerosols have multiple impacts on the Earth’s climate and ecosys-
tems by altering atmospheric composition, radiative forcing, cloud properties and
nutrient deposition (Reid et al. 2005; Carslaw et al. 2010). BBAs can directly and
indirectly affect the carbon cycle, particularly Gross Primary Production (GPP) —
the total carbon fixed by plants through photosynthesis. GPP is a critical measure
of ecosystem health and carbon sequestration potential, responding sensitively
to changes in atmospheric conditions, water availability, and radiation. Wildfire
aerosols affect the amount of solar radiation reaching the surface, especially in the
wavelength range from 0.45-0.75 pym, which is referred to as photosynthetically
active radiation (PAR) (Carslaw et al. 2010). This effect can vary depending on
several factors including aerosol type, concentration, size distribution, and atmo-
spheric conditions. BBA like black carbon mostly absorb incoming solar radiation,
reducing the amount of direct PAR available for photosynthesis. However, organic
aerosols, such as organic carbon, sulfate particles and biogenic secondary organic
aerosols, tend to scatter radiation more effectively, resulting in an increase in diffuse
radiation. This increased diffuse radiation is found to penetrate deeper into the
canopy and reach shaded leaves more effectively, potentially enhancing photo-
synthesis (Zhou et al. 2020; Unger et al. 2017; Strada et al. 2016; Rap et al. 2015).
Previous studies have analyzed the relationship between aerosol-induced changes
in radiation and GPP, primarily focusing on isolating the effects of fires on vegeta-
tion through changes in diffuse radiation (Bian et al. 2021; Rap et al. 2015; Ezhova
et al. 2018; Moreira et al. 2017; Rap et al. 2018; Malavelle et al. 2019; Rodrigues
et al. 2023; Cirino et al. 2014; Carslaw et al. 2010; Gu et al. 2002). However, these
studies do not specifically account for other critical interactions associated with
increased biomass burning aerosol emissions. For example, BBA can alter surface
ozone concentrations (Pacifico et al. 2014; Delany et al. 1985; Desservettaz et al.
2023), influence evapotranspiration and precipitation patterns through changes in
vegetation (Spracklen et al. 2012), and modify volatile organic compound (VOC)
concentrations (Desservettaz et al. 2023; Yao et al. 2023). Additionally, they lead
to shifts in cloud cover and induce surface cooling (Chang et al. 2024; Lohmann
et al. 2005; Forster et al. 2007; Haywood et al. 2000; Andreae et al. 2004; Tosca
et al. 2013). These processes, in turn, can significantly affect GPP, complicating the
overall understanding of fire impacts on ecosystems. This study aims to account
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for those interactions by disentangling the multiple feedback mechanisms through
which BBAs affect GPP. Using a fully coupled Earth-System model, we examine the
isolated and combined effects of BBA emissions on GPP, focusing on changes in
radiation, water vapor, GHG concentrations, VOC emissions, and aerosol-cloud and
aerosol-radiation interactions on a global scale. This work is organized as follows:
Section 3.2.2 is divided a description of the EMAC model and the simulation setups
and an overview of the observational data sets used for the model validation, in
particular FLUXNET and AERONET data sets. The results are presented in sec-
tion 3.2.3, while first the model validation based on the observational datasets are
discussed followed by an analysis of the feedback effects of a twofold increase in
BBA on GPP. Finally, section 3.2.4 provides a summary of the main findings and
conclusions of the study.

3.2.2 Methods
The EMAC Model

The ECHAM/MESSy Atmospheric Chemistry (EMAC) model is a numerical chem-
istry and climate simulation system that includes sub-models describing tropo-
spheric and middle atmosphere processes and their interaction with oceans, land
and human influences (Jockel et al. 2010a). It uses the second version of the Modular
Earth Submodel System (MESSy?2) to link multi-institutional computer codes. The
core atmospheric model is the fifth-generation European Center Hamburg general
circulation model (ECHAMS5, (Roeckner et al. 2006)). The physics subroutines of
the original ECHAM code have been modularized and re-implemented as MESSy
submodels and have continuously been further developed. Only the spectral trans-
form core, the flux-form semi-Lagrangian large-scale advection scheme, and the
nudging routines for Newtonian relaxation remain from ECHAM. Further details
on EMAC are documented by (Jockel et al. 2016) and can be found on the MESSy
website". In this study, we utilized EMAC (MESSy version 2.55.0) at a resolution
of T63L31ECMWF. This configuration corresponds to a spherical truncation of
T63, which translates to a quadratic Gaussian grid with approximately 1.8 by 1.8
degrees spacing in latitude and longitude, and includes 31 vertical hybrid pressure
levels extending up to 10 hPa. Each simulation conducted in this study includes
30 years of simulation data from January 1992 to December 2020. The simulations
are nudged towards meteorological reanalysis data (ERA-Interim, (Berrisford et al.
2011)) from the European Center for Medium-Range Weather Forecasts (ECMWF)
(Jeuken et al. 1996; Jockel et al. 2006). An overview of the utilized submodels

«  https://www.messy-interace.org
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and a concise description of each can be found in the Supplement, Table S1. This
work employs the same model setup presented in Kohl et al. 2023. The Biomass
burning and agricultural waste burning emissions are based on burned dry mat-
ter and fire type data from the GFED (Global Fire Emissions Database) database
(Randerson et al. 2017) using the BIOBURN submodel (Andreae 2019; Kaiser et al.
2012). EMAC was recently coupled to the Jena Scheme for Biosphere-Atmosphere
Coupling in Hamburg (JSBACH) version four (Martin et al. 2024). JSBACH is a
land-surface model designed to represent a wide range of biogeochemical processes
in ecosystems (Reick et al. 2021; Schneck et al. 2022). It replaces the soil water model
of the former surface model SURFACE with a more comprehensive hydrological
model, improving the representation of surface energy fluxes and reducing biases
in surface temperature and plant stress. JSBACH enables the analysis of biogeo-
chemical processes on time scales from minutes to decades, allowing for a detailed
understanding of land-atmosphere interactions and their impact on atmospheric
chemistry. It operates on five snow layers and three canopy layers. Additionally it
comprises five soil layers that reach depths of up to 9.8 meters below the surface. It
incorporates 11 plant functional types (PFTs), including tropical and extra-tropical
broadleaf evergreen and deciduous trees, rain-green shrubs, deciduous shrubs, Cs-
and C4-grass, as well as Cs- and C4-pasture, and crops (those PFTs are listed together
with the model validation datasets in section 3.2.2 and the PFTs in Supplement
Table S2). The JSBACH initialization utilizes carbon pools, soil, and land property
data from 2005, expected to stabilize within five years (Martin et al. 2024). While
atmospheric variables stabilize rapidly within days, soil moisture is projected to
adjust the slowest, with a maximum adjustment time of one year (Hagemann et al.
2015; Schneck et al. 2022). Consequently, the initial years (1990 and 1991) serve as
a spin-up period and are excluded from the study. The version of JSBACH used
here contains a simple representation of the nitrogen cycle in the soil which, ac-
cording to the photosynthesis model following Farquhar et al. 1980, is independent
of nutrient availability and only describes nitrogen limitation due to changes in
atmospheric CO; (Reick et al. 2021). The temperature dependence of the electron
transport capacity also follows Farquhar et al. 1980, assuming a linear temperature
dependence corresponding to the vegetative temperature (Reick et al. 2021). Plant
damage caused by tropospheric ozone is not included in this study. Light intercep-
tion within the three canopy layers follows the two stream approximation by Sellers
1985 with absorption and scattering losses of incident radiation (including direct
and diffuse) through the canopy. The absorbed Photosynthetic Active Radiation
(PAR) is dependent on LAI and solar zenith angle.
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Simulation setups

To investigate the feedback of BBA on GPP, five pairs of simulation setups were
designed. Each pair consists of a reference simulation with standard BBA emissions
(Sgep) and a simulation with twofold BBA emissions (S ). In the first pair of
simulations (S1ggr and S1inc), all feedbacks from increased BBA emissions, except
for changes in the direct and diffuse components of photosynthetically active
radiation reaching vegetation, are turned off. This setup is implemented using two
radiation calls: one that accounts for BBA-induced changes in diffuse radiation and
passes this information to the JSBACH submodel, and a second, BBA-independent
call that ensures the overall atmospheric dynamics remain identical in both runs.
Additionally, the LAI is nudged towards a climatology, ensuring that changes in GPP
do not affect vegetation growth. Greenhouse gas concentrations are held constant at
their concentration in 2009 and are unaffected by BBA emissions, ensuring identical
climate dynamics in both simulations. As a result, the availability of soil water and
the leaf canopy temperature remains the same in the two simulations. These runs
isolate the BBA feedback on GPP through changes in PARy;, and PARy;, labeled
Fgpa, which is calculated as the difference between S1pc and S1ggr:

Fgga = S1inc — S1ger (3.1)

The aim of the second pair of simulations (S2ggr and S2inc) is to isolate the
feedback of water vapor changes due to LAI variations from changing GPP. For
this, LAI can vary in response to changes in GPP, while VOC emissions remain
constant. This setup includes both Fgpa and the feedback of water vapor changes
due to LAI variations from changing GPP, labeled Fyvy. Fywy can then be computed
as:

Fwv = (S2ine — S2rer) — Fea (3:2)

The third simulation pair (S3rgr and S3inc) follows the S1 setup, but allows GHG
concentrations to be affected by BBA emissions. This setup accounts for Fgga and
the feedback of GHG changes due to BBA emissions, denoted as Fgug. The value
of Fgyg is calculated as follows:

Foue = (S3ive — S3rer) — FeBa (3.3)

In the fourth pair of simulations (S4rgr and S4inc), the feedbacks Fgpa, Fwv,
and Fgyg are included, along with biogenic VOC emission changes due to LAI
variations caused by BBA emissions, labeled Fyoc. The Fyoc feedback is given by:

Fyoc = (S4inc — S4rer) — Fonc — Fwv — Fspa (3.4)
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The fifth and final pair of simulations (S5ggr and S5inc) includes all previous
feedbacks from S4, and additionally accounts for the direct and indirect effects of
BBA on clouds and radiation. These feedbacks combined, labeled Fcroupsrap, are
calculated as:

Feroupsrap = (S5mie — S5rer) — Fvoc — Fong — Fwv — Faea (3.5)

The total BBA feedback on GPP is the sum of all individual feedbacks, denoted
as Fgum, which corresponds to the difference between S5inc and S5grgg:

Faum = (S5mve — S5rer) = Fspa + Fwv + Forg + Fvoc + FeLoup&raD (3.6)

It should be noted that the feedbacks in the physical climate—biosphere system
are not inherently additive, since radiation, hydrology, vegetation, and atmospheric
chemistry interact nonlinearly. However, our subtraction-based experimental de-
sign enforces an additive partitioning of the total BBA feedback into the individual
components (Fspa, Fous, Fwv, Fvoc, and Fcroupgrap), which makes them diag-
nostically additive even though they are coupled in reality. An overview of the
simulation setups and the included feedback mechanisms is provided in Table 3.1.
Figure 3.1 provides a highly simplified graphical overview of the individual feedback
mechanisms and the total feedback sum.

Table 3.1: Simulation setups and included feedback mechanisms of BBA emissions on GPP

BBA emissions Fgga Fcuc Fwv Fvoc Fcroup &Rrap

Simulation Setup

S1RErF 1xBBA X - - - -
S1 INC 2xBBA X - - - -
S2 REF 1xBBA X - X - -
S ZINC 2xBBA X - X - -
S3REF 1xBBA X X - - -
S BINC 2xBBA X X - - -
S4pgr 1xBBA X X X X -
S4ine 2xBBA X X X X -
SSREF 1xBBA X X X X X
S5INC 2xBBA X X X X X
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Figure 3.1: Simplified graphical schematics of the individual feedback mechanisms Faga
(@), Fwv (b), Fone (), Fvoc (d), Ferouperap (€) and their sum Foym (£).

Observations

The model output is validated using FLUXNET and AERONET datasets between
January 2007 and December 2010. Five measurement sites with different PFTs
were selected based on their data coverage and the availability of both FLUXNET
and AERONET measurements. A list of all sites with their corresponding PFTs
and detailed percentages of PFT coverage is provided in Table S2 of the Supple-
ment. Figure 3.2 shows a corresponding map of the predominant PFTs within the
EMAC/JSBACH simulation with the measurement sites marked by crosses. To
assess the model results, we compare PAR) in correlation with aerosol optical depth
(AOD) and the fraction (f) of incoming shortwave radiation (I) to the incoming
shortwave radiation under clear sky conditions (I ;,), accounting for cloud effects
in the measurements, viz.

I(AOD >= 0.1, all sky)

3.7
I.;,(AOD < 0.1, clear sky) (3.7)

f=
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Figure 3.2: Measurement Sites and corresponding predominant plant Type in EMAC/JS-
BACH

The relative irradiance (f) is used here as a proxy for sky coverage observations
when direct measurements of clouds and aerosol smoke are unavailable. (AOD <
0.1, clear sky) was considered a background condition for clear-sky (i.e., cloudless
and free of biomass burning aerosols). I, is obtained following Gu et al. 1999,
applied by several previous studies (e.g., Oliveira et al. 2007; Cirino et al. 2014;
Rodrigues et al. 2023).

FLUXNET

The FLUXNET datasets are a collection of observations from a global network
of micro-meteorological tower sites that measure ecosystem exchange of carbon
dioxide, water vapor, and energy using the eddy covariance technique (Baldocchi
et al. 2001). These datasets provide continuous, long-term, and high-frequency
data on the fluxes of these components between the biosphere and the atmosphere.
Depending on the measurement site, the fluxes are provided in half-hourly or hourly
frequency. For all locations the Subset Data Product was used, a close description
of which can be found in at the Fluxnet data product website”. An overview and
assessment of statistical and random errors of the FLUXNET datasets is given in
Williams et al. 2009. All stations have an open data policy and incorporate at least
two years of measurements of the incoming shortwave radiation (I), PAR and GPP.
PARy;s is not available for the listed Fluxnet site used in this study, therefore the
fraction of PARgif (fparadif) is calculated based on the widely used method of Gu
et al. 1999 (applied by Rodrigues et al. 2023; Jing et al. 2010; Zhang et al. 2010; Bai
et al. 2012). Gu et al. 1999 combined the work of Reindl et al. 1990 and Spitters
et al. 1986 to partition the diffusive and direct parts of the incoming shortwave

+ https://fluxnet.org/data/fluxnet2015-dataset/subset-data-product/, Accessed on 08-04-2024
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radiation. This can be done using the measured incoming shortwave radiation at
the surface I, the solar zenith angle (SZA) and the current day of the year (#;). First
the extraterrestrial irradiance at horizontal plane parallel to earth I, is calculated
following Spitters et al. 1986:

Iyt = SC[1 + 0.033 cos(360 - 365 ) ] sin(p) (3.3)

with the solar constant SC = 1370 Wm™2 and the solar elevation angle f =
90 — SZA. Using the clearness index k;, with k; = I , the fraction of the total
diffusive radiation (visible and near-infrared) at the horlzontal plane on Earth’s
surface Ij;r and I can be determined following Reindl et al. 1990:

; 1.020 — 0.254k; +0.0123sin() for 0 < k; < 0.3 and L < 1.0
di .
i 1.400 — 1.749k; + 0.177 sin(f)  for 0.3 < k; < 0.78 and 0.1 < IdTlf <0.97
0.486k; — 0.182 sin(f) for k; > 0.78 and 0.1 < IdTif
(3.9)
Lastly, following Spitters et al. 1986 the fraction of diffusive incoming PAR is
given as:

[1+0.3(1 — ML)k
s = : (3.10)
1+ (1- T’f) cos(90 — f3) cos(f)

AERONET

The Aerosol Robotic Network (AERONET) dataset is a global network of ground-
based solar photometers and radiometers designed to measure the optical properties
of aerosols (https://AERONET.gsfc.nasa.gov/, Holben et al. 1998). Managed by the
National Aeronautics and Space Administration (NASA) and international partners,
AERONET provides long-term, continuous, and easily accessible data to support
aerosol research and validate satellite observations. Column AOD is calculated
from solar photometer measurements of direct solar radiation. We use the Level 2.0
AQD data product with automatic cloud clearance and quality assurance and pre-
and post-field calibration applied. The Criterion for level 2.0 data, is at least three
wavelength combinations must include 440 nm, 870 nm and either 490 nm, 500 nm
or 675 nm, outliers are removed and the AOD for each channel must be greater than
or equal to 0.02 m, where m is the optical air mass. The assessment of potential
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measurement errors in the AOD datasets is for example provided in Sinyuk et al.
2012 and Dubovik et al. 2000. Sinyuk et al. 2012 indicate an average calibration
uncertainty of 0.01 for the AOD measurements. For evaluating the AERONET AOD
against the modeled AOD, values at a reference wavelength of 500 nm are used,
while for the calculation of fpar4ir SZA is taken.

3.2.3 Results and discussion
Validation results

Figure 3.3 shows the hourly averages of PAR and its diffuse and direct parts against
f (the fraction of incoming shortwave radiation and incoming shortwave radiation
at the surface under clear sky conditions, Eq. 3.7) for the four different measurement
sites: BR-Sal (a), OA-Oas(b), US-Wkg (c) and US-Ne3 (d) (Figure 3.2).The data is
filtered for solar zenith angles (SZA) between 30° and 60°, and the corresponding
SZA is indicated by the color of the data points. The left panels show the data
derived from the measurements (color-coded in blue), while the right panels show
the same data derived from the EMAC/JSBACH simulation (color-coded in red).
Both measured and modeled data show a positive correlation between PAR and f
for all sites. PAR increases almost linearly with f, while the diffuse and direct parts
of PAR show non-linear behavior with increasing f. After SZA filtering, the model
tends to slightly overestimate PAR compared to the measurements, especially for
higher values of f and clearer sky conditions. This overestimation is reflected in
PARgyj;. In contrast, PARy;s is slightly underestimated by the model compared to
the observations for all four PFTs. The maximum amount of radiation reaching
the surface is of the same order of magnitude for all four sites in the modeled data,
while the observed PAR is slightly higher at the BR-Sal site than at the other sites.
The variability of the data increases with increasing f for both methods, although
the scatter of the observed data is somewhat more pronounced. For all locations and
data types, the higher solar zenith angles correspond to lower PAR values, which is
clearly shown by the color variations. Overall, there is good agreement between
measured and modeled PAR values for all sites and corresponding plant function
types. Both the measurements and the models show a clear positive relationship
between PAR and f. Especially the distribution of PARg;s with f is similar in the
modeled results as in the observations, indicating a generally good performance of
the model in predicting PARg;jr across different PFT’s and for different solar zenith
angles.
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Figure 3.3: Hourly averages of PAR and its diffuse and direct components plotted against fraction f
for BR-Sal (a), OA-Oas (b), US-Wkg (c), and US-Ne3 (d). Left panels show measured data (blue), while
right panels show simulation results (red). Data are filtered for 30°-60° solar zenith angles and are from
2007-2010. Simulation results are based on S4REF.
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Feedbacks

In the following section, each of the GPP feedbacks resulting from a factor of
two increase of BBA emissions - namely Fgpa, Foug, Fwv, Fvoc, FcLoupgrap and
Fqum - are analyzed individually. All standard deviations are computed as the area-
weighted, year-to-year standard deviation of the differences between the simulation
including BBA and the reference simulation with standard BBA, integrated over
all grid cells. Figure 3.4 shows global maps illustrating the spatial distribution of
GPP changes in gCm 2 yr~! due to these feedback mechanisms. The feedback of
BBA on GPP (Fppa), scaled by a factor of 10 to match the color bar used for the
other feedbacks, is shown in panel (a). Panel (b) shows the feedback of water vapor
changes due to leaf area index changes caused by BBA on GPP (Fyy). Panel (c)
shows the feedback of greenhouse gas concentration changes due to BBA on GPP
(Foua)- The feedback of volatile organic compound changes due to leaf area index
changes caused by BBA on GPP is shown in panel (d) (Fyoc). Panel (e) shows the
feedback of cloud cover and radiation changes due to BBA on GPP (FcLoup&RraD)-
Finally, the total feedback sum (Fsyy,) is shown in panel (f). The data are based on
monthly averages from 1992 to 2020. Figures 3.4 and the following figures use color
coding to indicate positive (red) and negative (blue) changes.

