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Abstract

The Earth’s climate depends on the interactions among multiple interconnected com-
ponents of the Earth system, including the atmosphere, hydrosphere, cryosphere,
biosphere, and anthroposphere. Each of these components exerts varying degrees of
influence on the others, which can either amplify or dampen one system responses.
These complex interactions and feedbacks make it challenging to monitor, study, and
model the climate and ecosystems, as their effects can occur locally or globally and
operate over short to long timescales. For instance, drought can locally accelerate
leaf shedding in forests, whereas rising global temperatures can gradually increase
tree mortality and induce species migration.

The land-atmosphere interface represents one of the key hotspots of these interac-
tions. Yet, regional studies often rely on models that simulate only one side of the
land-atmosphere boundary while prescribing the other, thereby limiting the repre-
sentation of coupled feedback.

This thesis investigates how remote sensing data and process-based modelling can
improve the representation of land-atmosphere interactions in regional models. Specif-
ically, we integrate satellite observations into the regional climate model MAR and
couple it with the dynamic vegetation model CARAIB to provide more dynamic
and physically consistent surface conditions.

First, we assessed the sensitivity of MAR to vegetation cover density by replacing its
standard leaf area index input derived from a fixed MERRA2 monthly climatology at
50 km resolution with satellite leaf area index data from MODIS. This replacement
enhanced both spatial resolution (500 m) and temporal frequency (8-day). Despite
not explicitly modelling vegetation dynamics, MAR’s internal modules responded
to changes in vegetation density, showing increased maximum daily temperatures
during droughts and reduced extreme precipitation, although effects over longer pe-
riods upon the present climate remained less clear.

Building on these findings, we developed a two-way coupling between MAR and
CARAIB using file exchange, enabling each model to use the outputs of the other
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as inputs. This coupling enables a more comprehensive representation of feedbacks
between the land surface and the atmosphere. The coupled system exhibited sta-
ble behaviour over Western Europe, showing no climate drift and exhibiting good
agreement with observations. Compared to the uncoupled configuration, it pro-
duced denser vegetation, enhanced day-to-day vegetation variability, and a stronger
response to drought events.

Finally, we integrated satellite microwave observations into MAR to estimate the
occurrence of wet snow over Antarctic ice shelves. As remote sensing remains one
of the only viable means to monitor surface-melt extent across Antarctica, we ap-
plied a temperature nudging approach to align MAR’s simulated wet snowpack with
satellite-derived observations over the Antarctic Peninsula. The results revealed that
MAR systematically underestimates wet-snow extent, particularly during the early
and late melt seasons. Substantial increase in the snowpack temperature was re-
quired to match satellite observations, suggesting possible underestimation of surface
melt quantity or excessive refreezing and percolation processes. Despite the strong
increase in surface melt induced by the integration of the satellite data, the sim-
ulated surface mass balance remained largely unchanged due to MAR’s snowpack
absorption capacity.

In summary, both the coupling and integration experiments improved the repre-
sentation of land-atmosphere interactions in MAR by providing it with dynamical
data and more representative observed surface conditions. These developments are
essential steps toward a better understanding of surface processes and reducing un-
certainties in long-term regional climate projections.
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Résumé

Le climat Terrestre dépend des interactions entre de multiples composantes intercon-
nectées du système terrestre, telles que l’atmosphère, l’hydrosphère, la cryosphère, la
biosphère ou l’anthroposphère. Chacune exerce sur les autres, a des degrés variables,
des forçages qui peuvent amplifier ou compenser les forçages venant d’autres sys-
tèmes. Ces interactions et rétroactions complexes rendent difficile l’étude et la mo-
délisation du climat et des écosystèmes naturels, puisque leurs effets peuvent se
manifester à la fois localement et globalement, mais aussi sur des échelles de temps
longues ou courtes. Par exemple, une sécheresse peut localement accélérer la chute
des feuilles dans une forêt, tandis que l’augmentation globale des températures peut
accroître la mortalité des arbres ainsi qu’induire la migration de différents espèces.