Feedback of biomass burning aerosol on GPP via changes in PARy;, and
PARGif

The spatial distribution of changes in AOD (a), PARy;; (b), and PARg;¢ (c) due to a
factor of two increase of BBA emissions is shown in Figure 3.5, based on monthly
averages from 1992 to 2020. The data is derived from simulation setup S1, in which
the vegetation is only affected by the change in ratio of direct to diffuse PAR due
to BBA emission doubling. All other parameters are fixed. The model suggests a
significant yearly-averaged AOD increase over biomass burning regions in Central
Africa, parts of South America and East Asia, with a weaker signal over North
America, Africa, Siberia and Australia. Regions with the least change are Europe
and the Middle East. The overall global AOD is increased by 15.36% + 1.57%. The
detailed distribution of the modified aerosol types based on the S1 setup are listed
in Appendix 3.8, with the largest changes found for black carbon (64%) and organic
carbon (71%). As aerosols scatter and absorb sunlight, the amount of direct PAR
reaching the surface is reduced by 1.04 Wm™2 + 0.12 W m™2, corresponding to a
decrease in direct PAR in all regions in which AOD increases of 1.37% + 0.17%.
Diffuse PAR is increased by 1.04 W m™2+0.12 W m™? in those regions, corresponding
to a global average change of PARif of 3.52% + 0.45%.
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Figure 3.4: GPP change in (JCm~?yr~!) due to twofold BBA emissions. The feedback of BBA on GPP
(Fspa), scaled by a factor of 10 to adapt it to the same color-bar as the other feedbacks, is shown in (a),
the feedback of water vapor changes due to leaf area index variation caused by BBA on GPP (Fyv) is
shown in (b), the feedback of greenhouse gas concentration change due to BBA on GPP (Fgpg) is shown
in (c), the feedback of volatile organic compound changes due to leaf area index variation caused by
BBA on GPP (Fyoc) is shown in (d) and feedback of cloud cover and radiation changes due to BBA on
GPP (FcLoup & raD) is shown in (e). The total feedback sum (Fyyyy) is displayed in (f). The data is based
on monthly averages from 1992 to 2020.
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Figure 3.5: Annual average change in AOD (a), PARy;; (b) and PARgir (b) due to twofold
BBA emissions for Fgga. The data is based on monthly averages from 1992 to 2020.

Figure 3.4a shows the isolated feedback of BBA on GPP (Fgpa). Fppa is rela-
tively small compared to the remaining feedbacks; for better comparison it is
scaled by a factor of 10 to adapt it to the same color bar as the other feedbacks.
Increasing the BBA emissions by a factor of two leads to an overall reduction
in GPP by —0.87 + 0.05gCm 2 yr~!. The most pronounced reduction is found
over Central Africa, consistent with the largest increase in AOD (Figure 3.4a).
Weaker but still significant changes are visible over South America, Siberia, South-
east Asia, and Australia. The results indicate a negative correlation between
changes in BBA and GPP. BBA emissions consistently reduce GPP across var-
ious locations and plant functional types, with the most significant impact oc-
curring near the emission source, where AOD is increased. Separating the feed-
backs by regions (Table 3.2) and by PFT (Table B7), Fgga consistently shows a
negative effect of the changing ratio of diffuse and direct PAR on GPP, with the
largest values found for Africa (-=1.96 + 0.08 gCm™2yr™!), northwest Amazon
(-=1.44 + 0.06 gCm™2yr™!), and central Amazon (-1.28 + 0.05g Cm 2 yr~!). The
strongest effect on PFTs is found for C3&C4 crops (—0.58 + 0.08 g C m ™2 yr™!), rain-
green shrubs (—=0.16 + 0.01 gCm™2yr™!), and tropical broadleaf evergreen forest
(=0.11 + 0.05g Cm™2 yr™!). Direct sunlight reaching the surface is decreased by
increasing AOD. While the total amount of PAR remains the same for both emission
scenarios, PARy;; decreases by 1.32% globally. Conversely, the amount of diffuse
light reaching the surface increases, resulting in a global increase in PARg;s of
3.61%. Despite the greater increase in diffuse radiation compared to the decrease
in direct radiation, the reduction in direct sunlight cannot be fully compensated
by the increased diffuse light. This suggests that the diffuse fertilization effect — a
phenomenon where enhanced diffuse light can boost photosynthesis — does not
sufficiently counterbalance the reduced direct radiation caused by higher aerosol
emissions in this scenario. The effect of diffuse radiation fertilization refers to the
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concept of scattering aerosols increasing the amount of diffuse sunlight reaching
the lower levels of the canopy and thus more leaves potentially improving photo-
synthesis, especially in densely vegetated environments (Unger et al. 2017; Strada
et al. 2016; Rap et al. 2015). In JSBACH, photosynthesis is calculated based on
the radiation penetration depth, which depends on the solar zenith angle, with-
out differentiating between sunlit and shaded leaves. Consequently, due to the
parameterization, it is to be expected that in tropical regions, most of the radiation
reaching and being absorbed by the canopy is direct radiation due to the high zenith
angle. A reduction in direct light would therefore reduce the amount of radiation
reaching the canopy, leading to less absorption by the canopy and consequently
lower GPP. Conversely, in mid to high latitudes, the zenith angle is more variable,
so less direct and more diffuse radiation reaches the canopy layers. An increase
in diffuse radiation would be expected to increase absorption in the lower layers
and thus increase GPP. Under a twofold BBA emission scenario, the model predicts
an increase of absorbed PAR (aPAR) in the lowest canopy layer, and a decrease
of aPAR in the top canopy layers (Figure 3.6a). Corresponding to the changes in
aPAR, GPP decreases in the top canopy layers, while it shows a weak increase
in the lowest canopy layer (Figure 3.6b). The reduction in GPP in the top layers
compensates for the increase in the lowest layer. This could be explained by the
presence of the nitrogen-rich enzyme Rubisco, essential for carbon assimilation.
The enzyme is predominantly concentrated in the well-lit leaves at the upper part
of the canopy. In JSBACH, this variation in photosynthetic capacity across the
canopy is addressed using a nitrogen scaling approach (see Section 5.3 of Reick
et al. 2021; Farquhar et al. 1980). Consequently, in JSBACH photosynthesis is more
effective in the upper layers than in the lower layers, and thus a reduction of light
at the top of the canopy has a stronger effect on GPP than the increase in diffuse
light absorption in the bottom canopy layer.
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Figure 3.6: Zonally averaged monthly relative difference of absorbed PAR (aPAR) (a) and
GPP (b) of the three canopy level averaged over the years 1992 to 2020.
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Feedback of water vapor changes due to LAl variation caused by BBA on
GPP

Figure 3.4c shows the feedback of atmospheric water vapor changes due to LAI
variation caused by BBA on GPP (Fywy). Whereas Fppa leads to a negative ef-
fect on GPP everywhere, Fyv shows several regions of increasing GPP. The most
dominant increase is found in the Amazon region. Isolated areas of strong in-
crease in GPP are found in northeastern Brazil, close to the mouth of the Amazon
River, and in central Sudan. The latter coincides with an area dominated by crops
whose growth can be triggered by changes in precipitation. A comparison of
the feedback in the different regions (Table 3.2) shows that some regions, such as
the central Amazon (27.89g C m 2yr ! + 78.93g C m ?yr~!) and the northwest
Amazon (5.53g C m ?yr™! + 44.17 g C m~2yr™1), have potential for positive water
vapor feedback, but with considerable uncertainty. In contrast, regions like Africa
(—6.68 g C m™?yr ! + 27.54 g C m %yr~!) show negative water vapor feedback, sug-
gesting that these areas might experience more droughts or reduced humidity
under higher BBA emissions and warming conditions. When analysing Fyy for
each plant type, the multi-year mean Fyy is positive for all plant types except
tropical broadleaf deciduous; however, it is not possible to unambiguously link
the effects of Fyy feedback to different plant types, as the uncertainties remain
too large (Table B7). Although the inter-annual average of Fyy is 2.49 g C m™2yr™!,
the high inter-annual variability of +5.36 g C m ?yr~! indicates that the result is
not statistically significant. Consequently, no definitive conclusions regarding the
actual feedback can be drawn. The effect of changes in LAI on climate — through
its impact on evapotranspiration and atmospheric water vapor content, which
subsequently affects cloud formation and GHG changes — has a stronger effect on
GPP than the effect of twofold BBA emissions.

Feedback of greenhouse gas (GHG) concentration change due to BBA on
GPP

The changes in GPP due to Fgyg are more pronounced than those observed
for Fgpa and Fwvy (Figure 3.4d). GPP increases in South America and the Congo
Basin, with a hotspot in India and northeastern Australia. GPP is reduced in
northeastern India and over Europe. Upon multi-annual average doubling, BBA
increases GPP by 0.56 g C m ?yr~! with comparably large annual variability of
+11.1g Cm~2yr~!. This feedback, like Fyy, is not significant due to the large
variability caused by changing greenhouse gas concentrations, which affect the
overall radiative balance. Biomass burning releases VOCs and NOx, precursors
for tropospheric ozone formation — a potent greenhouse gas. Furthermore, BBAs
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contain absorbing aerosols, such as black carbon. Increased sunlight absorption
contributes to a reduction of hydroxyl radical (OH) formation by inhibiting the
reaction of water vapor with ultraviolet light. This leads to a decrease in the
OH burden, subsequently extending the lifetime of methane — another potent
greenhouse gas. Increased GHG concentrations intensify the greenhouse effect,
resulting in a greater radiative imbalance at the Top of the Atmosphere, with a
global average increase in RADtoa of 18.27%, equivalent to 0.58 W m™2. The shift in
the radiation balance introduces significant variability in the global climate, making
it difficult to clearly attribute changes in GPP solely to the doubling of BBA. The
resulting climate dynamics mask the direct effects of BBA on GPP, complicating any
clear differentiation between BBA effects and changes in global climate dynamics.
When comparing Fgyg across different plant types, the multi-annual mean Fgpg is
highest for C3 and C4 crops (0.82g C m™2yr™ + 7.55g C m~2yr™!). This trend is
also evident in regional comparisons, where a notable increase in GPP is observed
in India. However, again the uncertainty remains too large to draw definitive
conclusions about the effect of Fgyg on GPP (Table B7).

Feedback of volatile organic compound (VOC) changes due to LAl variation
caused by BBA on GPP

The feedback of Volatile Organic Compounds (VOC) changes due to LAI variation
caused by twofold BBA emissions on GPP (Fyoc) is illustrated in Figure 3.4e. In
the Southern Hemisphere, Fyoc shows positive values at the northwest Amazon
(7.13g C m~2yr1+17.97 g C m %yr~?!), central and southern Africa (8.47 g C m %yr~!
+10.63g C m_zyr_l), parts of India, and southwest Australia, while it remains neg-
ative in central Amazon (-31.27 g C m~%yr~! + 65.6 g C m~%yr™!), northwest India
(-2.89g Cm™2yr~! + 136.44 g C m~2yr!), and northwest Australia. In the North-
ern Hemisphere, it is negative over Siberia (—2.02g C m™?yr™! + 9.34 g C m yr™!)
and positive over northern Europe (2.08g C m 2yr ! + 22.27g C m ?yr!). On a
multi-annual average, Fyoc is negative across all PFTs (see Table B7) and on a
global mean, —3.4g C m™2yr~! (see Table 3.2) with a large inter-annual variabil-
ity of +8.45g C m ?yr~!. Similar to the greenhouse gas feedback, altered VOC
emissions lead to a shift in OH-burden and consequently to a change in methane
lifetime and ozone formation in the troposphere (Weber et al. 2022). Altered GHG
concentrations affect the radiation budget and thus the climate and dynamical
patterns, which again outweigh the change in GPP due to the twofold increase of
BBA emissions.
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Feedback of cloud cover and radiation changes due to BBA on GPP

Figure 3.4f shows the feedback of cloud cover and radiation changes due to twofold

BBA emissions on GPP. In this feedback, the direct and indirect aerosol effects are
accounted for. The direct effects include absorption and scattering of sunlight by
aerosols, while the indirect effect includes the effect of aerosol particles on cloud
albedo, droplet concentration, formation processes, precipitation patterns, and
lifetimes (Haywood et al. 2000; Bellouin et al. 2020; Christensen et al. 2020; Twomey
1959b; Lohmann et al. 2005). Haywood et al. 2000 estimate the combined effect
of black carbon and organic carbon from biomass burning on radiative forcing to
cooling of —0.14 to —0.74 W m™?. Increasing BBA emissions by a factor of two is thus
expected to change the radiative balance, in turn influencing climate and weather
patterns and subsequent GPP. The largest decrease in GPP due to Fcroup&rap
is found over the Congo Basin in Central Africa, the northwest Amazon region,
and Australia. The largest increase in GPP is found for the northeast Amazon
region, south of the Congo Basin in Africa, Western Europe, the Middle East,
and Southeast Asia. Isolated areas of strong increase in GPP are found over the
Himalayas, the Ethiopian Highlands, and Tanzania. Tropical evergreen broadleaf
forests and raingreen shrubs show a negative response in GPP due to Fcroup&raDs
while the remaining PFTs show, on average, a positive feedback effect (Table B7).
Overall, the annual average of Fcrouparap is —0.01g C m™2yr~! with an annual
variability of £11.16 g C m~2yr~!. As with Fyv, Foug, and Fyoc, the results are not
significant since the effect of doubled BBA emissions on GPP is masked by changes
in overall climate dynamics.

Total feedback of twofold BBA emissions on GPP

The total feedback (Fsym) is displayed in Figure 3.4g. It shows the total change
in GPP due to all included feedback mechanisms (Fgga, Fwv, Fcug, Fvoc, and
Feroupnsrap) and mostly follows the patterns visible for Feroupgrap (Figure 3.4f).
The total global feedback sum of doubled BBA emissions on GPP is —1.23 g C m ™ 2yr™!
with an annual variability of +10.42g C m™2yr™!. As the overall feedback also
shows large variability, it cannot be considered statistically significant. To identify
possible correlations between environmental variables and the total GPP feed-
back, Figure 3.7a shows the spatial distribution of regions where certain variable
anomalies (e.g., cloud cover, soil moisture, diffuse PAR) have strong correlations
(> 10.5]) with the GPP feedback. Each pixel on the maps represents a geographical
location, with color-coded shading indicating the types of variable anomalies most
strongly correlated with GPP feedback in that pixel. Variables include AOD, PARgj;,
PARjf, land surface temperature (LST), soil moisture, evapotranspiration, LAI, pre-
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cipitation, low cloud cover (Cloud),y), medium cloud cover (Cloudyyg), and high
cloud cover (Cloudpgp). Since changes in LST show the strongest correlation with
changes in GPP across large areas, it was excluded from the analysis in Figure 3.7b
to highlight correlations between changes in other variables and GPP. Six distinct
regions were selected based on levels of biomass burning activity, varying climatic
conditions, and diverse ecosystems, each characterized by a different predominant
PFT: Central Amazon, Northwest Amazon, Central Africa, North Europe, India,
and Siberia. The GPP feedback to twofold BBA emissions within these regions is
listed in Table 3.2. Over Northern Europe and Siberia, the GPP feedback shows the
largest correlation with precipitation anomalies. This is related to the critical role
of water availability in regulating plant productivity in extra-tropical evergreen
and deciduous forests dominant in these areas (Figure 3.2). Precipitation directly
influences soil moisture, essential for photosynthesis and overall plant growth. In
regions with distinct seasonal precipitation variations, GPP is affected by changes
in water availability, especially during the growing phase. Additionally, a reduction
in direct light, as indicated by small areas showing the largest correlation with
PARgi;, may play a major role in regulating GPP. A decrease in direct sunlight,
caused by clouds or aerosols, limits the amount of available PAR and therefore
reduces GPP, which, alongside precipitation changes, is a key determinant of plant
productivity in mid and high latitudes. In tropical and subtropical regions, changes
in LST are most strongly correlated with changes in GPP (Figure 3.7a), suggesting
that plant growth is particularly sensitive to surface temperature in these areas.
Warm and stable climates may result in even small changes in temperature having
substantial effects on photosynthesis. Increases in LST can intensify water stress
by increasing evaporation and vapor pressure deficit, reducing canopy conductivity
and regulating GPP.

These factors could explain why GPP is particularly sensitive to LST variations
in the tropics and subtropics. Excluding LST from the analysis (Figure 3.7b) reveals
that in the Central Amazon, GPP feedback shows a strong correlation with precipi-
tation and direct PAR availability anomalies. This region is dominated by tropical
evergreen broadleaf forests (Figure 3.2) and experiences the highest annual rainfall
globally. In the Northwest Amazon, which consists of tropical broadleaf deciduous
forest and raingreen shrubs, the correlation with changes in evapotranspiration
dominates. This indicates that water balance and transpiration rates play a more
important role in regulating GPP in these ecosystems. A similar pattern is observed
in Central Africa, where changes in GPP are most strongly correlated with precipi-
tation and PARg;, in the northern areas—dominated by tropical evergreen broadleaf
forests and stronger precipitation events—whereas changes in evapotranspiration
have a stronger influence in the southern areas dominated by tropical deciduous
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Figure 3.7: Region overview with the variable anomalies strongest correlating to the
GPP Feedback including land surface temperature (LST) (a) and excluding LST (b). The
values are filtered for correlations ry,,c > |0.5| for the total GPP feedback (Fsuy,). The

correlations between the GPP feedback and the variable anomalies are classified using
principal component analysis.

broadleaf forests. Changes in evapotranspiration are also strongly correlated with
changes in GPP in India, where JSBACH models the dominant vegetation types as C3
and C4 crops (Figure 3.2). At the southern tip of the country, predominantly covered
by raingreen shrubs and receiving the highest multi-annual average precipitation
within the region, the strongest correlation with GPP is observed for precipitation,
similar to the Northwest Amazon. This suggests that precipitation plays a particu-
larly important role in relation to GPP in regions with heavy rainfall. In all other
regions, where LST was primarily correlated with GPP before its exclusion from the
PCA, evapotranspiration now shows the strongest correlation. This shift highlights
the close relationship between LST and evapotranspiration, as changes in surface
temperature directly influence evaporation rates, while evapotranspiration induces
surface cooling, which in turn affects LST.

Table 3.2: Global and regional average feedbacks of a twofold BBA emission. Standard
deviations represent the area-weighted, year-to-year variability of the isolated feedback,
integrated over all grid cells.

AGPP (gCO;m ™%y ") Fypa Fone Fwv Fvoc FeLoup & RAD Fsum

Global
(gCm™2y™Y) 0.87 + 0.05 0.56 + 11.1 2.49 +5.36 3.4+ 845 -0.01 = 11.16 -1.23 + 1042
(TgCy‘l) -129.24 + 6.84 83.41 £ 1653.3 371.05 + 798.1 -506.83 + 1258.37 -1.98 + 1661.55 -183.6 + 1551.66

Regions (Figure 3.7)

Central Amazon -1.28 £ 0.1 -12.84 + 112.67 27.89 +78.93 -31.27 £ 65.5 16.33 + 192.89 -1.17 + 195.44
Northwest Amazon -1.44 + 0.06 -8.63 + 47.69 5.53 +44.17 7.13 £ 17.97 -8.8 + 54.69 -6.21 + 38.42
Central Africa -1.96 + 0.08 -0.92 + 30.23 -6.68 + 27.54 8.47 +10.63 -24.84 + 42.01 -25.93 + 30.71
North Europe -0.24 + 0.03 -3.17 + 31.62 2.96 + 11.63 2.08 + 22.27 0.87 £ 13.23 2.49 + 8.97
India -1.65 £ 0.12 10.77 + 184.77 1.6 + 44.65 -2.89 + 136.44 -12.52 £ 73.95 -4.69 + 50.21
Siberia -0.68 + 0.06 0.99 + 16.56 1.05 + 7.44 -2.02 + 9.34 1.52 +7.84 0.85 + 6.4
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Table 3.3: Global average feedbacks of a twofold BBA emission by Plant Functional Type
(PFT). Standard deviations represent the area-weighted, year-to-year variability of the
isolated feedback integrated over all grid cells.

AGPP (4(CO)m ™%y ") Fapa Fong Fwy Fvoc Feroup & RAD Fsum

PFTs
Tropical Broadleaf Evergreen ~ -0.11 + 0.0 -0.66 + 4.66 12+3.74 -1.29 £ 2.71 -0.24 + 8.53 -1.11 + 8.36
Tropical Broadleaf Deciduous ~ -0.01 + 0.0 -0.14 + 0.83 -0.11 + 0.75 0.18 + 0.4 0.1+1.21 0.02 + 0.81
Extra-Tropical Evergreen -0.03 £ 0.0 -0.03 + 1.17 0.11 £ 0.33 -0.03 + 0.86 0.2 +0.37 0.22 £0.41
Extra-Tropical Broadleaf Decid- -0.05 + 0.0 0.1+ 1.02 0.1+ 0.45 -0.22 + 0.55 0.26 + 0.46 0.2 +0.29
uous
Raingreen Shrubs -0.16 + 0.01 0.4 + 237 0.48 + 2.09 -0.73 £+ 1.59 -1.13 £ 3.55 -1.15+2.71
Deciduous Shrubs -0.0 £ 0.0 0.01 £ 0.09 0.02 + 0.16 -0.03 +0.01 0.08 £0.17 0.09 £0.13
C3 Grass -0.0 £ 0.0 0.02 £0.1 0.0 +£0.0 -0.02 £ 0.1 0.0 £0.0 0.0£0.0
C4 Grass -0.0 £ 0.0 0.01£0.1 0.0 £0.0 -0.0 0.1 0.0 £0.0 0.0+0.0
C3 Pasture -0.0 £ 0.0 0.01 £+ 0.03 0.0 £0.0 -0.01 +0.03 0.0 0.0 0.0 0.0
C4 Pasture -0.0 £ 0.0 0.0 +0.02 0.0 +£0.0 -0.0 +0.02 0.0 +0.0 0.0 +0.0
C3 & C4 Crops -0.58 + 0.08 0.82 £ 7.55 0.75 + 1.45 -1.16 + 6.17 0.67 £ 1.54 0.5+0091

3.2.4 Conclusion

This study demonstrates that the EMAC/JSBACH model effectively simulates the
ratio of direct and diffuse photosynthetic active radiation in relation to the fraction
of incoming shortwave radiation in good agreement with with FLUXNET observa-
tions. Based on this, we find that the increase in global aerosol optical depth due to
the doubling of BBA emissions leads to an year-round increase in absorbed PAR in
mid an high latitudes but to an reduction in GPP when considering only the altered
ratio of direct to diffuse PAR. This reduction is most pronounced in single-canopy
vegetation types, such as crops and shrubs, which are more sensitive to a reduction
in direct light. This result is mainly related to the parametrization of JSBACH,
which calculates the absorption of plants as a function of the penetration depth of
the light determined by the solar zenith angle. Note that the currently implemented
version four of JSBACH differs from other models as it does not differentiate be-
tween shaded and sunlit leaves when calculating photosynthesis. This explains
the variation in the result to Rap et al. 2015 and leads to the assumption that the
diffuse radiation fertilization effect is only caused by the distinction between sunlit
and shaded leaves and not by the penetration depth of the light. We have gradually
integrated additional feedback mechanisms into our analysis, resulting in signifi-
cant shifts in the overall analysis of GPP. These feedbacks introduce region-specific
effects, leading to increases in GPP in some areas and decreases in others. Notably,
the magnitude of these changes are significantly larger - by an order of magnitude
- compared to analyses conducted without accounting for feedbacks. However, the
overall impact of BBA on the biosphere including these complex interactions - espe-
cially aerosol-cloud interactions - introduces, as expected, significant uncertainties.
A PCA analysis of the correlation of changes in different variables such as AOD,
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PAR, cloud cover, precipitation or temperature with changes in GPP shows that the
GPP feedback shows different sensitivities to these factors depending on the region
and plant function type. For example, in Northern Europe and Siberia, GPP is most
strongly correlated with precipitation, reflecting the importance of water avail-
ability for plant productivity in evergreen and deciduous forests. In tropical and
subtropical regions, GPP is highly sensitive to LST, with small temperature changes
significantly impacting photosynthesis and increasing water stress. Excluding LST
from the analysis shows that in regions with higher rainfall, such as the central
Amazon, central Africa and the southern tip of India, GPP is more closely linked to
rainfall and PAR. In these areas, water availability and light are likely to be the key
factors driving plant productivity. In all other regions, there is a strong correlation
between GPP and evapotranspiration once LST is excluded. The aim of this study
was to isolate individual feedback mechanisms on plant growth introduced by
increased aerosol load and subsequent diffuse radiation increases using the newly
coupled Earth System Model EMAC/JSBACH. Despite expected large uncertainties,
the findings contributes to a better understanding of the complex interplay between
aerosols, radiation, and plant productivity, highlighting the significance of feedback
mechanisms and the importance of regional and vegetation-specific responses to
increased aerosol loads and subsequent shifts in PAR. To minimize uncertainties,
further comprehensive Earth system model studies, combined with extensive mea-
surements and experiments, are needed. These efforts should focus on refining
the physiological thresholds of plant functional types, such as grasses, trees and
shrubs, by determining the critical environmental limits (e.g. light, temperature
and water availability) at which they operate. Incorporating experimental data and
observational evidence will improve the model’s ability to simulate plant responses
under varying environmental conditions, resulting in more accurate and reliable
predictions. Additionally, new strategies for isolating effects independent from
changes in the dynamics should be developed to better assess the processes against
the system internal (larger) variability.
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3.2.5 Appendix
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Figure 3.8: Annual average change in AOD of different Aerosol compounds due to doubled BBA
emissions, derived from S5. Shown are black carbon (a), organic carbon (b), mineral dust (c), water
soluble inorganic ions (d), aerosol water (e) and sea salt (f). Black carbon and sea salt are scaled by a
factor of 10 to adapt it to the same colorbar as the other compounds. The data is based on monthly
averages from 1992 to 2020.
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Code availability.

The Modular Earth Submodel System (MESSy, https://doi.org/10.5281/zenodo.8360186)
is continuously further developed and applied by a consortium of institutions. The
usage of MESSy and access to the source code is licensed to all affiliates of insti-
tutions which are members of the MESSy Consortium. Institutions can become
a member of the MESSy Consortium by signing the MESSy Memorandum of Un-
derstanding. More information can be found on the MESSy Consortium Website
(http://www.messy-interface.org). The code presented/used here is available from
https://doi.org/10.5281/zenodo.10084186 and will be part of the next official release.
It has been based on MESSy version d2.55.2 and JSBACH version 4 available via
the jsbach Repository on GitLab (#7de0f9bf3b50910655f474bc23d647c6ba2a7béf).

Data availability.

Regarding data availability, access to the FLUXNET datasets are available from
the website https://doi.org/10.1038/s41597-020-0534-3 (Baldocchi et al. 2001). The
Aerosol Robotic Network (AERONET) dataset is available at
https://AERONET.gsfc.nasa.gov/ (Holben et al. 1998), and the Global Fire Emissions
Database (GFED) v4.1 data is available at https://doi.org/10.3334/ORNLDAAC/1293
(Randerson et al. 2017).
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3.3 Biogenic soil deposition of methane and
hydrogen in the ECHAM5/MESSy atmospheric
chemistry model (EMAC)

This chapter contains a complete manuscript draft. I am the first author of and
the main contributor to this work. I implemented the soil deposition submodel
BIODEP and performed the model simulations with Andrea Pozzer. I analyzed
the model results and compared the simulation results to observations. I prepared
the manuscript and made the figures. More detailed information on the Author
contributions are provided at the end of the manuscript. After further coauthor
exchange and optimization, it will be submitted to a peer-reviewed journal as:

Martin, A., Klingmiiller, K., Steil, B., Surawski, N., Gromov, S., Lelieveld, J.,
and Pozzer, A.: Methane and hydrogen soil deposition in the ECHAMS5/MESSy
atmospheric chemistry model (EMAC) v2.55 using the newly implemented
submodel BIODEP, Manuscript in preparation, 2025.
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Methane and hydrogen soil deposition in the
ECHAM5/MESSy atmospheric chemistry model
(EMAC) v2.55 using the newly implemented sub-
model BIODEP

Abstract Methane (CHy) and hydrogen (H:) play critical roles in atmospheric
chemistry and climate processes. CHy is a powerful greenhouse gas, whereas
Hj, although not a greenhouse gas itself, indirectly affects radiative forcing by
modifying the atmosphere’s oxidative capacity and the concentrations of CHy,
ozone (O3) and stratospheric water vapor. The primary sink for methane is oxidation
by hydroxyl radicals, while hydrogen is predominantly removed through microbial
uptake in soils. Additionally, approximately 6% of CH, is taken up by soils, a
factor that contributes significantly to its overall atmospheric budget. Soil uptake
depends on various soil characteristics, including type, temperature, moisture, and
for CHy, nitrogen deposition. Accurately representing these influences requires
a detailed understanding of both atmospheric conditions and land surface and
hydrological properties. However, many Earth system models currently use fixed
soil deposition rates for H, and CHy4, without accounting for variations in soil
hydrology. We present BIODEP, a new biogenic deposition submodel that has
been integrated into the ECHAM/MESSy Atmospheric Chemistry model (EMAC).
BIODEP dynamically simulates the uptake of CH, and H; by soil, based on local
meteorological and soil conditions. With BIODEP, the soil sinks of CH4 and H; are
updated online based on the meteorological conditions, atmospheric composition
and land surface properties provided by the EMAC model. The EMAC model
is coupled to the JSBACH land surface and vegetation model. This allows for a
consistent and interactive treatment of soil sinks within the atmospheric chemistry
model. Modeled global mean soil uptakes of 61.22 + 11.63 Tg yr! for H, and
30.88 + 6.97 Tg yr~! for CH, are consistent with previous studies, and the resulting
atmospheric mixing ratios show good agreement with observations from the NOAA
GML Carbon Cycle Cooperative Global Air Sampling Network, evaluated over the
period 2009-2019. This development makes EMAC a state-of-the-art model to
interactively simulate atmospheric chemistry, including both the soil sinks of CHy4
and H,. This enables more consistent simulation of trace gas budgets and an
improved assessment of the feedbacks between land surface processes, atmospheric
composition and future climate and emission scenarios.
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3.3.1 Introduction

Methane (CHy) is a highly potent greenhouse gas with a large climate warming
potential through radiative forcing and an average atmospheric lifetime of approx-
imately 9-12 years (IPCC 2023). Approximately 6% of the atmospheric CHy is
removed via soil uptake by Methanotrophic bacteria particularly in well-aerated
upland soils (Saunois et al. 2025). This sink is sensitive to environmental conditions,
especially soil temperature, moisture, and nitrogen availability (Murguia-Flores et al.
2018; Singh et al. 1997; Pol-van Dasselaar et al. 1998; Wang et al. 2005). Numerous
studies have quantified CH4 uptake across various ecosystems and climatic regions
(Dutaur et al. 2007; Shushi et al. 2020; Saunois et al. 2016; Ito et al. 2012; Kleinen
et al. 2020; Murguia-Flores et al. 2018). Table 3.3.1 summarizes CH, soil uptake rates
reported in selected studies as described in the recent methane budget review by
Saunois et al. 2019. Estimated uptake values range from 18 Tg CH, yr!, as reported
by Kleinen et al. 2020, to 39.5 Tg CH, yr™! according to Murguia-Flores et al. 2018.
As these fluxes are strongly affected by climate change, understanding the behavior
of the soil CHy sink under future conditions is crucial for reliable projections of
atmospheric methane levels. Hydrogen (H;) has the potential to be used as clean en-
ergy carrier, especially for hard-to-electrify sectors (Schultz et al. 2003; Tromp et al.
2003; Hauglustaine et al. 2022). However, the transition to a hydrogen-based energy
system introduces new uncertainties related to atmospheric chemistry. Although
H, itself is not a greenhouse gas, it indirectly influences climate by reacting with
hydroxyl radicals (OH), thereby reducing the oxidative capacity of the atmosphere
and prolonging the lifetime of CH4 and other pollutants (Ehhalt et al. 2009; Sand
et al. 2023). Under current conditions, the global hydrogen budget is approximately
balanced, with the dominant removal process being soil uptake—accounting for
70—-80 % of total H, loss (Constant et al. 2009; Ehhalt et al. 2009; Paulot et al. 2024).
This soil sink is driven by similar environmental variables as the CH, sink, making
it particularly sensitive to climate variability. Increases in H, emissions, particularly
through leakage in future hydrogen usage scenarios, could disturb this balance,
potentially enhancing climate forcing via secondary effects on methane, ozone, and
stratospheric water vapor (Trapani et al. 2025; Sand et al. 2023). Recent studies have
quantified the indirect warming potential of H, using the Global Warming Potential
over 100 years (GWP1q) metric. Sand et al. 2023 estimate a model-mean GWPj,
for H; of 11.6 + 2.8, with the largest contribution arising from enhanced CH, due
to OH removal. However, they also highlight that the dominant uncertainty in this
estimate stems from the poorly constrained soil sink of H,, motivating the need for
improved process-based modeling. Given the strong atmospheric coupling between
CH,4 and Hy, particularly through shared sink processes such as soil uptake and OH
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reactivity, accurately representing these interactions is critical for climate impact
assessments. To address this, we present and evaluate a new BIOgenic DEPosition
submodel BIODEP, which dynamically calculates the soil sink fluxes of both CHy
and H, based on local soil and meteorological conditions. BIODEP is implemented
within the EMAC (ECHAM/MESSy Atmospheric Chemistry) model. While BIODEP
adopts the same soil sink parametrization for microbial uptake in aerobic soils
as presented by Surawski et al. 2025, it replaces the externally prescribed ERA5
reanalysis data-sets soil moisture input with interactive data from the coupled
EMAC/JSBACH model. This dynamic coupling enables the online calculation of
H; soil deposition fluxes within EMAC, allowing atmospheric H, dynamics to be
consistently updated in response to evolving land-surface conditions. For CHy,
the sink parametrization is based on the approach of Murguia-Flores et al. 2018,
incorporating dependencies on the online interactively calculated soil temperature,
moisture, and nitrogen deposition. The CHy soil uptake fluxes are interactively
calculated and coupled to EMAC’s tracer budget, allowing for real-time updates
of atmospheric CHy tendencies. This study presents the evaluation of BIODEP
under present-day conditions. We assess the simulated soil uptake fluxes against
available observational constraints and benchmark the model performance for
both CH4 and H; data. By providing a dynamic and coupled treatment of these
important trace gas sinks, BIODEP enhances EMAC’s capacity to simulate future
scenarios involving hydrogen deployment and climate-driven changes in the soil
environment.

Table 3.3.1 Global soil CH4 uptake estimates from measurement and model studies

Reference Time- Description Global soil CH,4
frame uptake (Tg CH, yr!)
Measurement studies
Dutaur et al. 2007 - - 36 + 23
Combined Measurement and Model dataset
Shushi et al. 2020 2010-2018  Soil CHy fluxes observed at 682 sites 28.65 + 6.1

combined with a machine-learning
algorithm for a data-driven estimate
of monthly global soil CH4 uptake

Model studies

Saunois et al. 2016 - Ridgwell et al. 1999 parametrization 28 range: 9-4
improved by Curry 2007

Ito et al. 2012 - Ensemble 25-35

Kleinen et al. 2020 2000-2020  JSBACH model 18

Ito et al. 2012 2000-2020  VISIT model 35
MeMo model 37.5

Murguia-Flores et al. 2018 1990-2009  Ridgwell et al. 1999 parametrization 39.5
Curry 2007 parametrization 31.3

This work 2009-2019 EMAC coupled to JSBACH and 30.88 + 6.97
BIODEP
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3.3.2 Evaluation datasets

We evaluate the performance of the BIODEP submodel by comparing simulated at-
mospheric mixing ratios of hydrogen (H;) and methane (CH,4) against observational
datasets for the period 2009-2019. For hydrogen, simulated H, concentrations (in
ppb) from BIODEP are compared to observations from the NOAA GML Carbon
Cycle Cooperative Global Air Sampling Network, which provides data from 52
global stations (Pétron et al. 2024). For methane, simulated CH4 mixing ratios (in
ppb) are evaluated against observations from the NOAA GML network (Lan et al.
2025), covering a global set of monitoring sites with available data between 2009
and 2019. Quality control procedures and the impact of the COVID-19 pandemic
result in data gaps or missing data at some stations. These comparisons allow us
to assess the model’s ability to reproduce atmospheric concentration levels and
spatial patterns of both trace gases.

3.3.3 Model description and setup
EMAC

The ECHAM/MESSy Atmospheric Chemistry (EMAC) model is a numerical chem-
istry and climate simulation system that includes sub-models describing tropo-
spheric and middle atmosphere processes and their interaction with oceans, land
and human influences (Jockel et al. 2010a). It uses the second version of the Modular
Earth Submodel System (MESSy?2) to link multi-institutional computer codes. The
core atmospheric model is the fifth-generation European Center Hamburg general
circulation model (ECHAMS, (Roeckner et al. 2006)). The physics subroutines of
the original ECHAM code have been modularized and re-implemented as MESSy
submodels and have continuously been further developed. Only the spectral trans-
form core, the flux-form semi-Lagrangian large-scale advection scheme, and the
nudging routines for Newtonian relaxation remain from ECHAM. Further details
on EMAC are documented by (Jockel et al. 2016) and can be found on the MESSy
website*. In this study, we utilized EMAC (MESSy version 2.55.0) at a resolution
of T63L31ECMWEF. This configuration corresponds to a spherical truncation of
T63, which translates to a quadratic Gaussian grid with approximately 1.8 by 1.8
degrees spacing in latitude and longitude, and includes 31 vertical hybrid pressure
levels extending up to 10 hPa. Each simulation conducted in this study includes
10 years of simulation data from January 2009 to December 2019. Simulations
are nudged towards ERA-Interim meteorological reanalysis data (Berrisford et al.

% https://www.messy-interace.org
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2011) from the European Center for Medium-Range Weather Forecasts (ECMWF)
(Jeuken et al. 1996; Jockel et al. 2006). This study uses the model configuration
described in (Kohl et al. 2023). EMAC has recently been coupled to version four
of the Jena Scheme for Biosphere-Atmosphere Coupling in Hamburg (JSBACH)
(Martin et al. 2024). JSBACH is a comprehensive land surface and vegetation model
developed to simulate a wide range of biogeochemical processes within terrestrial
ecosystems (Reick et al. 2021; Schneck et al. 2022). Among other improvements, JS-
BACH replaces the bucket soil hydrology scheme included in the former SURFACE
submodel of EMAC with a comprehensive five-layer soil hydrology model, leading
to improved representation of surface energy fluxes and reduction of biases related
to surface temperature and vegetation stress. This updated framework allows the
investigation of biogeochemical processes at finer temporal resolutions, facilitating
a more detailed understanding of land-atmosphere interactions and their impact
on atmospheric chemistry. JSBACH uses a vertical structure of five snow layers,
three canopy layers and five soil layers to a depth of 9.8 meters. The model includes
11 plant functional types (PFTs), including tropical and extratropical broadleaf
evergreen and deciduous trees, broadleaf and deciduous shrubs, C5 and Cy4 grasses,
and C; and Cy4 pastures and crops. The JSBACH model initialization is based on
carbon pools, soil properties and land characteristics of the year 2005, with system
equilibration expected within approximately five years (Martin et al. 2024). While
atmospheric variables typically stabilize within a few days, soil moisture adjusts
more slowly, with an equilibration time of up to one year (Hagemann et al. 2015;
Schneck et al. 2022). The simulation setups employ the same emission inventories as
Surawski et al. 2025. CH4 emissions correspond to the year 2020 and include twelve
categories (e.g., wetlands, agriculture, fossil fuel sectors), using the emission fields
of the Global Atmospheric Methane Synthesis (GAMeS) inventory (Houweling
et al. 1999) and the GFEDv4s emission datasets for biomass burning (Randerson
et al. 2017). In the original configuration, emissions of CH4 were scaled to match
an atmospheric OH concentration in order to reproduce observed methane levels
Zimmermann et al. 2020. Since the model setup has been updated to include an
improved land surface and vegetation model, as well as interactive biogenic emis-
sions and several changes to the chemistry setup, the formation of tropospheric
ozone and, subsequent global oxidation capacity of the atmosphere driven by OH
has changed. As OH is the dominant sink for methane, changes in its concentration
directly affect the lifetime of methane. Consequently, the CH4 emissions were
scaled by a factor of 0.90 for emission sources and 1.06 for emissions responsible
for long-term trends to align with the updated OH distribution and maintain consis-
tency with observed methane levels. H, emissions are based on the RETRO dataset
(year 2000) and include anthropogenic, biomass burning, soil, and oceanic sources
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(Schultz et al. 2008). All emissions are annually repeated, excluding inter annual
variability, and optimized for steady-state simulations representative of present-day
conditions.

Methane deposition parametrization

The newly implemented Soil Methanotrophy Model (MeMo v1.0) (Murguia-Flores
et al. 2018) in EMAC simulates soil-atmosphere CHsexchange by solving a steady-
state, one-dimensional diffusion-reaction equation that accounts for microbial
CHyoxidation throughout the soil profile. CHyuptake is controlled by the balance
between gas-phase diffusion and microbial oxidation, governed by spatially variable
parameters for the CHy diffusion coefficient (Dcp,) and first-order oxidation rate
constant (kg). Following (Murguia-Flores et al. 2018), the soil uptake flux of CH,4

(Jcn,) is given as:

kq ka
Jcu, = —Dcu, | —A +B 3.11
H, H, Der Der, (3.11)
with
Ccn, X exp( DIZ‘; L) — CHypmin
= - : (3.12)
exp(— /= L) - ex ka1
p Dcn, p Deny
and
_CH4min + CCH4 X exp(— Dléil L)
B= : (3.13)

k, k
[exp(-ymizt) - ewe( i)

Ccn, is the atmospheric CH, concentration (in ppb), CHy min (in mg m™>) repre-
sents the threshold for the minimum CH,concentration within the soil. This value
is set to the biological limit of 100 ppb, and L (in cm) denotes the depth of 99.9%
penetration of atmospheric CHyinto the soil.