L’interface entre la surface de la Terre et l’atmosphère constitue l’un des lieux prin-
cipaux de ces interactions. Cependant, les études régionales reposent souvent sur des
modèles ne simulant qu’un seul côté de cette interface, tout en prescrivant l’autre,
ce qui limite la représentation des rétroactions.

Cette thèse explore comment l’utilisation de données de télédétection et de mo-
délisation pourrait améliorer la représentation des interactions entre la surface et
l’atmosphère dans les modèles régionaux. Plus précisément, nous intégrons des ob-
servations satellitaires dans le modèle climatique régional MAR et le couplons ensuite
avec le modèle dynamique de végétation CARAIB afin d’offrir à MAR des conditions
de surface plus dynamiques et physiquement cohérentes.

Dans un premier temps, nous avons évalué la sensibilité de MAR à la densité de
la couverture végétale. Pour cela, nous avons remplacé l’indice de surface foliaire
(LAI) qu’il utilise comme entrée du model, et dérivé d’une climatologie mensuelle
fixe de MERRA2 à 50 km de résolution spatiale, par des données de LAI dérivées
d’observation satellitaires de MODIS. Ce changement a permis d’améliorer à la fois
la résolution spatiale (à 500 m) ainsi que la fréquence temporelle (à 8 jours) du jeux
de donnée utilisé. Bien que MAR ne simule pas explicitement toute la dynamique de
la végétation, ses variables internes ont bien été influencés par la variation de den-
sité du couvert végétal. Les résultats montrent une augmentation des températures
maximales journalière durant les sécheresses et une réduction des précipitations ex-
trêmes. Cependant, les effets observés sur le climat actuel et pour des périodes plus
longues demeurent moins nets.

En se basant sur ces résultats, nous avons ensuite développé un couplage bidirec-
tionnel entre MAR et CARAIB, via un échange de fichiers, pour permettre à chaque
modèle d’utiliser les sorties de l’autre comme entrées. Ce couplage permet de mo-
déliser une meilleure représentation des rétroactions entre la surface terrestre et
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l’atmosphère. Le système couplé s’est montré stable sur l’Europe de l’Ouest, sans
dérive climatique et présente une bonne concordance avec les observations. Par rap-
port à la configuration non couplée, les résultats simulés montrent une végétation
plus dense, une variabilité quotidienne de la végétation accrue ainsi qu’une réponse
aux épisodes de sécheresse plus marquée.

Enfin, nous avons intégré des observations satellitaires micro-ondes dans MAR afin
d’estimer l’occurrence de neige humide sur les plateformes glaciaires en Antarctique.
La télédétection demeure aujourd’hui l’un des rares moyens d’observer l’étendue de
la fonte en surface à l’échelle du continent. Afin d’aligner l’extension de neige humide
simulée par MAR sur celle observée par les satellite en péninsule Antarctique, nous
avons appliqué une approche de nudging pour ajuster la température du manteau
neigeux et le faire fondre. Les résultats révèlent que MAR sous-estime systématique-
ment l’étendue de neige humide, notamment en début et fin de saison de fonte. Une
augmentation fréquente de la température du meanteau neigeux a été nécessaire
pour reproduire les extensions de fonte observées. Cela suggére une sous-estimation
des processus de fonte en surface ou, à l’inverse, une surestimation du regel et de la
percolation. Malgré cette augmentation de fonte de surface causée par l’augmenta-
tion de température du manteau neigeux, le bilan de masse en surface simulé reste
globalement inchangé grâce à la capacité d’absorption du manteau neigeux des pla-
teformes glaciaires en Antarctique de MAR.