Soil air diffusivity Dcy,

The soil air diffusivity Dcp, is calculated as Dcy, = Dy CHy X Gt X Ggoil, Where
Dy CH, = 0.196 cm? s~ ! is the diffusion coefficient of methane in free air at standard
temperature and pressure, Gr is the temperature response factor and Gy is the
dimensionless soil structure factor. The temperature response is derived from the
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temperature T (in °C) based on (Moldrup et al. 1996; Moldrup et al. 2013) with
Gr = 1.0 + 0.0055 X T. The soil structure factor Gy is computed as:

1.5+3
%) , (3.14)

with b = 15.9 X fiay +2.91, a scalar dependent on the clay content (fuay in %), ¢ the
total pore volume (in cm?® cm™), based on the bulk density p (in g cm™) and the
particle density of soil d = 2.65 gcm™:

Gsoil = ¢4/3(

$=1- (g) (3.15)

3

and the air-filled porosity ¢,;; (in cm® cm™) which is depended on the volumetric

soil water content O (in %) :
Pair = § — O, (3.16)

Oxidation rate constant kg

The CH, oxidation rate constant k; in MeMo is calculated as:
kd:koerMXrTer, (3.17)

with the base oxidation rate constant for uncultivated moist soil at 0 °C k, and
the scaling factors accounting for the effects of soil moisture (rsy;), temperature
(rr), and nitrogen content (ry) (Murguia-Flores et al. 2018) To improve accuracy,
MeMo uses biome-specific ky values derived from time-series data on soil CH,
uptake, temperature, and moisture from three ecosystems: temperate forest, tropical
rainforest, steppe and other (Luo et al. 2013). Those ecosystems are based on the
cover fraction of individual plant functional types in JSBACH. The table 3.3.3 shows
the ecosystems, the corresponding k, values and their associated Plant Functional
Types (PFTs) based on JSBACH PFT classifications. Murguia-Flores et al. 2018 note
that uncertainties regarding the k, value persist, particularly in tropical regions,
due to limited observational data. To prevent overestimation of CH, fluxes, lower
ko values are typically used in these areas.

Table 3.3.3 Ecosystem classification and corresponding base oxidation rate
constant k, in s~! based on Luo et al. 2013 and JSBACH PFT

Ecosystem ko in s JSBACH PFT

Temperate forest 4.0x 107> Extra Tropical forests
Tropical forest 1.6 X 107> Tropical forests

Steppe 3.6 X 107° Grass

Other ecosystems 5.0X 107 Shrubs, pasture and crops
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Soil moisture contribution rgy,

In MeMo, the CH,4 oxidation rate constant kj is scaled by soil moisture, temperature
and soil nitrogen deposition. The influence of soil moisture is represented by the

soil moisture factor rgys, which quantifies the effect of moisture on methane uptake.

Low moisture levels reduce microbial activity as water is required for microbial
metabolism and gas diffusion. Conversely, too high moisture levels inhibit the
diffusion of methane and oxygen into the soil, limiting microbial oxidation. This
results in an optimum soil moisture content for methane uptake, where the soil
moisture factor rgy; peaks for efficient microbial oxidation of CHy. rsyy is calculated
based on the volumetric soil moisture fraction SM following (Murguia-Flores et al.
2018):

log,,(1 — SM) — log,,(0.2) |**
reum = [1— 0810 )~ logyof )] , forSM <0.2 (3.18)
log,,(100) — log,,(0.2)
and ,
1 1/{SM—-0.2
rsym = Eexp(—g(soTo) ), for SM > 0.2 (3.19)

Soil temperature contribution rr

The second scaling factor of the CH,4 oxidation rate constant k; accounts for soil
temperature and is referred to as rr. This factor accounts for the influence of
temperature on methane oxidation, reflecting the high sensitivity of microbial
activity to temperature variations and is calculated following (Murguia-Flores et al.
2018) as:

rr = exp(0.1515 + 0.05238T — 5.946 X 107'T*) for T > 0°C (3.20)

and

rr for T < 0°C (3.21)

" exp(-T)

The model predicts maximum CH,4 uptake at approximately 25 °C, where rr reaches
its peak. The temperature dependency in MeMo captures the observed exponential
decline in CH,4 uptake at subzero temperatures, aligning well with field observations
that show methanotrophic activity persists even below 0 °C (Murguia-Flores et al.
2018). Compared to earlier models, the rr formulation in MeMo more accurately
reflects real-world patterns of soil methane oxidation. A detailed description of
the derivation of this formulation—based on the work of (Castro et al. 1995) and
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(Del Grosso et al. 2000) and its comparison to other soil methanotrophy models is
provided in (Murguia-Flores et al. 2018).

Soil nitrogen deposition contribution ry

The third contributory factor is the nitrogen scaling factor ry. It accounts for
the inhibitory effect of nitrogen (N) inputs from atmospheric deposition Nge, and
fertilizer application Nt (both in kg N ha™! yr™!) on soil CH,4 uptake. Scaled by
soil bulk density p (in g cm™3) and depth z (in cm), the total soil nitrogen deposition
in soil Nyo; (in kg N m~2 yr™?) is as follows:

Ndep + Nfert

Ngoil = (3.22)

pXz

Methanotrophic bacteria responsible for methane oxidation can be negatively af-
fected by excess nitrogen through a number of mechanisms. These include substrate
competition with ammonia-oxidizing bacteria (Gulledge et al. 1998; Bradford et al.
2001; Phillips et al. 2001), toxicity from intermediates such as hydroxylamine and
nitrite (Bronson et al. 1994; MacDonald et al. 1996; Sitaula et al. 2000), and osmotic
stress induced by high concentrations of ammonium salts (Whalen 2000). Although
some studies have reported positive effects of N inputs on CH,4 uptake, attributed to
stimulated activity of nitrifying bacteria under improved nutrient conditions (Cai
et al. 2000; De Visscher et al. 2003; Rigler et al. 1999), observational datasets support
a net inhibitory effect in most ecosystems (Aronson et al. 2010; Butterbach-Bahl
et al. 2002; Steinkamp et al. 2001). Therefore, MeMo assumes a consistent negative
effect of nitrogen inputs on CHy4 uptake. Nitrogen inhibition ry is then calculated
based on the empirical inhibition coefficient & = 0.0033 (i.e. 0.33 % reduction in
CH,4 uptake per mol N added) derived from field and laboratory studies (Zhuang
et al. 2013):

rN=1- (Nsoil X 0() (3~23)

MeMo optionally includes the upward CHyflux (Fcy, > 0) from wetlands, per-
mafrost, or areas with anaerobic microsites, representing methane production below
the surface, as a lower boundary condition. This allows the model to simulate not
only the uptake of atmospheric methane but also the consumption of internally
produced methane. However, due to the lack of measurement data, this feature was
not evaluated and tested in this study.
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Variation of rsy with soil moisture (SM) Variation of rr with Teo Variation of ry with nitrogen deposition (Ngep)
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Figure 3.9: CH, uptake responses as a function of (a) fractional soil moisture (rsp versus
soil moisture, SM), (b) soil temperature (response factor rr versus soil temperature, Ty,
in °C), and (c) nitrogen deposition and fertilizer application (response factor ry versus
nitrogen deposition, Ngep, in g N m~? yr™!). The factor ry is derived using an initial bulk
density of 14.7 kg m ™3,

Hydrogen deposition parametrization

The implemented soil deposition scheme is described in detail in (Surawski et al.
2025) following (Paulot et al. 2021; Ehhalt et al. 2013; Yonemura et al. 2000). It
estimates the rate at which molecular hydrogen is removed from the atmosphere
by the soil using a two-layer soil model that accounts for physical diffusion and
microbial activity. Physical diffusion is considered in the top soil layer and depends
on soil water content, temperature and surface pressure. The water content and
thickness of the top layer are calculated from porosity, total column water content
and empirical thresholds depending on the eolian and sand and loess loam fractions
(Surawski et al. 2025) while these fractions are taken from the LDAS/GLDAS data
sets (Rodell et al. 2004), porosity and total water column content are derived from the
optimized soil hydrology in EMAC, provided by the JSBACH submodel. Microbial
activity of hydrogen-oxidizing bacteria is considered in the second (lower) soil layer,
which also depends on soil temperature and moisture of the second soil layer. The
soil moisture is derived as the remaining water in the top 10 cm of the soil, derived
from the JSBACH submodel. The temperature dependence is given by (Ehhalt et al.
2013). The H; uptake rate is then determined by the diffusion resistance of snow
and the top soil layer plus the microbial uptake in layer 2. The latter is multiplied
by a constant A representing bacterial activity, following Yashiro et al. 2011. This
factor is used to calibrate to a global mean deposition rate over land to 0.033 cm
s~! (Figure 3.10).
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Figure 3.10: Monthly mean soil H; deposition velocities in 2009 from the BIODEP model
with different tuning factors (A). The black dashed line shows the chosen factor A/4,
matching the land average of 0.033 cm s™!, while the red line shows data from Surawski
et al. 2025.

Driving data for methane and hydrogen deposition parameterizations

The input data required for both the H, and CH, deposition subroutines are obtained
from EMAC/JSBACH, which provides all relevant atmospheric and surface variables
including surface temperature (T), surface pressure, atmospheric H, and CHy4
concentration, nitrogen deposition (Ngep), soil porosity (¢), soil moisture (SM),
soil depth (z), and ecosystem properties. In addition, soil properties such as clay
fraction (fclay), sand fraction (fsana), and bulk density (p) are obtained from the
global soil dataset by (Shangguan et al. 2014). Following (Murguia-Flores et al.
2018), anthropogenic nitrogen input is derived from the historical global maps of
NH," and NOs™ application in synthetic nitrogen fertilizers (Ngt), as provided by
(Nishina et al. 2017).

3.3.4 Results and discussion

The following subsection presents a comparison of the results for CH4 soil deposi-
tion (Sec.3.3.4), followed by an evaluation of H2 deposition (Sec.3.3.4). Table 3.4
summarizes the weighted global average values (+ standard deviation) for the de-
position velocity (cms™), soil uptake (Tgyr™), and total global atmospheric burden
of H, and CHy4 (Tg). These values are compared with observational datasets (H,
measurements from Pétron et al. 2024, CH; measurements from Lan et al. 2025),
and modeled datasets by Surawski et al. 2025 (H; deposition velocity, uptake, and
burden) and the MeMo data from 2000 (CH,4, uptake Murguia-Flores et al. 2018).
Deposition velocity’s and uptake are averaged only over land.
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Table 3.4: Comparison summary of model results, observational data, and reference datasets.
Values represent weighted global averages =+ standard deviation from the model simulations
and reference data. Deposition velocities and soil uptake are averaged over land areas only.

Reference Timeframe Deposition Soil Sink (Tg Atmospheric
velocity (cm yr1) burden at
s71) surface (Tg)
CHy
Lan et al. 2025 2010-2020 - - 5320.45 + 164.96
Murguia-Flores et al. 2000 - 37.98 + 8.4 -
2018
This work 2009-2019 0.0006 + 0.0001 30.88 £ 6.97 5139.70 + 34.59
H,
Pétron et al. 2024 2020 (avg.) - - 191.42 £ 7.33
Surawski et al. 2025 2010-2020 0.033 60.5 + 0.07 199.6 £ 0.2
This work 2009-2019 0.033 £ 0.007 61.22 £11.63 201.67 £7.51

Comparison of methane mixing ratio against observations

Figure 3.11 presents the trend of atmospheric CH, simulated by EMAC with the
interactive CHy soil sink parametrization, compared to the global mean observations
from the from the NOAA Global Monitoring Laboratory ((GML) 2025) for the period
2009-2019. This global mean dataset was used here specifically for tuning the model
performance. EMAC successfully captures the observed CH, trends over this period
compared to the global mean observations from the NOAA GML network ((GML)
2025).

Global mean CHs

20001 — observations

19501 — EMAC

1900 1879.34 ppb

1863.70 ppb

CHa (ppb)

=
® ®
S
S o

1750
1700

1650

2000 2004 2008 2012 2016 2020 2024
Year

Figure 3.11: Global mean observations of CHy from the NOAA Global Monitoring Labora-
tory ((GML) 2025) (black), compared with the CHytrend simulated by EMAC (red). Shaded
areas represent the spatial standard deviation of each dataset.
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Figure 3.12 shows the average CH4 mixing ratio of the EMAC model together with
the individual on the site-level flask observational station data from the NOAA GML
network (Lan et al. 2025) averaged over the period 2009-2019. Panel (a) illustrates
the spatial distribution of mean modeled CH4 mixing ratios, while panel (b) presents
the Pearson correlation coefficients (r) between EMAC-simulated and observed
CH,4 values at individual monitoring stations. A detailed summary of the number
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Figure 3.12: Comparison of modeled and observed CH, data averaged over the years 2009-
2019. Circles indicate the location of the observational stations Panel (a) shows the global
distribution of mean CH,4 mixing ratio (CH4/ppb), and panel (b) shows the corresponding
Pearson correlation coefficient between the observation stations and EMAC results using
the BIODEP submodel.
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of available data points, mean modeled and observed CH4 mixing ratios, and
the model-observation differences is provided in Table 3.5 of the Appendix. The
corresponding time series for each station are shown in Figures 3.17 of the Appendix.
The CH4 mixing ratios are well reproduced with 43 out of 51 stations showing high
correlation (r > 0.6) between the EMAC simulations and station datasets, as shown
in Figure 3.12 (a). Correlations between EMAC simulations and observational
data exceeding r > 0.90 are found at several stations, including EIC in Chile
(r = 0.97), HBA in Antarctica (r = 0.97), BHD in New Zealand (r = 0.97),
and USH in Argentina (r = 0.97). These stations are predominantly situated in
remote, coastal, island, or Southern Hemisphere regions, often at lower latitudes
or in polar areas with low anthropogenic background emissions. EMAC captures
regional-scale methane transport and background levels without being affected
by local sources or sinks. In contrast, low or even negative correlations between
EMAC simulations and observational CH, data are found at Northern Hemisphere
stations (latitude > 0.55), including ZEP in Norway (r = —0.34), PAL in Finland
(r = =0.01), or AMY in South Korea (r = —0.28). These sites are located in
regions where complex local sources and sinks including wetland emissions and
seasonal soil uptake contribute significantly to methane variability, which are
not fully captured at the 1.8° resolution of EMAC simulations. The meridional
gradient and seasonal cycle of CHy, as derived from both EMAC model output
and observational data, are shown in Figure 3.13. As illustrated in Figure 3.13 (a),
both datasets show a clear inter hemispheric gradient, characterized by higher
CH,4 mixing ratios in the Northern Hemisphere. This distribution is primarily
driven by greater anthropogenic emissions in the Northern Hemisphere, notably
from fossil fuel combustion, industrial activities, and biomass burning. The EMAC
simulation accurately reflects the observed meridional gradient. The seasonal cycle
(Figure 3.13 (b)) also exhibits good overall agreement between EMAC and the
observational station data. The model remains within the observational standard
deviation throughout the year, with slight overestimation in the summer months
and minor underestimation in the winter months. Due to its long atmospheric
lifetime ( 9-12 years) and relatively steady global sources, CH, exhibits only minor
seasonal variations at the hemispheric and global scale. EMAC reproduces this
small seasonal variability in agreement with the observations and generally within
their standard deviations. In summary, results from the EMAC model accurately
captures atmospheric methane variability at many remote stations, particularly in
tropical and Southern Hemisphere regions, where the correlation between modeled
and observed values is consistently high. These sites are characterized by cleaner air
and low local anthropogenic and natural emissions. Conversely, model performance
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Figure 3.13: Comparison of modeled and observed CH,4 data from 2009 to 2019. Solid
lines represent smoothed trends obtained using locally estimated scatterplot smoothing
(LOESS) with a smoothing parameter of 2/3 and locally linear fitting. Panel (a) shows
the seasonal variability of modeled and observed CH,4 data. Shaded areas represent the
temporal standard deviations. Panel (b) shows the meridional distribution of CH4 based
on EMAC model outputs and observational data from stations with at least 12 monthly
measurements.

is weaker at stations affected by complex topography and anthropogenic or wetland
emissions where low or even negative correlations suggest discrepancies in the
seasonal and inter annual patterns of methane dynamics. EMAC reproduces the
latitudinal gradient and seasonal cycle of atmospheric methane as observed in
measurements. Both the model and the observations show higher methane mixing
ratios in the Northern Hemisphere, driven by greater anthropogenic emissions
from sources such as fossil fuel use, industry, and biomass burning. The model
captures seasonal variability well, remaining within the range of observational
uncertainty throughout the year. A global methane soil sink of 30.88 + 6.97 Tg yr ™!
is estimated, which is consistent with previous literature (see Table 3.3.1).

Comparison of hydrogen mixing ratio against observations

Figure 3.14 evaluates the performance of the EMAC model using the new online
soil sink submodel BIODEP simulating atmospheric H,. The comparison is based
on observations of the NOAA GML Carbon Cycle Cooperative Global Air Sam-
pling Network and model outputs averaged over the 2009-2019 period. Panel (a)
shows the spatial distribution of mean modeled H, mixing ratios, while panel (b)
displays Pearson correlation coefficients (r) between EMAC-modeled and observed
H; values at individual monitoring stations. The corresponding overview of num-
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ber of compared data points, mean model and observational H, mixing ratio and
difference between the model and observational data are listed in Table 3.6 of
the Appendix. The timelines for each station are shown in Figure 3.21, 3.22, and
3.23 of the Appendix. Mixing ratios are satisfactorily reproduced for background
stations by the EMAC model with correlations higher than r > 0.60 for 17 out of
51 stations (Figure 3.14 (a)). Those stations include for example CHR (r = 0.86) or
SMO (r = 0.77) in the central Pacific Ocean, CPT in South Africa (r = 0.83) or PSA
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Figure 3.14: Comparison of modeled and observed H; data. Modeled data are averaged over
2009-2019. Circles indicate observational stations with mid-2020 values estimated using a
sixth-order harmonic regression detrended fit. Panel (a) shows the global distribution of
mean H; mixing ratio (H2/ppb), and panel (b) shows the corresponding Pearson correlation
coefficient between the observation stations and BIODEP results.
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in Antarctica (r = 0.76). These sites show a comparable seasonal cycle and inter
annual variability (see Figure 3.21), which suggests that the EMAC model with
BIODEP accurately represents soil sink dynamics in at remote stations. In these
regions, atmospheric dynamics and transport processes tend to be smoother, with
more uniform seasonal patterns and comparatively lower biomass burning emis-
sions. This suggests that the EMAC model performs better in regions dominated by
large-scale atmospheric transport and stable boundary layer conditions, as these
factors minimize sub-grid scale variability. Conversely, there are stations where
the seasonal cycle is not well captured by the model, as indicated by low or even
negative correlation coefficients between the simulated and observed data. No-
table examples include NWR in the United States (r = 0.05), HUN in Hungary
(r = —0.05) or TAP in the Republic of Korea (r = —0.08). These stations are mainly
located in the continental Northern Hemisphere, where stronger anthropogenic
emissions, steep soil sink gradients and more complex boundary layer dynamics
are present. Despite these discrepancies, the global average seasonal cycle (Fig-
ure 3.15 (a)) shows good overall agreement between the EMAC simulation and
observational data. From April to December, EMAC values lie within the observa-
tional standard deviation, while from December to April, simulated means slightly
exceed the observed variability, but the difference between model results and ob-
servations is not statistically significant. EMAC reproduces the overall seasonal
pattern, though the timing of the maxima and minima is shifted about one month
earlier relative to the observations. The meridional gradient derived from both
EMAC model output and observational data, are presented in Figure 3.15 (b). Both
datasets exhibit a distinct inter hemispheric gradient, with higher H, mixing ratios
in the Southern Hemisphere. Although H, emissions, particularly from fossil fuel
combustion, industrial activities, and biomass burning, are stronger in the Northern
Hemisphere, this is offset by a correspondingly larger deposition flux, primarily
due to more extensive and active soil sink. In contrast, the Southern Hemisphere
exhibits a weaker soil sink due to lower landmass coverage, resulting in less efficient
H, removal. EMAC generally simulates higher H, mixing ratios of approximately
40 ppb in both hemispheres, with increasing positive bias toward the poles and the
smallest model-observation difference occurring near 25°N, where both datasets
show mixing ratios of approximately 235 ppb. In summary, the implementation
of the BIODEP submodel within EMAC, allows a successfully reproduction of the
spatial and seasonal patterns of atmospheric H, mixing ratios across diverse regions.
High correlations (r > 0.6) between modeled and observed values primarily occur
at remote, low-emission sites, mainly island or coastal stations in the Southern
Hemisphere and the tropics, where large-scale transport dominates and local sub-
grid influences are minimal. Conversely, lower or negative correlations occur at
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mid-latitude locations in the Northern Hemisphere characterized by complex ter-
rain and significant anthropogenic emissions, where enhanced sub-grid variability
and unresolved local processes challenge the accuracy of the model. As stated by
Surawski et al. 2025, coarse resolution can lead to a limited representation of local
and intermittent emission sources, thereby affecting the simulated mixing ratios.
These issues related to resolutions are expected to be very pronounced in this study,
since the coupled model computes soil moisture data at the same coarse resolution
as the EMAC model. This is much lower than the resolution of the higher-resolution
soil moisture datasets such as ERA5. On a global scale, BIODEP estimates an H; soil
sink of , which is consistent with previous estimates, including 60.05 + 0.07 Tg yr™!
(Surawski et al. 2025), 44-73 Tgyr~! (Sand et al. 2023), 57-60 + 12 Tgyr~! (Yashiro
et al. 2011), and 60739 Tgyr~! (Ehhalt et al. 2009).

o EMAC Observation o EMAC Observation

620 620
600 600

580 580 o o o

8560 © © 8560 °
o Q o o 000

< < o

£ 540 . 5 £ 540 ISP
520 520

500 500 °

480 480

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec -50 0 50
Month Latitude

() (b)

Figure 3.15: Comparison of modeled and observed H; data from 2009 to 2019. Solid lines
represent smoothed trends obtained using locally estimated scatterplot smoothing (LOESS)
with a smoothing parameter of 2/3 and locally linear fitting. Panel (a) shows the seasonal
variability of modeled and observed H, data. Shaded areas represent the temporal standard
deviations. Panel (b) shows the meridional distribution of H, based on EMAC model outputs
and observational data from stations with at least 12 monthly measurements.