Les expériences de couplage et d’intégration ont donc permis d’améliorer la représen-
tation des interactions surface-atmosphère dans MAR en introduisant des conditions
de surface plus réalistes et dynamiques. Ces développements constituent une étape
essentielle pour mieux comprendre les processus de surface et réduire les incertitudes
dans les projections climatiques régionales.
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CHAPTER 1. INTRODUCTION

1.1 General Context

1.1.1 Climate change and the Earth system

Climate is a key determinant of species distributions and ecosystem functioning.
Long-term climatic regimes, including patterns of temperature, water availability,
and wind, play a fundamental role in determining which plants can grow and which
animals will be able to survive (Woodward and Williams, 1987; Guisan and Thuiller,
2005; Parmesan, 2006). Building a resilient and balanced ecosystem takes time
(De Leo and Levin, 1997). Yet, since the industrial revolution, humans have unin-
tentionally altered the climate by increasingly releasing greenhouse gases (GHGs)
in the atmosphere, mainly from the combustion of fossil fuels such as coal, oil, and
natural gas. These emissions are driving unprecedented changes in the Earth’s cli-
mate system (Meinshausen et al., 2011; Taylor et al., 2012; Eyring et al., 2016;
Meinshausen et al., 2020).

The primary consequence of rising GHG concentrations is a global temperature
increase, which is projected to continue throughout the century if no significant
mitigation efforts are undertaken (Fig. 1.1; IPCC, 2023b). As a result, both the
Earth’s atmosphere and oceans are warming (Held and Soden, 2006; Moss et al.,
2010), polar ice caps are melting (Rignot et al., 2019; Glaude et al., 2024), sea levels
are rising (Fairbanks, 1989), and forest fires are becoming more frequent and intense
(Carnicer et al., 2011; Dai, 2011; Allen et al., 2015).

These events are intensifying over time and have direct consequences for human so-
cieties (IPCC, 2023b). Populations are being forced to migrate due to crop failures,
increasing flood or fire risks, and other climate-induced stresses, which in turn can
lead to armed conflicts over territory and basic resources (McMichael, 2015).

In this undeniable context, studying the climate has become an urgent scientific and
societal priority (Biella et al., 2024). This growing need to better understand the
Earth system has prompted the scientific community to mobilize collectively to in-
vestigate ongoing changes, mitigate human impacts on the climate, and guide the im-
plementation of adaptation strategies that can help ensure more liveable conditions
worldwide. These efforts have led to the establishment of major international scien-
tific bodies, most notably the Intergovernmental Panel on Climate Change (IPCC).
Created to provide regular assessments of the scientific basis of climate change, its
impacts and future risks, as well as options for adaptation and mitigation, the IPCC
plays a central role in synthesizing current knowledge. Its core mission is to evaluate
the state of climate science by drawing on the global scientific literature and expert
consensus (IPCC, 2024).

To guide both the scientific community and the policymakers in this complex sys-
tem, the Global Climate Observing System (GCOS) program developed the concept
of Essential Climate Variables (ECVs). The ECVs are physical, biological, or chem-
ical variables (or groups of variables) that critically characterise the Earth’s climate
(Bojinski et al., 2014). The concept of ECVs should not be understood as a set of
isolated variables; rather, it forms part of a broader framework that provides guide-
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CHAPTER 1. INTRODUCTION

Figure 1.1: Projected increase in temperature compared to 1850-1900 given different
shared socio-economic pathways (IPCC, 2023b, adapted).

line on the observation of ECVs, their relevance, and prioritization. In this way,
the ECVs framework helps translate a complex observational landscape into a more
structured and manageable set of actions (Bojinski et al., 2014).

While ECVs provide a structured framework to observe and monitor the climate sys-
tem, they do not act independently. Earth’s climate variability and change emerge
from the interactions among several interconnected spheres: the biosphere, hydro-
sphere, atmosphere, lithosphere, cryosphere, and, more recently, the anthroposphere
(Seneviratne et al., 2010; Vogel et al., 2017; IPCC, 2023b; Bevacqua et al., 2024).
Each component of this system can actively influence the others through dynamic
interactions (Seneviratne et al., 2006, 2010; Strengers et al., 2010; Zhang et al.,
2018). For instance, drought periods can influence vegetation health (Jonard et al.,
2011; Kolb et al., 2019), while large-scale infrastructure, such as dam construction,
can significantly modify regional hydrological cycles and contribute to the drying of
downstream ecosystems (Swanson et al., 2021).