Section 3.3

91



Chapter 3

92

Results

3.3.5 Conclusion

Implementing the BIODEP soil sink submodel into the MESSy framework and
coupling it to EMAC has enabled the accurate simulation of global atmospheric
H; and CH, mixing ratios. The model accurately reproduces the observed spa-
tial distributions, seasonal cycles, and interhemispheric gradients of both gases,
particularly at remote stations in the Southern Hemisphere where background
conditions dominate, with the exception that simulated H; values from December
to April deviate by about one standard deviation from the observations, which is a
not statistically significant deviation from observations. The strong correlations
between modeled and observed data in these regions highlight the model’s ability
to perform well in environments with low local variability. However, the model’s
performance is reduced at mid- to high-latitude Northern Hemisphere sites charac-
terized by complex terrain, and stronger anthropogenic influences. This highlights
the challenges of capturing localized emissions, boundary layer dynamics, and sub-
grid scale processes, such as wetland emissions and soil moisture variability, at the
model’s coarse resolution. These limitations suggest that higher-resolution emis-
sion datasets would improve accuracy. Despite these challenges, the overall spatial
and temporal consistency of EMAC simulations including the online calculations
of global soil sink estimates of 61.22 + 11.63 Tg yr' for H, and 30.88 + 6.97 Tg yr!
for CHy align with previous studies, demonstrating the capability of EMAC in
representing the atmospheric budgets of both trace gases.
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Figure 3.16: Mean distribution of CH, uptake (in mg m™? yr'!) averaged over the period
2009-2019 from the new BIODEP submodel coupled to EMAC/JSBACH (red) and from the
MeMo average for 2000 (black). Shaded areas indicate the standard deviation for each
dataset. Panel (a) shows the latitudinal distribution and panel (b) the monthly distribution.
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Table 3.5: Comparison of mean model and observational CHy mixing ratios. A = Model —

Observed, while r denotes the Pearson correlation coefficient.

Station Longitude Latitude # values CH4 EMAC (ppb) CH, Observed (ppb) A (ppb) r
ALT -62.50 82.50 131 1889.3 1908.3 -19.01  0.66
AMY 126.00 36.50 71 2014.9 1959.6 5530 -0.28
ASC -14.40 -7.97 131 1771.7 1789.3 -17.54 097
ASK 5.63 23.30 127 1842.1 1857.5 -1548  0.91
AZR -27.40 38.80 102 1860.1 1887.3 -27.26  0.88
BHD 175.00 -41.40 123 1778.1 1781.2 -3.14 0.97
BKT 100.00 -0.20 108 1896.4 1859.8 36.55 0.66
BMW -64.90 32.30 128 1859.4 1878.5 -19.08  0.91
BRW -157.00 71.30 131 1894.3 1919.4 -25.04  0.68
CBA -163.00 55.20 121 1884.3 1907.4 -23.14  0.75
CGO 145.00 -40.70 131 1775.1 1778.3 -3.21 0.95
CHR -157.00 1.70 98 1778.7 1802.0 -23.33  0.90
CIB -4.93 41.80 126 1910.0 1913.3 -3.22 0.73
CPT 18.50 -34.40 116 1782.3 1784.1 -1.75 0.93
CRZ 51.80 -46.40 130 1767.9 1777.2 -9.28 0.97
DSI 117.00 20.70 112 1889.3 1888.5 0.80 0.55
EIC -109.00 -27.20 117 1763.2 1776.0 -12.81  0.97
GMI 145.00 13.40 114 1815.4 1834.9 -19.54  0.89
HBA -26.20 -75.60 97 1760.3 1765.5 -5.24 0.97
HPB 11.00 47.80 131 1975.8 1947.0 28.86 0.46
HUN 16.70 47.00 131 2014.4 1956.7 57.65 0.47
ICE -20.30 63.40 128 1892.5 1903.2 -10.71 0.61
120 -16.50 28.30 131 1858.1 1862.4 -4.33 0.86
KEY -80.20 25.70 131 1906.5 1870.3 36.14 0.74
KUM -155.00 19.60 131 1833.0 1857.5 -24.53  0.92
LLN 121.00 23.50 131 1865.1 1863.3 1.71 0.77
LMP 12.60 35.50 131 1906.6 1900.5 6.10 0.69
MEX -97.30 19.00 131 1863.6 1844.4 19.20 0.72
MHD -9.90 53.30 131 1907.2 1898.4 8.88 0.76
MID -177.00 28.20 131 1846.2 1870.4 -24.12 094
MLO -156.00 19.50 131 1833.0 1841.9 -8.92 0.91
NAT -35.20 -5.68 104 1787.7 1802.4 -14.67  0.90
NMB 15.00 -23.60 125 1778.8 1789.1 -10.37  0.95
NWR -106.00 40.10 131 1910.5 1876.8 33.66 0.79
OXK 11.80 50.00 125 1983.1 1930.3 52.74 0.48
PAL 24.10 68.00 131 1996.2 1923.8 72.41  -0.01
PSA -64.10 -64.80 131 1768.1 1776.8 -8.72 0.98
RPB -59.40 13.20 131 1815.8 1845.8 -30.06  0.96
SEY 55.50 -4.68 131 1786.0 1803.4 -17.36  0.93
SHM 174.00 52.70 124 1884.0 1904.4 -20.37  0.74
SMO -171.00 -14.20 131 1769.3 1785.0 -15.67  0.96
SPO -24.80 -89.50 131 1767.3 1776.9 -9.59 0.98
SUM -38.40 72.60 131 1876.6 1899.0 -22.36  0.83
SYO 39.60 -69.00 131 1767.7 1776.8 -9.15 0.98
TAP 126.00 36.70 131 1994.4 1940.4 54.09 0.23
THD -124.00 41.10 101 1860.4 1881.1 -20.71  0.85
TIK 129.00 71.60 77 1919.7 1938.7 -19.00  0.37
USH -68.30 -54.80 127 1768.9 1777.7 -8.81 0.97
UTA -114.00 39.90 131 1869.4 1883.4 -13.94  0.87
UUM 111.00 44.50 131 1892.1 1907.5 -1544  0.81
ZEP 11.90 78.90 131 1906.3 1910.3 -4.00 0.34
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Figure 3.17: Comparison of CH, time series from observations and the EMAC model at
20 stations with complete monthly data between 2009-2019. The number of observational
data points is indicated by n, and r represents the Pearson correlation coefficient between
observed and modeled values.
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Figure 3.18: Comparison of CH, time series from observations and the EMAC model at
stations. The number of observational data points is indicated by n, and r represents the
Pearson correlation coefficient between observed and modeled values, part 2
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Figure 3.19: Comparison of CH, time series from observations and the EMAC model at
stations. The number of observational data points is indicated by n, and r represents the
Pearson correlation coefficient between observed and modeled values, part 3
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Figure 3.20: Mean distribution of H, deposition velocity (in cms™) averaged over the
period 2009-2019 from the new BIODEP submodel coupled to EMAC/JSBACH (red) and
from the Surawski et al. 2025 average for 2000 (black). Shaded areas indicate the standard
deviation for each dataset. Panel (a) shows the latitudinal distribution and panel (b) the
monthly distribution.



Biogenic soil deposition of methane and hydrogen in the ECHAM5/MESSy atmospheric
chemistry model (EMAC)

Table 3.6: Comparison of mean model and observational H2 mixing ratios. A = Model —
Observed, while r denotes the Pearson correlation coefficient.

Station Longitude Latitude # values H; EMAC (ppb) H; Observed (ppb) A (ppb) r
ALT -62.50 82.50 123 562.5 493.4 69.11 0.60
AMY 126.00 36.50 71 591.5 547.3 44.24 0.03
ASC -14.40 -7.97 118 620.6 551.4 69.23 0.62
ASK 5.63 23.30 117 581.1 546.2 34.89 0.66
AZR -27.40 38.80 98 583.1 520.2 62.95 0.17
BHD 175.00 -41.40 102 614.4 547.1 67.25 0.72
BKT 100.00 -0.20 93 637.2 556.1 81.09 0.64
BMW -64.90 32.30 118 588.2 534.9 53.28 0.48
BRW -157.00 71.30 121 556.2 499.6 56.59 0.34
CBA -163.00 55.20 114 567.7 502.9 64.82 0.37
CGO 145.00 -40.70 120 612.5 547.4 65.09 0.73
CHR -157.00 1.70 83 616.6 550.4 66.19 0.86
CIB -4.93 41.80 121 542.2 505.4 36.75  -0.08
CPT 18.50 -34.40 105 621.7 569.1 52.63 0.83
CRZ 51.80 -46.40 118 617.7 544.0 73.66 0.73
DSI 117.00 20.70 112 612.8 556.8 55.96 0.47
EIC -109.00 -27.20 108 620.3 550.2 70.04 0.68
GMI 145.00 13.40 102 609.4 548.4 60.96 0.67
HBA -26.20 -75.60 96 606.4 546.4 60.01 0.51
HPB 11.00 47.80 120 559.6 5223 37.27 0.08
HUN 16.70 47.00 124 543.1 525.5 17.62  -0.05
ICE -20.30 63.40 122 567.1 510.2 56.97 0.49
170 -16.50 28.30 124 579.0 541.7 37.34 0.35
KEY -80.20 25.70 121 607.8 542.3 65.52 0.56
KUM -155.00 19.60 121 600.3 526.6 73.72 0.45
LLN 121.00 23.50 120 605.7 553.8 51.96 0.68
LMP 12.60 35.50 122 572.2 523.1 49.13 0.23
MEX -97.30 19.00 120 583.5 546.7 36.81 0.64
MHD -9.90 53.30 125 565.9 518.0 47.87 0.36
MID -177.00 28.20 122 591.5 534.6 56.86 0.35
MLO -156.00 19.50 121 600.3 539.6 60.63 0.35
NAT -35.20 -5.68 102 617.9 556.5 61.31 0.63
NMB 15.00 -23.60 113 567.1 544.1 23.05 0.57
NWR -106.00 40.10 121 544.5 528.0 16.52 0.05
OXK 11.80 50.00 116 555.4 521.5 33.91 0.24
PAL 24.10 68.00 122 540.6 499.2 41.35 0.28
PSA -64.10 -64.80 125 616.8 546.8 70.03 0.76
RPB -59.40 13.20 120 608.6 546.9 61.70 0.47
SEY 55.50 -4.68 123 619.7 553.8 65.93 0.62
SHM 174.00 52.70 111 564.1 510.1 54.03 0.45
SMO -171.00 -14.20 121 622.0 551.9 70.14 0.77
SPO -24.80 -89.50 128 615.1 547.6 67.51 0.65
SUM -38.40 72.60 125 572.5 519.2 53.28 0.41
SYO 39.60 -69.00 129 615.1 548.1 66.93 0.65
TAP 126.00 36.70 123 580.2 541.8 38.35 -0.08
THD -124.00 41.10 91 544.5 520.8 23.71 0.19
TIK 129.00 71.60 75 548.3 489.2 59.09 0.16
USH -68.30 -54.80 118 609.3 545.1 64.24 0.76
UTA -114.00 39.90 121 545.1 505.8 39.30 0.20
UUM 111.00 44.50 123 529.7 495.0 34.67 0.24
ZEP 11.90 78.90 123 559.6 505.0 54.65 0.54
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Figure 3.21: Comparison of H; time series from observations and the EMAC model at 20
stations with complete monthly data between 2009-2019. The number of observational data
points is indicated by n, and r represents the Pearson correlation coefficient between observed
and modeled values.
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Figure 3.22: Comparison of H, time series from observations and the EMAC model at
stations. The number of observational data points is indicated by n, and r represents the
Pearson correlation coefficient between observed and modeled values, part 2
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Figure 3.23: Comparison of H; time series from observations and the EMAC model at
stations. The number of observational data points is indicated by n, and r represents the
Pearson correlation coefficient between observed and modeled values, part 3
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chemistry model (EMAC) Section 3.3

Code availability.

The Modular Earth Submodel System (MESSy, https://doi.org/10.5281/zenodo.8360186)
is continuously further developed and applied by a consortium of institutions. The
usage of MESSy and access to the source code is licensed to all affiliates of insti-
tutions which are members of the MESSy Consortium. Institutions can become

a member of the MESSy Consortium by signing the MESSy Memorandum of Un-
derstanding. More information can be found on the MESSy Consortium Website
(http://www.messy-interface.org). The code presented/used here is available from
https://doi.org/10.5281/zenodo.10084186 and will be part of the next official release.
It has been based on MESSy version d2.55.2

Data availability.

Sand and loess loam fractions are taken from the LDAS/GLDAS data sets (Rodell
et al. 2004). Clay fraction and bulk density are available from the global soil dataset
http://globalchange.bnu.edu.cn/research/soilw (Shangguan et al. 2014). Anthro-
pogenic nitrogen from fertilizers is available from
https://doi.pangaea.de/10.1594/PANGAEA.861203 (Nishina et al. 2017).
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4 Contributions

4.1 Numerical simulation of the impact of
COVID-19 lockdown on tropospheric
composition and aerosol radiative forcing in
Europe

This chapter presents part of a study published in Atmospheric Chemistry and
Phsysics. I am the second author of this work. I implemented the code corrections
for aerosol-cloud interactions, analyzed the indirect aerosol effects, prepared the
corresponding figures and wrote part of the manuscript as attached below in
Section 4.1.1. How to cite:

Reifenberg, S. F., Martin, A., Kohl, M., Bacer, S., Hamryszczak, Z., Tadic,
I., Roder, L., Crowley, D. J., Fischer, H., Kaiser, K., Schneider, J., Dorich,
R., Crowley, J. N., Tomsche, L., Marsing, A., Voigt, C., Zahn, A., Pohlker,
C., Holanda, B. A, Kriiger, O., Péschl, U., Pohlker, M., Jockel, P., Dorf, M.,
Schumann, U., Williams, J., Bohn, B., Curtius, J., Harder, H., Schlager, H.,
Lelieveld, J., and Pozzer, A.: Numerical simulation of the impact of COVID-
19 lockdown on tropospheric composition and aerosol radiative forcing in
Europe, Atmos. Chem. Phys., 22, 10901-10917, https://doi.org/10.5194/acp-
22-10901-2022, 202
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Abstract”

Aerosols influence the Earth’s energy balance through direct radiative effects and
indirectly by altering the cloud microphysics. Anthropogenic aerosol emissions
dropped considerably when the global COVID-19 pandemic resulted in severe
restraints on mobility, production, and public life in spring 2020. Here we assess the
effects of these reduced emissions on direct and indirect aerosol radiative forcing
over Europe, excluding contributions from contrails. We simulate the atmospheric
composition with the ECHAM5/MESSy Atmospheric Chemistry (EMAC) model in a
baseline (business as usual) and a reduced emission scenario. The model results are
compared to aircraft observations from the BLUESKY aircraft campaign performed
in May/June 2020 over Europe. The model agrees well with most of the observations,
except for sulfur dioxide, particulate sulfate and nitrate in the upper troposphere,
likely due to a somewhat biased representation of stratospheric aerosol chemistry
and missing information about volcanic eruptions which could have influenced the
campaign. The comparison with a business as usual scenario shows that the largest
relative differences for tracers and aerosols are found in the upper troposphere,
around the aircraft cruise altitude, due to the reduced aircraft emissions, while the
largest absolute changes are present at the surface. We also find an increase in
shortwave radiation of 0.327 + 0.105 Wm™? at the surface in Europe for May 2020,
solely attributable to the direct aerosol effect, which is dominated by decreased
aerosol scattering of sunlight, followed by reduced aerosol absorption, caused by
lower concentrations of inorganic and black carbon aerosols in the troposphere.
A further increase in shortwave radiation from aerosol indirect effects was found
to be much smaller than its variability. Impacts on ice crystal- and cloud droplet
number concentrations and effective crystal radii are found to be negligible.

4.1.1 Aerosol-cloud interactions™

In Fig. 4.1, the vertical distributions of the aerosol number concentration (N), ice
crystal number concentration (ICNC), cloud droplet number concentration (CDNC)
and ice crystal radius (r) are shown for Europe for both simulations, STDCLOUD
and REDCLOUD. Additionally, the SW flux at the TOA and the surface have been
calculated from these coupled aerosol-cloud simulations (see Table 4.1), both for
the total effect (i.e. direct plus indirect) and for the indirect (i.e. neglecting any
direct radiation influence of the aerosol particles). Due to the short simulation
period, the difference between these simulations is much smaller than its variability,
represented by its spatial and temporal standard deviation. Nevertheless, comparing
the vertical distribution of number concentrations of aerosols, ice crystals and cloud
droplets, the largest relative difference between STDCLOUD and REDCLOUD (i.e.

* as published in Reifenberg et al. 2022
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the two simulations where the aerosol-cloud feedback is activated) is found for
the aerosol number concentration between 200 and 300 hPa. These are the cruise
altitudes at which the largest aircraft emissions are injected in the model and
therefore these differences can be directly connected to the reduced air traffic
present during the lockdown (REDCLOUD). As this altitude is somewhat higher
than the typical (cold) cloud altitude, the effect on clouds is less pronounced. At
the highest level of these clouds (see Fig. 4.1) the ICNC are reduced (by ~ 30 % at
250 hPa, although with large variability), while no visible effect is found for CDNC.
These results are in line with those obtained by (Righi et al. 2021), who showed
that aircraft emissions do increase ice crystal number concentration, although their
results were not statistically significant. The ice crystal effective radius seems to
be the least affected by the reduced emissions during the COVID-19 lockdown,
with a negligible absolute and relative difference. To investigate the effect of
reduced aircraft emissions on the SW flux via the indirect aerosol effect at the
TOA and surface (SRF), the mean differences in SW flux between REDCLOUD and
STDCLOUD for May were calculated over Europe. Positive values indicate greater
reflection of SW radiation back to space (for TOA) or more absorption through the
troposphere (for surface values) in the STDCLOUD simulation, compared to the
REDCLOUD. The mean surface differences are 0.307 +0.115 Wm™2 for the clear sky
and 0.443 + 1.063 Wm™? for the all sky case. At the TOA the mean differences in
shortwave fluxes are 0.186 +0.106 Wm™2 (clear sky) and 0.281+0.928 Wm™2 (all sky,
Table 4.1). We should notice that the clear sky results agree with the direct effect
estimated in Sect.?? but with different simulations, confirming the consistency of
the calculations. Thus, the indirect effect of aerosols enhances the direct effect on
the SW radiation during the lockdown, even with larger intensity.This confirms
the importance of the cloud—aerosol interaction, as mentioned by Hong et al. 2016,
Gasparini et al. 2016 and Myhre et al. 2013. However, those values are associated
with large standard deviations, related to the strong spatial variability of the upward
shortwave radiation difference between the simulations.

Section 4.1
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Figure 4.1: Vertical profiles of the monthly mean ice crystal number concentration (ICNC),
cloud droplet number concentration (CDNC), aerosol number concentration (N) and ice
crystal effective radius (r) of the reduced emission scenario REDCLOUD (red) and the
standard emission scenario STDCLOUD (blue) and their relative difference (grey line) for
May 2020 over Europe. The grey area denote the spatial and temporal standard deviation
of the relative difference”.

Table 4.1: Aerosol direct and indirect effects on the shortwave radiation flux at the top
of atmosphere (TOA) and surface (SRF) over Europe for May. Note that direct effects are
derived from STD and RED simulations, and indirect and total (i.e. direct plus indirect)
effects from STDCLOUD and REDCLOUD. The indirect effect of clear sky estimation is
obviously equal to zero, but it was included to confirm the validity of the calculations™.

RED-STD REDCLOUD-STDCLOUD
AFsw Wm™ direct indirect total
TOA 0.090 = 0.035 | 0.188 £ 0.759 0.281 +0.928
TOA clear Sky 0.198 £ 0.092 | 0.000 £ 0.006 0.186 £ 0.106
SRF 0.209 +£0.053 | 0.233 £1.089 0.443 + 1.063
SRF clear sky | 0.327 +£0.105 | 0.001 £ 0.023 0.307 + 0.115

* as published in Reifenberg et al. 2022
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Code availability.

The Modular Earth Submodel System (MESSy) is continuously further developed
and applied by a consortium of institutions. The usage of MESSy and access to the
source code is licensed to all affiliates of institutions which are members of the
MESSy Consortium. Institutions can become a member of the MESSy Consortium
by signing the MESSy Memorandum of Understanding. More information can be
found on the MESSy Consortium Website (http://www.messy-interface.org). The
code presented here has been based on MESSy version 2.55 and is available as git
commit #dcdc3ed8, in the MESSy repository.

Data availability.
Data are available from the contact author under request.
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5 Conclusions & Outlook

The first part of this thesis (3.1), presents the successfully integration of the land
surface model JSBACH version 4 into EMAC, replacing the former SURFACE sub-
model. This update significantly enhances EMAC’s capability by introducing a
more sophisticated hydrology scheme and improved soil and vegetation processes.
The new level of complexity allows EMAC to simulate new bio-geophysics pa-
rameters such as gross primary productivity. Our evaluation confirms that the
new EMAC/JSBACH coupling maintains model stability and performance while
improving the accuracy of land-atmosphere interactions, particularly in terms of
soil moisture, groundwater storage, and LAI. Adjustments were made to tune the
radiation budget in the T63L31ECMWEF resolution and we find a good agreement
with reanalysis and the satellite data.

Building upon this development, part (3.2) demonstrates the capability of the
EMAC/JSBACH model to realistically simulate the partitioning of direct and diffuse
photosynthetically active radiation, aligning well with FLUXNET observations.
Based on this, we examined the impact of increased biomass burning aerosol
emissions and found that, while higher aerosol loads enhance diffuse PAR absorption
in mid- and high-latitudes, they can reduce gross primary productivity, particularly
in single-canopy vegetation types, due to the model’s current treatment of light
absorption, which does not distinguish between sunlit and shaded leaves. The
analysis highlights that feedback mechanisms, especially those involving clouds,
precipitation, and temperature, significantly influence regional GPP responses, often
amplifying the impact by an order of magnitude. Principal component analysis
reveals that GPP sensitivities vary widely by region and plant functional type, driven
by key environmental factors such as land surface temperature, light availability and
precipitation. Although uncertainties remain, particularly concerning aerosol-cloud
interactions, this work improves our understanding of the effects of aerosol-induced
radiation changes on vegetation. Reducing these uncertainties will require future
studies that incorporate the distinction between sunlit and shaded leaves, integrate
experimental data, and refine the physiological parameters of different plant types,
thereby enabling more robust predictions of ecosystem responses under changing
atmospheric conditions.

Part (3.3) presents the newly implemented soil sinks for hydrogen and methane
within the newly developed BIODEP sub-model, made possible by the foundational
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developments in Part 3.1. Integrating BIODEP into the EMAC framework enables
the accurate simulation of global atmospheric H, and CH4 mixing ratios. The model
successfully reproduces observed spatial distributions, seasonal cycles, and inter-
hemispheric gradients of both gases, particularly at remote Southern Hemisphere
stations dominated by large-scale atmospheric transport and stable meteorological
conditions. Strong correlations between modeled and observed data in these re-
gions underscore EMAC’s capability to perform well under low local variability
conditions. Conversely, model performance declines at mid- to high-latitude North-
ern Hemisphere sites characterized by complex terrain, variable meteorology, and
stronger anthropogenic influences, highlighting challenges in capturing localized
emissions, boundary layer dynamics, and sub-grid scale processes such as wetland
emissions and soil moisture variability. These limitations point to the need for
higher-resolution emission datasets to enhance model accuracy. The global soil
sink estimates from EMAC incorporating BIODEP are 61.2 + 11.63 Tg yr~! for H,
and 30.9 + 6.97 Tg yr~! for CH, are consistent with values reported in previous
studies. Together with the agreement on mixing ratios and atmospheric budgets,
this demonstrates EMAC’s ability to accurately reproduce the atmospheric trace
gas cycles of H, and CHy. Integrating BIODEP now provides a user-friendly option
for incorporating additional terrestrial sinks and, more importantly, enables EMAC
to simulate future climate scenarios.

In summary this work advances the MESSy framework and the EMAC model by
integrating a detailed land surface component, allowing a more comprehensive and
mechanistic representation of biosphere—atmosphere feedbacks within the Earth
system. By bridging critical gaps in simulating vegetation dynamics, soil hydrology,
and trace gas fluxes, EMAC is now an state-of-the-art model capable of representing
coupled atmospheric chemistry, and climate—ecosystem interactions and aerosols
processes. Together, these contributions aim to improve our understanding of
feedback mechanisms in the Earth system and support the development of effective
climate mitigation strategies.
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Supplement of

Evaluation of the coupling of EMACv2.55 and the land surface
and vegetation model JSBACHv4
as published in Martin et al. 2024"

Content
Table A1: JSBACH input file overview
A1: Example namelist for EMAC/JSBACH: jsbach.nml
Figure A1: Schematic of JSBACH in EMAC
Parameter optimization:
Table A2: List of optimized parameters
Table A3: Results of parameter optimization
Table A4: Results of parameter optimization

Table A6: Lists of newly available output parameters

Table A1: JSBACH input file overview. grid corresponds to the simulation gridsize and year to the reference
year.

Initial conditions filename

Initial data for the Carbon Pools  cpools_vga0218_18991231_tiles.nc
Initial data for soil and land prop- ic_land_soil grid 1976_tsrf clim.nc
erties

jsbach_grid_11tiles_5layers_year_no-
dynveg_layer_moist.nc
jsbach_grid_11tiles_5layers_year_no-dynveg_albedo.nc
jsbach_grid_11tiles_5layers_year_no-
dynveg_cover_fract.nc
jsbach_grid_11tiles_5layers_year_no-
dynveg_cover_type.nc
jsbach_grid_11tiles_5layers_year_no-dynveg_nn.nc
jsbach_grid_11tiles_5layers_year_no-
dynveg_soil_layer_depth.nc
jsbach_grid_11tiles_5layers_year_no-
dynveg_veg_fract.nc
bc_land_soil_grid_year_fract_org.nc
bc_land_soil_grid_year _nn.nc

* https://gmd.copernicus.org/articles/17/5705/2024/gmd-17-5705-2024-supplement.pdf
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A1Example namelist for EMAC/JSBACH: jsbach.nml

The following snippets of the jsbach namelist show the
default simulation setup for the JSBACH submodel.

1! -"- £90 -*-

2 &CTRL

3 1_verbose= F ! verbose output of model (debugging)
a/

5 &CPL

o | HABFHAHBHBHBARARAL AL AL AR AR AR BHRARAR AR AL AL AL AR AR BHRHRA B AR AL AL AL AR AR BHBHBR B AR AL A
7 !## JSBACH switches for PROCESS in CALL ORDER FOR DEBUGGING

s !## DEFAULT = .true.

CRE o fededididedidedibedibidil ol el ab bbb il ol idabeibidabidad il ol fob ool doddad s

10 L_CARBON =T,
11 L_FUEL = T,

12 L_RADIATION =T,

13 L_PHENOLOGY =T,

14 L_HYDROLOGY =T,

15 L_SEB =T,

16 L_SSE =T,

17 L_ASSIMILATION =T,

18 L_TURBULENCE = T,

19 L_DISTURB =T,

20 ! #FUEL

21 L_update_fuel = .true.,
22 ! #DISTURBANCE

23 L_update_natural_disturbances = .true.,
24 ! #RADIATION

25 L_update_surface_radiation = .true.,
26 ! #PHENOLOGY

27 L_update_phenology_logrop = .true.,
28 L_update_fpc = .true.,
29 ! #HYDROLOGY

30 L_update_snow_and_skin_fraction = .true.,
31 L_update_soil_properties = .true.,
32 ! #SURFACE ENERGY BALANCE

33 L_update_surface_energy_land = .true.,
34 L_update_surface_energy_lake = .true.,
35 ! #HYDROLOGY

36 L_update_evaporation = .true.,
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37 !#SURFACE ENERGY BALANCE

38 L_update_surface_fluxes_land = .true.,
39 L_update_surface_fluxes_lake = .true.,
40 I #RADIATION

41 L_update_radiation_par = .true.,
42 ! #HYDROLOGY

43 L_update_surface_hydrology = .true.,
44 L_update_snow_and_skin_fraction = .true.,
45 I#SOIL and SNOW ENERGY

46 L_update_soil_and_snow_properties = .true.,
47 L_update_soil_and_snow_temperature = .true.,
48 ! #HYDROLOG

49 L_update_soil_hydrology = .true.,
50 ! #SURFACE ENERGY BALANCE

51 L_update_snowmelt_correction = .true.,
52 I #ASSIMILATION

53 L_update_assimilation_scaling_factors = .true.,
54 L_update_canopy_cond_unstressed_assimilation= .true.,
55 L_update_canopy_cond_stressed_assimilation = .true.,
56 L_update_assimilation = .true.,
57 ! #HYDROLOGY

58 L_update_canopy_cond_unstressed = .true.,
59 L_update_water_stress = .true.,
60 L_update_canopy_cond_stressed = .true.,
61 ! #CARBON

62 ! warning CO2 gas tracer must be present!

63 L_update_C_NPP_pot_allocation = .true.,
64 ! #TURBULENCE

65 L_update_humidity_scaling = .true.,
66 L_update_roughness = .true.,
67 I #RADIATION

68 L_update_albedo = .true.,
69 ! #HYDROLOGY

70 L_update_water_balance = .true.,

UWBEE st bbb b e e e
12 |## JSBACH logical switches
13 | RAAAARR BB R R R R R R AR AR AARR AR R R LR R R R H AR AR AAR AR BB R R BB R R AR AR

74 1 freeze =T,
75 1_supercool =T,
76 1_dynsnow =T,
77 1_heat_cap_dyn =T,
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79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

1_heat_cond_dyn

1 ice_on_lakes

1 snow

1_organic

1ltpe_closed
1ltpe_open
1_forestRegrowth
1_use_alb_canopy
1_use_alb_veg_simple
1 use_alb _soil_scheme
1 use_alb _soil litter

1 use_alb mineralsoil const

1_use_alb_soil_organic_C

\’linear’, F:
1_burn_pasture

JlOgJ

1_use_quincy
\not implemented

e b b b e e e e e e b e e e e b e

!## EMAC INPUT DATA

b b e b e e e e e e e e e b e

! The following channel objects are just input.

! JSBACH will not modify them.

input_fract_lake
input_land_mask
input_slf
input_fract_glacier
input_press_srf
input_t_air
input_t_acoef

\[1]JRichtmyer-morton-coefficients,

\g=moisture
input_t_bcoef
input_t_acoef_wtr
input_t_bcoef_wtr
input_t_acoef_ice
input_t_bcoef_ice
input_q_acoef
input_q_bcoef
input_q_acoef_wtr
input_q_bcoef_wtr
input_q_acoef_ice

’ECHAM5’ , ’alake’,
’ECHAMS5’ , ’slm’,
’ECHAM5’ , ’slf’,
’g3b’, ’glac’,
’g3b’, ’aps’,
’e5vdiff’, ’temp2’,
’e5vdiff’, ’zetnl’,

’e5vdiff’, ’zftnl’,
’e5vdiff’, ’zetnw’,
’e5vdiff’, ’zftnw’,
’e5vdiff’, ’zetni’,
’e5vdiff’, ’zftni’,
’e5vdiff’, ’zeqnl’,
’e5vdiff’, ’zfqgnl’,
’e5vdiff’, ’zeqnw’,
’e5vdiff’, ‘’zfqnw’,
’e5vdiff’, ’zeqni’,

HHHEM 339" 4HHH

=

F,

!
!

t=dry static energy,

! QUINCY

[1]
[1]
[1]
[1]
[Pa]
[K]

[T/kg]
[1]
[T/kg]
[1]
[T/kg]
[1]
[kg/kg]
[1]
[kg/kg]
[1]
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117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

input_q_bcoef_ice
input_drag_srf

\ (neutral)/ drag coefficients, was cdnl,

input_drag_wtr
input_drag_ice
input_pch

\drag [1]
input_wind_10m
input_cos_zenith_angle
input_declination

\angle sun at equator]
input_rad_sw_lwtr
input_rad_sw_lice
input_rad_lw_lwtr
input_rad_lw_lice
input_q_rel_air_climbuf
input_oro_stddev

! The following channel objects

! Only srf level is used.
input_wind_u
input_wind_v
input_cv_rain

\s-1]
input_ls_rain

\s-1]
input_cv_snow

\s-1]
input_ls_snow

\s-1]
input_lwflx
input_swflx

\flux [W m-2]
input_swnirflx

\all sky [W m-2]
input_swvisflx

\all sky (VIS) [W m-2]
input_lwflx_up

\flux [W m-2]
input_swflx_up

\flux [W m-2]

>e5vdiff’,
’e5vdiff’,

’e5vdiff’,
’e5vdiff’,
’e5vdiff’,
’e5vdiff’,
’orbit’,
’orbit’,
>rado1’,
’rad01’,
’rado1’,
’rad01’,

’e5vdiff’,
’ggb,,

’ECHAM5 ,
’ECHAMS |
’ECHAMS5 |
’ECHAM5 |
’ECHAMS5 |

ECHAM5 |

’rad01’,
’rado1’,

’rad01’,

’rado1’,

’rado1’,

’rado1’,

’zfqni’,
>cfhl’,

cdnw, cdni

’cfhw’,
’cfhi’,
’chl’,

’wind10’,
’cossza’,
’dec_off’,

’soflw’,
’sofli’,
‘trflw’,
‘trflw’,
’rh_2m’,
’orostd’,

are just input.

uml’,
’lea’
’rsfc 24d’,
’rsfl_24d’,
’ssfc_24d’,

’ssfl _2d’,

flxt’,
’flxs’,

’flxnir’,

*flxswl’,

*flxut’,

*flxus’,

!

!

!

!

[kg/kg]

[-]
[-1

surface

[m s-1]
[-]

[degrees,

[W m-2]
[W m-2]
[W m-2]
[W m-2]
[-]
[m]

[m/s]
[m/s]
[kg m-2
[kg m-2
[kg m-2

[kg m-2

[W m-2]
shortwave

! NIR flux

SW1 flux

longwave

shortwave
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145

146

! The following channel objects exist already in MESSy.

u7 ! SURFACE did not update those variables, but JSBACH will

\them (only over land and lakes)

us ! either via calculation or according to the jsbach input

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

input_vol_heat_cap = ’g3b’, ’rgegn’,
\Volumetric heat capacity of the soil [j/m**3/K]

input_az0 = ’g3b’, *az0’,
\length orography [m]

input_fract_forest = ECHAMS5’ , ’forest’,
\fraction [1]

input_fract_fpc = >ECHAMS5’ , ’vgrat’,

\vegetation fraction rel to land [1]

input_fract_fpc_mon = ECHAM5’ , ’vgrat’,
\vegetation fraction rel to land, monthly [1]

input_latent_hflx = ’e5vdiff’, ’ahfl’,
\heat flux [W m-2]

input_latent_hflx Ind = ’e5vdiff’, ’ahfll’,
\heat flux over land [W m-2]

input_latent_hflx_wtr = ’e5vdiff’, ’ahflw’,
\heat flux over water [W m-2]

input_latent_hflx_ice = ’e5vdiff’, ’ahfli’,
\heat flux over ice [W m-2]

input_sensible_hflx = ’e5vdiff’, ’ahfs’,
\heat flux [W m-2]

input_sensible_hflx_Ind = ’e5vdiff’, ‘’ahfsl’,
\heat flux over land [W m-2]

input_sensible_hflx wtr = ’e5vdiff’, ’ahfsw’,
\heat flux over water [W m-2]

input_sensible_hflx_ice = ’e5vdiff’, ’ahfsi’,
\heat flux over ice [W m-2]

input_evapo_wtr = ’e5vdiff’, ’evapw’,

\evaporation over water [kg m-2 s-1]
input_evapo_ice = ’e5vdiff’, ‘’evapi’,
\evaporation over ice [kg m-2 s-1]

input_evapopot = ’e5vdiff’, ’evapot_2d’, !

\evaporation/sublimation [kg m-2 s-1]
input_evapl = ’e5vdiff’, ’evapl_2d’,
\evaporation land

!

!

!

!

!

update

files.

roughness

forest

latent

latent

latent

latent

sensible

sensible

sensible

sensible

potential
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166

167

168

169

170

171

172

173

174

175

176

177

178

179

180

181

182

183

184

185

186

input_evap =
\evaporation

>e5vdiff’,

’evap’,

! The following channel objects exist already in MESSy and will be

\updated by JSBACH
! SURFACE did update them before.

input_depth_lice = ’g3b’,
\depth [m]

input_seaice = ’g3b’,
\fraction rel to ocean [1]

input_seacov = >ECHAM5’ ,
\ (fraction of grid box) [1]

input_landcov = ’ECHAM5’ ,

\cover (fraction of grid box) [1]
input_fract_lice = >ECHAM5’ ,
\ (fract of gb) only over water [1]

input_water_content = ’g3b’,
\water content [m]
input_w_skin = ’g3b’,

\content skin reservoir (soil&canopy)[m]

input_t_unfilt = ’g3b’,
\Surface temperature, unfiltered [K]

input_t_old = ’g3b’,
\Surface temperature t-dt [K]

input_t_soil = ’g3b’,

\Temperature [K] in the five soil layers

input_tsi = ’g3b’,
\surface temperature (ice) [K]

input_t_lwtr = ’g3b’,
\temperature of water [K]

input_t = >ECHAM5’ ,
\temperature [K]

input_snowmelt = ’g3b’,
\[kg/m**2]

input_w_snow_can = ’g3b’,
\depth canopy [m water equivalent]

input_w_snow_soil = ’g3b’,

\depth ground [m water equivalent]
’ggb,,
\depth ice [m water equivalent]

input_w_snow_lice =

’siced’,

’seaice’,

’seacov’,

>’landcov’,

’icecov’,

ws’,

‘wl’ R

’tslm’,

’tslml’,

’tsoil’,

[K]

‘tsi’,

‘tsw’,

’tsurf’,

’snmel’,

!

!

!

seaice

seaice

sea cover

land

ice cover

Soil

Water

T(t)

T(t-dt)

Lake

surface

surface

Snow melt

Snow

Snow

Snow



157 input_snow_accum = ’g3b’, ’snacl’, ! Snow
\budget at non-glacier points [kg/m**2]

188 input_w_glac = ’g3b’, ’gld’, ! Glacier
\depth (including snow) [m water equivalent]

189 input_runoff_glac = ’g3b’, ’rogl’, ! Glacier
\runoff (rain+snow/ice melt) [kg/m**2]

190 input_adrain = ECHAMS5’ , ’adrain’, ! Drainage
\at non-glacier points [m]

11 input_aros = ECHAM5’ , ’aros’, !
\atmospheric runoff [m]

192 input_hcap_grnd = ’g3b’, ’grndcapc’, ! Heat
\capacity of the uppermost soil layer [J/m**2/K]

13 input_grnd_hflx = ’g3b’, ’grndhflx’, ! Ground
\heat flux [J m-2 s-1]

14 input_evapo_skin = ECHAMS5’ , ’evwsd’, !
\Evaporation from skin reservoir [1]

15 input_hflx_cond_ice = ’g3b’, >ahfice’, !
\conductive heat flux [W m-2]

16 input_fract_snow_lice = ECHAMS5’ , cvsi’, ! snow
\cover over ice (fraction of grid box) [1]

17 input_fract_snow_can = ’ECHAM5’ , ’cvsc’, !
\Fractional snow cover canopy [1]

18 input_fract_snow = ’ECHAM5’ , ‘cvs’, !
\Fractional snow cover [1]

199 input_lai = ECHAM5’ , ‘v1it’, ! leaf area
\index [1]

200 input_wsmx = ’g3b’, *wsmx’ ! field
\capacity (water holding capacity) of soil [m]

201 input_grndflux = ’g3b’, ’grndflux’, !/
\grndflux+grndhflx*slm*dtime [W/m**2]

202 input_cvw = ECHAM5’ , cvw’, ! Skin

\reservoir fraction (= pwl/pwlmx, see *vdiff™)

203 input_runoff_ hd = ’g3b’, ’runoff’, ! Total
\runoff non-glacier points (acc.) [kg/m**2s]

204 input_drainage_hd = ’ECHAMS5’ , ’adrain’, ! Drainage
\at non-glacier points [m/s]

205 input_albedo = ’rad’, >albedo’, ! surface
\albedo [1]

206

M-t e e e e e b e e e e b b e b e

28 !##JSBACH input data /pool/data/JSBACH/. ..