In some cases, interactions between components of the Earth system can trigger
loops that either dampen or amplify the initial perturbation. These processes are
known as climate feedbacks (Dirmeyer et al., 2006; Liu et al., 2006; Chen et al.,
2022a). Although difficult to study, they are essential for understanding current
functioning of the climate system, as such feedbacks are pervasive throughout the

3



CHAPTER 1. INTRODUCTION

Earth system (Zhang et al., 2014; Ho-Hagemann et al., 2017; Santanello et al., 2018;
Chen et al., 2022a; Delhasse et al., 2024).

An example of positive feedback is the amplification of warming in polar regions: an
increase in temperature leads to snow and ice melt, as well as greening of the region,
which reduces surface albedo. This results in less solar radiation being reflected back
into space and more energy being absorbed by the surface, thereby further increasing
temperatures (Vogel et al., 2017; Stuecker et al., 2018; Zhang et al., 2018). Another
example is that forest fires can dry out soils, increase atmospheric greenhouse gas
concentrations, and generate substantial amounts of dead biomass, thereby increas-
ing the probability of subsequent fire events (Certini, 2005; Westerling et al., 2006;
Gonzalez et al., 2010; Abatzoglou and Williams, 2016). Conversely, negative feed-
back can occur when rising land surface temperatures enhance convective activity,
leading to increased cloud formation. These clouds can promote precipitation, in-
crease albedo, and in turn, cool down the land surface (Ho-Hagemann et al., 2017;
Gröger et al., 2021).

The land-atmosphere (L-A) boundary, in particular, is a hotspot for these inter-
actions. Many land and atmospheric ECVs, such as surface air temperature, soil
moisture, above-ground biomass, and evaporation from land, are tightly coupled
through physical and biological processes occurring at the L-A interface. Under-
standing how these variables interact, rather than considering them in isolation,
is therefore essential to interpret observations consistently and to improve climate
prediction. This makes L-A interactions a central element in the Earth system
feedbacks.

1.1.2 Land-atmosphere interactions

At the L-A interface, interactions involve numerous components of the Earth sys-
tem (Fig. 1.2; Santanello et al., 2018) and play a crucial role in shaping weather
and climate (Dirmeyer et al., 2006; Santanello et al., 2018). These interactions can
be understood through the exchange of energy, water, and momentum between the
surface and the atmosphere, which governs the behaviour of the lower atmosphere.

The energy available at the surface consists of the balance between incoming solar
radiation (modulated by the surface albedo), the longwave radiation emitted by the
overlying atmosphere, and the longwave radiation emitted by the surface. This net
radiation is partitioned into soil heat flux, sensible heat flux (which warms the air
column above the surface), latent heat flux (associated with evapotranspiration),
and snowmelt (Bonan, 2015). Unlike sensible heat flux, latent heat flux can have
non-local effects on the atmosphere, as evaporated water is transported upward
through convection, where it condenses, releases latent heat, contributes to cloud
formation, and ultimately leads to precipitation (Sellers et al., 1997). This parti-
tioning is strongly controlled by soil moisture availability. When soils are moist, a
larger fraction of energy is used for evapotranspiration, atmospheric humidity and
moderated surface temperatures. Conversely, under dry conditions, evapotranspi-
ration is limited, and more energy can be converted into sensible heat, enhancing
surface warming. These processes directly influence the development of the plane-
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Figure 1.2: Schematic representation of local land-atmosphere interactions in a sta-
ble synoptic pattern, including soil moisture-precipitation feedback. Solid arrows indicate
positive feedback, while dashed arrows represent negative feedback. The red arrows indi-
cate radiative processes, black arrows indicate surface layer and Planetary Boundary Layer
(PBL) processes, brown arrows indicate land surface processes. The dotted blue line rep-
resents the top of PBL (Santanello et al., 2018, adapted). From an original image of Ek
and Mahrt (1994) and Ek and Holtslag (2004).

tary boundary layer and can affect cloud formation and precipitation (Seneviratne
et al., 2010; Santanello et al., 2018).