2

S
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20 ! The following channel objects exist already in MESSy.

2

=]

a1 ! JSBACH will use input data and overwrite the channel objects for
\the first timestep.

22 input_lai_init = ’import_grid’,’in_lai_cl_lai_clim’,
\/initial LAI from climatology [1]

23 ! The following channel objects don’t exist in MESSy.

214 ! JSBACH will use input data and create new channel objects.

215 input_fract_fpc_max =
\’import_grid’,’in_jsb_veg_ratio_max’, ! [1]

216 input_rough_m =
\’import_grid’, ’in_alb_roughness_length’, ! [m]

217 input_vol_field_cap =

\’import_grid’, ’in_jsb_soil_field_cap’, ! [m/m]

218 input_cover_type_ti =
\’import_grid’, ’in_jsb_ct_cover_type’, ! [1]

219 input_cover_fract_ti =
\’import_grid’, ’in_jsb_lc_cover_fract’, [/ [1]

220 input_w_soil_sl =
\’import_grid’,’in_jsb_lm_layer moist’, ! [m]

221 input_soil_depth = >import_grid’,’in_jsb_soil_depth’,
\ ! [m]

222 input_vol_porosity =
\’import_grid’,’in_jsb_soil_porosity’, ! [m/m]

223 input_pore_size_index =
\’import_grid’,’in_jsb_pore_size_index’, ! [-]

224 input_heat_cond =
\’import_grid’,’in_jsb_heat_conductivity’,! [J m-1 s-1 K-1]

225 input_hyd_cond_sat =
\’import_grid’,’in_jsb_hyd cond_sat’, ! [m/s]

26 input_vol_p_wilt =
\’import_grid’,’in_jsb_wilting point’, ! [m/m]

227 input_bclapp = ’import_grid’, ’in_jsb_bclapp’,
\ -]

228 input_w_soil_column = ’import_grid’, ’in_jsb_init_moist’,
\ ! [m]

220 input_max_moist = ’import_grid’, ’in_jsb_maxmoist’,
\ ! [m]

23 input_root_depth = ’import_grid’, ’in_jsb_root_depth’,
\ ! [m]
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231

232

234

235

236

237

238

239

240

241

242

243

244

246

247

248

249

250

input_matrix_pot =

\’import_grid’,’in_jsb_moisture_pot’, ! [m]
input_albedo_veg_vis =
\’import_grid’,’in_alb_albedo_veg_vis’, ! [1]
input_albedo_veg_nir =
\’import_grid’,’in_alb_albedo_veg_nir’, ! [1]
input_albedo_soil_vis =
\’import_grid’,’in_alb_albedo_soil_vis’, ! [1]
input_albedo_soil_nir =
\’import_grid’, ’in_alb_albedo_soil_nir’, ! [1]
input_tclim =
\’import_grid’,’in_jsb_ic_surf_temp’, ! [K]
input_tclim_sum =
\’import_grid’,’in_jsb_tc_tclim_sum’, ! [K]
input_tclim_max =
\’import_grid’,’in_jsb_tc_tclim_max’, ! [K]
input_tclim_min =
\’import_grid’, ’in_jsb_tc_tclim_min’, ! [K]
input_tclim_idx = ’import_grid’, ’in_jsb_tc_tidx’,
\ r[-]
input_fract_org_sl =
\’import_grid’,’in_fosl_fract_org sl’, ! [1]
input_NPP_pot_yDayMean = ’import_grid’, ’j_NPP_run_mean’,
\ ! [mol(C02)/m2 (canopy) s]

b b e b et b e b e b e e e e e e e b e

!## JSBACH Input Carbon from cpools

I b e b b b b e e e e b e e e e e e

! Initial conditions for carbon pools, all in [mol(C)/m"2(canopy) ]
\if not stated otherwise.

input_c_green = >import_grid’, ’j_Cpool_green’,
\ ! Green carbon pool: on input last value;
\updated on output [mol(C)/m’"2(canopy) s]:

input_c_reserve = ’import_grid’,’j_Cpool_reserve’,
\ ! C-pool for carbohydrate reserve (sugars,
\starches) that allows plants to survive

input_c_woods = >import_grid’, ’j_Cpool_woods’,
\ ! C-pool for stems, thick roots and other

\ (dead) structural

input_c_crop_harvest =
\’import_grid’,’j_Cpool_crop_harvest’, ! C-pool for
\biomass harvested from crops [mol(C)/m"2(grid box) ]

145



146

251

252

254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

input_c_acid_agl = ’import_grid’,’j_YCpool_acid_agl’,

\ ! Above ground litter-pool for acid soluble litter
input_c_water_agl = ’import_grid’, ’j_YCpool_water_agl’,
\ ! - for water soluble litter
input_c_ethanol_agl =
\’import_grid’,’j_YCpool_ethanol_agl’, ! - for ethanol

\soluble litter
input_c_nonsoluble_agl =

\’import_grid’, ’j_YCpool_nonsoluble_agl’, ! - non-soluble
\soluble litter
input_c_acid_bgl = ’import_grid’, ’j_YCpool_acid_bgl’,
\ ! Below ground litter-pool for acid soluble litter
input_c_water_bgl = ’import_grid’, ’j_YCpool_water_bgl’,
\ ! - for water soluble litter
input_c_ethanol_bg1l =
\’import_grid’, ’j_YCpool_ethanol_bgl’, ! - for ethanol

\soluble litter
input_c_nonsoluble_bgil =

\’import_grid’, ’j_YCpool_nonsoluble_bgl’, ! - for
\non-soluble litter
input_c_humus_1 = >import_grid’,’j_YCpool_humus_1’,
input_c_acid_ag?2 = ’import_grid’, ’j_YCpool_acid_ag2’,
input_c_water_ag?2 = ’import_grid’,’j_YCpool_water_ag2’,

input_c_ethanol_ag?2 =
\’import_grid’, ’j_YCpool_ethanol_ag2’,
input_c_nonsoluble_ag?2 =
\’import_grid’, ’j_YCpool_nonsoluble_ag2’,
input_c_acid_bg2 = ’import_grid’, ’j_YCpool_acid_bg2’,
input_c_water_bg?2 = ’import_grid’, ’j_YCpool_water_bg2’,
input_c_ethanol_bg2 =
\’import_grid’, ’j_YCpool_ethanol_bg2’,
input_c_nonsoluble_bg2 =
\’import_grid’,’j_YCpool_nonsoluble_bg2’,
input_c_humus_2 = >import_grid’,’j_YCpool_humus_2’,

/



Schematic of JSBACH in EMAC
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Figure A1: Schematic overview of JSBACH as new submodel in EMAC with corresponding processes.
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Parameter optimisation

Table A2: List of optimised parameters of the control simulation (CTRL) and the 35 Simula-
tions with varying parameters. Simulation 1 (EMAC/SRF) is performed with the SURFACE
submodel, while simulation 2 to 35 are performed with the JSBACH submodel. The simula-
tion with the parameters used for the EMAC/JSBACH setup is indicated in bold.

‘ Run ‘ zasic ‘ zinhomi ‘ zinhoml ‘ cmfctop ‘ cpreon [e-04s2 m™?2] ‘
1 (EMAC/SRF) 0.85 (default) | 0.85 (default) | zinhomlgefayy; | 0.3 (default) 1 (default)
2 (CTRL) default default default default default
3 0.8 default default default default
4 default default default default default
5 0.89 default default default default
6 0.91 default default default default
7 default 0.8 default default default
8 default default default default default
9 default 0.9 default default default
10 default 0.95 default default default
11 default 1 default default default
12 default default 0.7 default default
13 default default 0.77 default default
14 default default 0.8 default default
15 default default 0.9 default default
16 (EMAC/JSBACH) default default 0.92 default default
17 default default default 0.2 default
18 default default default 0.23 default
19 default default default 0.26 default
20 default default default default default
21 default default default 0.35 default
22 default default default default default
23 default default default default 2
24 default default default default 3
25 default default default default 4
26 default default default default 5
27 default default default default 6
28 default default default default 8
29 default default default default 9
30 0.75 1 0.88 default 4
32 0.75 1 0.88 default 8
33 0.75 1 0.88 default 10
34 0.7 1 0.92 default 4
35 default default 0.92 default 4




Table A3: Table of the temporally and globally averaged results + inter annual variability as standard deviation of the CTRL
and 35 Simulations with varying tuning parameters (1990 to 2010). Simulation 1 (EMAC/SRF) is performed with the SURFACE
submodel, while simulation 2 to 35 are performed with the JSBACH submodel. Additionally, the corresponding reanalysis
or observational results are listed as "REF". For precipitation REF refers to the GPCP monthly precipitation dataset (Adler
et al. (2003)), while for the remaining variables REF refers to ERA5/ERA5-Land reanalysis datasets (Hersbach (2023);Muiioz
Sabater(2019,2021)). The simulation with the parameters used for the EMAC/JSBACH setup is indicated in bold.

Run LST TOA et TOAw TOA}y SRFpet SRFy, SRFyy, HFLX et HFLX sensible HFLX atent Precip ACLC LWC IWC TWS

(K] (Wm™] [Wm™] (Wm™] (Wm™] (Wm™] (Wm™) (Wm™] (Wm™) (Wm™] (mm day™'] [kgm™] (kg m™?] [m]
REF 282.25 £ 0.27 045 + 0.65 242.67 + 0.65 -242.22 + 0.29 10591 + 0.45 163.76 £ 0.54 -57.85 + 0.31 -69.92 + 0.57 -28.15 + 0.68 -41.76 + 0.43 2.7 = 0.03 0.553 + 0.00405 0.04707 + 0.00098 0.02166 + 0.00033 1.06012 + 0.00947
1 (EMAC/SRF) 283.09 + 0.27 3.56 + 0.39 23433 + 0.27 -230.77 = 0.34 107.92 + 0.24 161.74 £ 0.31 -53.83 £ 0.3  -104.24 + 0.35 -16.74 + 0.18 -87.5 £ 0.42 2.83 £ 0.02 1.06067 + 0.00444 0.10394 + 0.00115 0.04972 + 0.00068 0.34995 + 0.00425
2 (CTRL) 280.66+0.26  6.61+£0.5 237.22+0.3 -230.61+0.42  108.08+0.28  165.97+0.36 -57.88+0.35 -110.92+0.65 -11.59+0.15 -99.33+0.6 2.77+0.02 0.6462 + 0.0025 0.09594 £0.00114  0.04945+0.00067  1.00362 +0.00761
3 280.54+0.28  5.06+0.51 235.54+0.29 -230.48+0.38 10676 +0.25 164.66+0.39 -57.91+£0.43 -111.01+£0.59 -11.7+£0.16 -99.31+0.55 2.77 +0.02 0.6466 + 0.0025 0.0959 £0.00159 0.04976 £ 0.00066  1.00345 + 0.00823
4 280.66+0.26  6.61+£0.5 237.22+0.3 -230.61+0.42 108.08+0.28  165.97+0.36 -57.88+£0.35 -110.92+0.65 -11.59+0.15 -99.33+0.6 2.77£0.02 0.6462 + 0.0025 0.09594 £0.00114  0.04945 £ 0.00067  1.00362 £ 0.00761
5 280.73+0.27  8.06+0.43 238.78+0.31  -230.72+0.37 109.31+0.26  167.24+0.38 -57.93+£0.36 -110.81+£0.64 -11.6+0.12 -99.21+0.62 2.76 £0.02 0.646 £ 0.0022 0.09552+£0.00114  0.04936 £0.00063  1.00336 £ 0.00878
[3 280.85+0.29  8.63+0.53 239.5+0.31 -230.87+£0.39  109.92+0.25 167.76£0.4 -57.83+0.37 -110.84+0.64 -11.6+0.15 -99.24 +0.65 2.76 £0.02 0.6453 £0.0022 0.09582+£0.00127  0.04919+0.00059  1.0033 £ 0.0086
7 280.6 +0.29 6.67 £0.42 237.87+035 -231.2+0.41 108.53+0.32  166.66+0.39  -58.14+0.37 -111.28+0.61 -11.72+0.14  -99.56 +0.59 2.77£0.02 0.6465 +0.0027 0.09529 £0.00098  0.04955+0.00061  1.00326 + 0.00943
8 280.66+0.26  6.61£0.5 237.22+0.3 -230.61+0.42 108.08+0.28  165.97+0.36  -57.88+0.35 -110.92+0.65 -11.59+0.15 -99.33+0.6 2.77£0.02 0.6462 + 0.0025 0.09594 +0.00114  0.04945 +0.00067  1.00362 + 0.00761
9 280.73+0.27  6.35+0.42 236.5+0.24 -230.15+0.34  107.56+0.26  165.2+0.3 -57.64+0.35 -110.55+0.6 -11.58 +£0.11  -98.97 +0.58 2.76 £0.02 0.6462 +0.0018 0.09652 £0.00112  0.04933 £0.00055  1.0034 +0.00672
10 280.73+0.27  6.48+0.46 236.0+0.31 -229.52+0.45 107.19+0.29  164.69+0.34  -57.5+0.33 -110.04+0.59  -11.55+0.14  -98.48 +0.58 2.74+0.02 0.6465 +0.0028 0.09637 £0.00111  0.04942 +0.00057  1.00328 +0.00819
11 280.75+0.26  6.34+0.49 235.32+0.36  -228.98+0.33  106.71+0.31  163.97+0.43 -57.26+0.39  -109.6 £0.58 -11.49+0.14  -98.1+0.55 2.73+0.02 0.6474 +0.0024 0.09708 +£0.00096  0.049 +0.00052 1.00239 +0.00791
12 280.58+0.28  5.66+0.44 236.32+0.32  -230.65+0.39  106.91+£0.33  164.94+0.37 -58.02+0.35 -110.57+0.62 -11.59+0.17  -98.97 £0.61 2.76 £0.02 0.6456 £ 0.0026 0.09557 £0.00096  0.04952 +£0.00049  1.00348 +0.00838
13 280.57+0.28  4.84+0.42 235.5+0.34 -230.67 £0.35  106.06+0.27  164.01+£043 -57.95+04 -110.55+0.54  -11.63+0.17  -98.93+0.53 2.76 £0.02 0.6455 +0.0031 0.09529 £ 0.00108  0.04946 +0.00061 1.00356 + 0.00795
14 280.53+0.28 4.4+0.47 235.04+0.3 -230.64+0.39  105.67+0.24  163.47+0.38 -57.8+0.36 -110.57 +0.59  -11.65+0.13  -98.92+0.57 2.76 £0.02 0.6462 + 0.0027 0.09533£0.00104  0.04946 +0.00058  1.00368 +0.0075
15 280.55+0.26  3.48+0.39 234.1+0.37 -230.62+0.41  104.62+0.29  162.42+0.44 -57.79+0.39 -110.5+0.67 -11.57+0.13  -98.93 +0.63 2.76 £0.02 0.6457 £0.0035 0.09531£0.00098  0.04942 +0.00049  1.00327 £ 0.00821
16 (EMAC/JSBACH) 280.48+0.23 3.23+0.38 233.86+0.29 -230.63+0.38 104.43+0.3 162.14+0.34  -57.71+£0.35 -11047+0.67 -11.67+0.14  -98.79+0.61 2.76 £0.02 0.6464 +0.0028 0.09519 £ 0.0009 0.04936 +0.00054  1.00385 +0.00815
17 280.6+0.23 3.89+£0.46 234.27+031  -230.38+0.37 10594+0.28 162.71+£0.38 -56.77+0.37 -111.4+0.58 -11.82+0.14  -99.58 +0.55 2.78 £0.02 0.6578 £0.0025 0.09687 £0.00121  0.04916 £0.00063  1.00379 £ 0.00819
18 280.63+0.23 4.81+0.4 235.27+033  -230.46+0.37 106.67+0.27 163.83+0.41 -57.16+0.41 -111.22+0.6 -11.78+0.15  -99.44+0.58 2.77£0.02 0.654 +£0.0027 0.09656 £0.00118  0.04918 + 0.0006 1.00344 +0.00751
19 280.64+0.21  5.59+0.44 236.14+0.29  -230.56+0.42 107.32+0.24 164.77+0.41 -57.45+0.44 -111.11+0.67 -11.72+0.16 -99.39+0.63 2.77 +£0.02 0.6506 + 0.0026 0.09622 +0.00136  0.04941+0.00068  1.00382 +0.0075
20 280.66+0.26  6.61+0.5 237.22+0.3 -230.61+0.42 108.08+0.28  165.97+0.36  -57.88+0.35 -110.92+0.65 -11.59+0.15 -99.33+0.6 2.77£0.02 0.6462 £ 0.0025 0.09594 £0.00114  0.04945+0.00067  1.00362 £ 0.00761
21 280.69+0.28  7.64+0.37 238.32+0.24 -230.68+0.34 108.9+0.26 167.18+0.27  -58.27+0.32  -110.69+0.61 -11.6+0.17 -99.09 +0.61 2.76 £0.02 0.6424 +0.0025 0.09519+0.00094  0.04968 +0.00063  1.00316 +0.00774
22 280.66+0.26  6.61+0.5 237.22+0.3 -230.61+0.42 108.08+0.28  165.97+0.36  -57.88+0.35 -110.92+0.65 -11.59+0.15 -99.33+0.6 2.77+0.02 0.6462 + 0.0025 0.09594 £0.00114  0.04945+0.00067  1.00362 +0.00761
23 280.49+0.26  6.85+0.48 241.36+0.35  -234.51+0.32 111.04+0.22 170.57+0.48 -59.53+0.48 -113.5+0.66 -11.91+0.13  -101.59+0.63  2.84+0.02 0.6267 £ 0.0029 0.08383£0.00098  0.03996 £0.00057  1.00189 +0.00737
24 280.41+0.22  6.29+0.41 242.5+0.28 -236.21+0.33  111.74+0.26  171.84+0.35 -60.09+0.36 -114.76+0.56 -12.06+0.12  -102.7£0.57 2.87+0.02 0.619 £ 0.0026 0.07962 £ 0.00066  0.0366 + 0.00056 1.0015 + 0.00797
25 280.4+0.27 5.88+0.43 243.13+0.32  -237.25+0.33  112.06+0.23 17256 £0.46 -60.51+£0.48 -11545+0.65 -12.16+0.14 -103.29+0.63  2.89+0.02 0.6133 £0.0028 0.07735+0.00073  0.0349 £ 0.00056 1.00089 +0.00818
26 280.35+0.26  5.59+0.39 243.44+029 -237.85+036 112.25+0.25 172.9+0.37 -60.65+0.35 -115.92+0.59 -12.18+0.1 -103.74+0.61  2.91+0.02 0.6099 +0.0026 0.07629 £0.00061  0.03385+0.00087  1.00167 £ 0.00813
27 280.34+0.25 531+0.38 243.62+031 -23831+0.29 11233+£0.24 173.11+£0.41 -60.78+0.43  -116.21+£0.56 -12.26+0.13  -103.95+0.6 2.92+0.02 0.6069 + 0.0034 0.07533 £0.00071  0.03305+0.00042  1.0011+0.00768
28 280.28+0.28  5.11+0.37 243.93+037  -238.82+0.28 112.48+0.26  173.47+0.47 -60.99+£0.47 -116.58+0.61 -1236+0.16 -104.22+0.61  2.92+0.02 0.6036 +0.0033 0.07422 +£0.00081  0.03216 £0.00043  1.00115 £ 0.00858
29 280.32+0.3 4.95+0.43 244.0+£0.35 -239.05+0.35 112.49+0.27 173.54+0.46 -61.05+0.45 -116.73+£0.59 -12.32+0.18 -104.41+0.58  2.93+0.02 0.6018 +0.0033 0.07398 +0.00073  0.03186 +0.00042  1.00108 + 0.00824
30 280.17 £ 0.31 0.54 + 0.41 236.07 + 0.28 -235.53 + 0.36 105.78 £ 0.26 165.57 £ 0.35 -59.79 + 0.39 -114.13 + 0.62 -11.99 + 0.14 -102.14 + 0.61 2.87 + 0.02 0.6146 + 0.0025 0.07776 + 0.00067 0.03467 + 0.0005  1.00037 + 0.00886
32 280.08 + 0.28 -0.08 = 0.43 237.09 + 0.34 -237.17 = 0.27 106.35 + 0.23 166.66 + 0.46 -60.31 + 0.47 -115.27 £ 0.55 -12.13 + 0.13 -103.13 + 0.6 2.9 = 0.02 0.6062 + 0.0024 0.07447 + 0.0008  0.03201 + 0.00055 1.00072 + 0.00858
33 280.07 = 0.28 -0.19 = 0.45 237.34 + 0.42 -237.52 = 0.35 106.52 + 0.29 166.92 + 0.52 -60.4 + 0.42 -115.57 + 0.61 -12.16 + 0.14 -103.41 + 0.58 2.91 + 0.02 0.6028 + 0.0037 0.07393 + 0.00063 0.03153 + 0.00041 1.00103 + 0.00849
34 280.06 = 0.25 -0.89 + 0.36 234.44 + 0.36 -235.33 + 0.35 104.42 + 0.28 164.15 + 0.44 -59.73 + 0.41 -114.11 + 0.54 -12.01 £ 0.16 -102.09 + 0.52 2.87 = 0.01 0.6168 = 0.0031 0.07773 + 0.00069 0.03483 + 0.0005  1.00153 + 0.00794
35 280.21 + 0.25 2.53 + 0.44 239.73 + 0.39 -237.2 + 0.33  108.41 + 0.26 168.65 £ 0.51 -60.24 + 0.44 -114.97 + 0.58 -12.15 + 0.13 -102.82 + 0.58 2.88 + 0.02 0.6129 * 0.003 0.0771 + 0.00081  0.03461 + 0.00046 1.00171 + 0.00781
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Table A4: Root mean square error (RMSE) and normalised RMSE by the range of the reference data (NRMSE) of
reference data minus simulation for the analysed time period (1990 to 2010).

Run LST TOApe TOAg TOAy, SRFhq SRFy,  SRF,,  HFLXnpe HFLXengble HFLXjgent Precip ACLC LWC  IWC TWS

K] Wm™?] Wm?] Wm™?] Wm™?] Wm?] Wm™?] [Wm?] Wm™?] [Wm™? [mmday’] [kgm™] [kgm™] [m]
2 (CTRL) RSME 488 9.044  7.131 11.839 56 5441 0909  42.858  5.205 15.966 0.092 002 0042 0027  0.06
2 (CTRL) NRMSE 0349 0411 0411 1535 0308 0312 0209 1129  1.136 1.227 0.28 0.554  2.936 10.765  0.66
3 RMSE 4919 8068  8.49 11.971 5228 5055 0942 42944 5.101 15.948 0.097 002 0042 0028  0.06
3 NRMSE 0351 0366  0.49 1552 0288  0.29 0217 1132 1114 1.226 0.295 0.564  2.934 10.888  0.663
4 RMSE 488 9.044  7.131 11.839 56 5441 0909  42.858  5.205 15.966 0.092 002 0042 0027  0.06
4 NRMSE 0349 0411 0411 1535 0308 0312 0209 1129  1.136 1.227 0.28 0554  2.936 10765 0.66
5 RMSE 4856 10.086  6.024 11731  6.18 6.069 0915 42753 5189 15.844 0.086 0019 0.042 0027  0.06
5 NRMSE 0347 0458 0348 1521 034 0348 021 1127 1133 1.218 0.261 0.548 2.907 10727 0.664
6 RMSE 4822 10524 5586 1158 6537 6382 0917 42781  5.198 15.882 0.088 0019 0.042 0027  0.06
6 NRMSE 0345 0478 0322 1501 036 0366 0211 1127 1135 1.221 0.268 053 2928 10661 0.665
7 RSME 49 908 6.651 11261 5789 576 0961 43206  5.073 16.191 0.099 002 0027 0042  0.06
7 NRSME 035 0412 0384 146 0319 033 0.221 1139 1.108 1.245 03 0.562  2.891 10.802  0.667
8 RMSE 488 9.044  7.131 11.839 56 5441 0909  42.858  5.205 15.966 0.092 002 0042 0027  0.06
8 NRMSE 0349 0411 0411 1535 0308 0312 0209 1129  1.136 1.227 0.28 0.554  2.936 10.765  0.66
9 RMSE 4858 8864  7.98 12292 5417 5172 0935 42505 5215 15.614 0.087 002 0043 0027  0.06
9 NRMSE 0347 0403 0444 1593 0298 029 0215 112 1.139 1.2 0.264 0.554  2.976 10716 0.661
10 RMSE 4.858 8.95 8106 12909 5318 5058 0968  42.013  5.241 15.133 0.076 0.02 0043 0027  0.06
10 NRMSE 0347 0406 0468 1674 0293  0.29 0222 1107  1.144 1.163 0.232 0.562  2.965 10.751  0.664
11 RMSE 4851 8861  8.676 13442 5223 4981  1.098  41.593  5.297 14.757 0.07 0021 0.043 0027  0.061
11 NRMSE 0.347 0.402  0.501 1743 0288 0285 0252  1.09  1.157 1.134 0.213 0.585 3.014 10.584  0.673
12 RMSE 4904 8424  7.847 11798 5259  5.11 0925 42521  5.201 15.616 0.087 0019 0.042 0027  0.06
12 NRMSE 035 0383 0453 1529  0.29 0293 0213 1121 1.135 1.2 0.265 0.538 291 10.789  0.663
13 RMSE 4909 7.938 8519 11782 5161 4983 0932 42506  5.167 15.565 0.085 0019 0042 0027  0.06
13 NRMSE 0.351 0.36 0.491 1527 0284 0285 0214 112 1.128 1.19 0.26 0.535 2.891 10.766  0.661
14 RMSE 4925 7706 8913  11.809 5162  4.98 0914 42523  5.147 15.564 0.086 002 0042 0027  0.06
14 NRMSE 0.352 0.35 0514 1531 0284 0285 021 1.121 1.124 1.19 0.263 0.554  2.894 10.767  0.659
15 RMSE 4916 7277 9732  11.834 5317 5154 0926 42457 5219 15.569 0.085 0019 0.042 0027  0.06
15 NRMSE 0.351 0.33 0.561 1534 0293 0295 0213 1119  1.139 1.197 0.257 0.541 2.892 10.75  0.665
16 (EMAC/JSBACH) RMSE  4.939 7.175  9.943  11.822 5367 5225 0919 42426 5.123 15.439 0.084 002 0042 0027  0.06
16 (EMAC/JSBACH) NRMSE 0.353 0326  0.574 1533 0296 0299 0211 1118 1.118 1.187 0.255 0.559 2.884 10728 0.658
17 RMSE 4897 7.46 958 12.068 5159  5.08 1414 4332 4976 16.21 0.102 0031 0.043 0027  0.06
17 NRMSE 035 0339 0553 1564 0284 0291 0325 1142  1.086 1.246 0311 0.867 3.001 10651 0.659
18 RMSE 4886 7.923 8713 11983 5215 4976  1.159  43.144 5019 16.072 0.098 0.027 0043 0027  0.06
18 NRMSE 0.349 0.36 0503 1553 0287 0285 0267 1137  1.09 1.235 0.296 0.763  2.979 10.657  0.662
19 RMSE 4881 8376 7986  11.892 5349 5078  1.03 43.044 5074 16.026 0.097 0.024 0043 0027  0.06
19 NRMSE 0.349 0.38 0.461 1542 0295 0291 0237 1134  1.108 1.232 0.296 0.671 2.956 10749  0.658
20 RMSE 488 9.044  7.131 11.839 56 5441 0909  42.858  5.205 15.966 0.092 002 0042 0027  0.06
20 NRSME 0349 0411 0411 1535 0308 0312 0209 1129  1.136 1.227 0.28 0.554  2.936 10.765  0.66
21 RSME 4869 9771 6328 1177 5967 6029 0991 4264  5.193 15.73 0.086 0016 0.042 0027  0.06
21 NRSME 0348 0444 0365 1526 0329 0345 0228 1124  1.134 1.209 0.261 0.455 2.883 10.853  0.665
22 RSME 488 9.044  7.131 11.839 56 5441 0909  42.858  5.205 15.966 0.092 002 0042 0027  0.06
22 NRSME 0349 0411 0411 1535 0308 0312 0209 1129  1.136 1.227 0.28 0.554  2.936 10.765  0.66
23 RSME 4935 9206  4.79 8.052  7.276 8439 1936 45337  4.89 18.198 0.151 0.007 0.03 0018  0.061
23 NRSME 0353 0418 0276  1.044 0401 0483 0445 1195  1.068 1.399 0.458 0198 2099  7.021 0.678
24 RSME 4965 8823  4.604 6443 779 9486 2422 4654 4746 19.287 0.184 0011 0.026 0014  0.062
24 NRSME 0355 0401 0266  0.835 0429 0543 0557 1226  1.036 1.483 0.559 0316 1.809 5697  0.683
25 RSME 4969 8561  4.626 5488 8026 10118 2827  47.213  4.649 19.878 0.203 0016 0024 0013  0.062
25 NRSME 0355 0389 0267 0711 0442 0579 0.5 1.244  1.015 1.528 0.615 0453 1.653 5024  0.689
26 RSME 4987 8377 4666 4949 8176 10407 2944  47.659  4.635 20.322 0.217 0019 0023 0012  0.062
26 NRSME 0.356 0.38 0269  0.642 045 0596  0.677 1256  1.012 1.562 0.66 0.541 1.58 4618 0.681
27 RSME 4992 8209 47 4545 8235 1059 3077  47.941 4557 20.531 0.226 0022 0022 0011 0.062
27 NRSME 0357 0373 0271 0589 0453  0.607 0707 1263  0.995 1.578 0.686 0621 1514 4293  0.686
28 RSME 5016 8.089 4777 4111 8355 10912  3.28 48.299  4.46 20.798 0.236 0.025 0.021 0.01 0.062
28 NRSME 0358 0367 0276 0533 046 0625 0754 1273 0974 1.599 0.716 0709 1438 3944  0.687
29 RSME 5001 8.001 4794 3931 8362 10975 3338 48444 4494 20.98 0.24 0.027 0.021 0.01 0.062
29 NRSME 0357 0363 0277 051 0.46 0.629 0767 1277  0.981 1.613 0.73 0758 1.421 3825  0.687
30 RSME 5061 6.618 8048  7.085  5.16 5.29 2148 45935 4814 18.735 0.18 0015 0024 0012  0.063
30 NRSME 0362 0301 0464 0918 0284 0303 0494  1.21 1.051 1.44 0.547 042  1.681 4933 0.696
32 RSME 5096 6.641 7234 555 5176 5763 2639  47.032 4675 19.72 0.213 0.023  0.021 0.01 0.063
32 NRSME 0364 0302 0417 072 0.285 033 0.607 1239  1.021 1.516 0.646 0639 1455  3.888  0.692
33 RSME 5103 6.652  7.05 5239 5196 5901 2715  47.327  4.649 19.994 0.221 0.026  0.02 0.009  0.062
33 NRSME 0365 0302 0407 0679 028 0338 0624 1247  1.015 1.537 0.67 0731 1417  3.696  0.688
34 RSME 5106 6.75 9431 7269 5368 4993 2097 45914 4795 18.691 0.182 0013 0024 0013  0.062
34 NRSME 0365 0307 0544 0942 0296 0286 0482  1.21 1.047 1.437 0.554 0367 1678 4995  0.682
35 RSME 5044 6939 5466 5533 5733 6987 2575 46752  4.658 19.413 0.194 0016 0.024 0012  0.062
35 NRSME 036 0315 0315 0717 0316 04 0592 1232  1.017 1.492 0.59 0463 1636 4909  0.68
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Table A5: Selection of newly available output variables and diagnostics of the JSBACH submodel.

Process
Variable

Additional information

Radiation
Surface albedo

Photosynthetic active radiation
(PAR)
Fraction of absorbed PAR

Surface Energy Balance
Surface temperature

Sensible and latent heatflux

Heat capacity of soil
Turbulence

Surface roughness length

Soil and Snow Energy
Ground heat conductivity
Ground heat capacity
Ground heat flux
Volumetric soil field capacity
Volumetric porosity of ground
Density of snow on soil
Snow depth
Thawing depth

Assimilation
CO2 concentration at surface
level
Dark respiration

Disturbance

Fraction of burned foliage projec-

tive cover (FPC)

Fraction of damaged FPC from
wind

Amount of carbon relocated by
wind and fire damage

Available in the visible and near infrared range
for soil, snow, ice, water, canopy and separately
for each Plant Functional Type (PFT).

Available are total, direct and diffuse parts for
each canopy layer and PFT.

Available are total, direct and diffuse parts for
each canopy layer and PFT.

Available for land, ice, water, snow, five soil and
three snow levels.

Available for land, ice and water.

Available for land and water.

Available for Orography, momentum and heat.
All are available for each PFT.

Available for each soil and snow layer.
Available for each soil and snow layer.
Available for each soil and snow layer.
Available for each soil layer.

Available for each soil layer.

Available for each snow layer.
Available for each snow layer.
Available for each snow layer.

Available for each canopy level and PFT.
Available for each PFT.

Available for each PFT.
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Table A6: Selection of newly available output variables and diagnostics of the JSBACH submodel.

Process

Variable

Additional information

Hydrology

Fraction of organic material in
soil layers

Volume fraction of frozen water
Wet (skin reservoir) fraction
Water and ice content

Water content in root zone
Water stress factor of canopy
Depth of each soil layer that can
be saturated with water

Rooted depth per soil layer (until
rooting depth)

Volumetric permanent wilting
point

Evapotranspiration

Humidity at lowest atmospheric
level
Surface drag coefficients

Carbon

Plant carbon pools

A bove ground and below ground
litter carbon pools

Gross assimilation

Soil heterotrophic respiration
Gross primary productivity
Net primary productivity

Phenology

Fuel

Leaf area index (LAI)

Amount of fuel available for fire

Available for each soil layer.

Available for each soil layer and canopy level.
Available for each soil and snow layer and the
total columns.

Available for land, water, ice, vegetation, soil,
snow and skin reservoir.

Available for land, water and ice.

Available for carbohydrate reserve (sugars,
starches) that allows plants to survive. Additional
for stems, thick roots and other (dead) structural
matter and last for biomass harvested from crops.
Available for green and woody litter, plus acid,
water and ethanol soluble litter and non soluble
litter.

Available for each canopy layer and PFT.
Available for each canopy layer and PFT.
Available for each canopy layer and PFT.
Available for each canopy layer and PFT.

Available for each canopy layer and PFT.

Available for each PFT.
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Supplement of

The Effect of Biomass Burning Aerosol Emissions on Global

Gross Primary Productivity

Content

Table B7: Overview of plant functional types at measurement sites

Table B8: Overview of the submodels comprising the simulations

Table B7: Overview of the analyzed the measurement sites with corresponding Plant Functional Type

(PFT) coverage of the EMAC/JSBACH simulation.

Aeronet Site Fluxnet Site Fluxnet PFT EMAC/JSBACH PFTs and their cover frac- (%)
tion
Alta Floesta BR-Sal Evergreen Broadleaf Forest (EBF) Tropical Broadleaf Evergreen 92.86
(10S, 56W) (2.8S, 54.9W) Raingreen Shrubs 2.42
Fluxnet-EBF 2015 C3 Grass 0.36
C4 Grass 1.74
C3 Pasture 0.06
C4 Pasture 0.31
C3 & C4 Crops 2.24
Wasekesu CA-Oas Deciduous Broadleaf Forest (DBF)  Extra-Tropical Evergreen 18.24
(53N, 106W) (53.6N, 106.2W) Extra-Tropical Broadleaf Deciduous 8.28
Fluxnet-DBF 2015 C3 Grass 7.11
C4 Grass 0.82
C3 Pasture 0.85
C4 Pasture 0.1
C3 & C4 Crops 64.6
Konza EDC US-Ne3 Crops (CRP) Extra-Tropical Evergreen 1.52
(39N, 96W) (41.2N, 96.4W) Extra-Tropical Broadleaf Deciduous 1.52
Fluxnet-CRP 2015 C3 Grass 7.18
C4 Grass 8.37
C3 Pasture 4.05
C4 Pasture 4.72
C3 & C4 Crops 72.6
Tuscon US-Whs Shrubs (SHR) Tropical Broadleaf Deciduous 8.85
(32N, 111W) (31.7N, 110.1W) Extra-Tropical Evergreen 6.35
Fluxnet-SHR 2015 Extra-Tropical Broadleaf Deciduous 0.44
& Raingreen Shrubs 28.36
US-Wkg Grass (GRA) C3 Grass 8.2
(31.7N, 109.9W) C4 Grass 22.7
Fluxnet-GRA 2015 C3 Pasture 0.06
C4 Pasture 0.17
C3 & C4 Crops 24.87
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Table B8: Overview of the submodels comprising the simulations including short description and reference.

PROCESS SUBMODELS  Short Description

Reference

AEROPT
AIRSEA
ALBEDO

BIOBURN
CLOUD

CLOUDOPT
CONVECT
CVTRANS
DDEP
DRADON

E5VDIFF

EVER
GMXE

GWAVE

HD
IONS
JSBACH
JVAL
LNOX
MECCA
MEGAN
NAN
OFFEMIS
ONEMIS
ORACLE
ORBIT
OROGW

QBO
RAD
SCAV
SEDI
SCOUT

TNUDGE
TROPOP

Calculation of aerosol optical properties.

Deposition and emission of tracers over the ocean and the ocean surface water.
Solar zenith angle dependent and satellite-based background (white-sky)

albedo.
Biomass burning fluxes based on Global Fire Assimilatin System data.
ECHAMS5 cloud scheme as MESSy submodel.

Calculation of cloud optical properties.
Convection parametrisations.
Convection transport of tracers due to convection.

Gas phase and aerosol tracer dry deposition based on the big leaf approach.
Emission and decay of 222-Rn, optionally the complete decay chain up to

210-Pb.
Land-atmosphere exchange and vertical diffusion based on ECHAMS.

Aerosol emissions in different vertical ranges and shapes.

Mircophysical processes including nucleation, coagulation and aerosol proper-

ties.

ECHAMS5 non-orographic gravity wave routines plus additional drag

parametrisiations.

Hydrological Discharge model for present day rivers.

Ton pair production rates from Radon decay and Galactic Cosmic Rays.
Land surface and vegetation model.

Photolysis rate coefficients based on clouds, ozon concentration and aerosols.

Parameterisation of NOx produced by lightning.
Tropospheric and stratospheric chemistry calculation.

Ecosystem emissions, implemented in EMAC via the PCEEA algorithm.

Calculation of aerosol nucleation rates.

Reading 2D/3D emissions from netCDF and updating tracer tendencies.

2D emission fluxes of gas-phase tracers.

Organic aerosol composition and evolution in the atmosphere.
Calculation of orbital parameters of the Earth orbit around the sun.
Parameterisation of drag from subgrid orography and gravity waves.

Assimilation of QBO zonal wind observations.

ECHAMS5 radiation code with extended features.

Wet deposition and liquid phase chemistry in precipitation fluxes.
Aerosol sedimentation.

(Dietmdiiller et al. 2016)
(Pozzer et al. 2006)
(Nutzel et al. 2023)

(Kaiser et al. 2012)
(Roeckner et al. 2006; Tost
2023)

(Dietmdiiller et al. 2016)
(Tost et al. 2006b)
(MESSy-webpage 2023)
(Kerkweg et al. 2006)
(Jockel et al. 2010a)

(Roeckner et al. 2003; MESSy-
webpage 2023)

(Kohl et al. 2023)

(Pringle et al. 2010)

(Hines  1997; MESSy-
webpage 2023)
(MESSy-webpage 2023)
(MESSy-webpage 2023)
(Martin et al. 2024)

(Sander et al. 2014)

(Tost et al. 2007)

(Sander et al. 2019)
(Guenther et al. 2006)
(MESSy-webpage 2023)
(Kerkweg et al. 2006)
(Kerkweg et al. 2006)
(Tsimpidi et al. 2014)
(Dietmiiller et al. 2016)
Chapter 7 of (Roeckner et al.
2003)

(MESSy-webpage 2023)
(Dietmiiller et al. 2016)

(Tost et al. 2006a)

(Kerkweg et al. 2006)

High-frequency output of model data at the position of stationary observato- (Jéckel et al. 2010b)

ries.
Newtonian relaxation of species as pseudo-emission.
Tropopause (WMO + PV) and other diagnostics.

(Kerkweg et al. 2006)
(MESSy-webpage 2023)
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