Vegetation plays a central and active role in these exchanges by regulating both
water and energy fluxes through a combination of biophysical and biogeochemical
processes (Meir et al., 2006). It directly influences surface albedo and thus the
amount of energy absorbed at the surface. Forests typically have lower albedo than
non-forested areas, leading to greater absorption of solar radiation and potential
localized surface warming. However, this additional energy can also enhance evap-
otranspiration, generating a cooling effect. This cooling effect is further reinforced
by vegetation through multiple mechanisms. Plants can access deeper soil water, in-
creasing the availability of water for transpiration, while increased surface roughness
enhances turbulent exchanges and promotes evaporation (Meir et al., 2006). The
transfer of water from soil to atmosphere is regulated by plant transpiration, which
is tightly linked to photosynthesis. During photosynthesis, photosynthetically ac-
tive radiation is used by plants to transform atmospheric CO2 and water into sugar
and organic compounds. During that process, an open path is required for the at-
mospheric CO2 to enter the plant tissues. To assimilate it, plants open stomata,
allowing gas exchange but also causing water loss (Jarvis, 1976; Sellers et al., 1997).
This stomatal conductance responds dynamically to environmental conditions such
as radiation, temperature, and water stress (Jarvis, 1976; Bonan, 2015). For exam-
ple, plants will respond to environmental stress, such as drought, by closing their
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stomata to conserve water and prevent desiccation. This regulation directly in-
fluences evapotranspiration rates and thus the partitioning of available energy at
the surface. Therefore, stomatal closure or leaf shedding can further amplify L-A
feedbacks by reducing evapotranspiration and increasing sensible heat flux, thereby
enhancing near-surface warming (Teuling et al., 2010; Seneviratne et al., 2010).

Building on these processes, numerous studies have investigated L-A interactions
in their various forms using multitude of techniques like remote sensing, field ob-
servations, or numerical modelling. Relatively intuitive processes, such as the link
between soil moisture and atmospheric variables like temperature or precipitation,
have been thoroughly explored (Seneviratne et al., 2010; Miralles et al., 2012; Hsu
et al., 2017; Vogel et al., 2017), highlighting differences in both the strength and the
mechanisms of L-A coupling depending on time and location. Additional studies,
including those based on observational data and coordinates initiatives, have further
identified so-called “hotspots” of L-A coupling (Dirmeyer et al., 2006; Lorenz et al.,
2015).

Using correlation-based metrics (e.g., the correlation between latent and sensible
heat fluxes, or between evaporative fraction and soil moisture), Knist et al. (2017),
with EURO-CORDEX simulations (Jacob et al., 2014), identified clear regional
contrasts across Europe. Northern Europe was found to be a zone of weak L-A cou-
pling, where land surface temperature primarily controls near-surface atmospheric
humidity. This results in relatively similar near-surface gradients of temperature
and humidity, producing a modelled positive correlation between sensible and la-
tent heat fluxes. In contrast, Southern Europe was identified as a region of strong
L-A coupling, where soil moisture strongly constrains evapotranspiration, and thus
near-surface humidity, while temperature gradients and sensible heat fluxes can still
increase due to solar radiation. Because latent heat fluxes further deplete soil mois-
ture, correlations between fluxes tend to weaken or even become negative. Central
Europe acts as a transition zone, where models diverge in their classification: some
simulations describe it as strongly coupled, while others indicate weak coupling.
This North/South behaviour had already been reported in earlier studies using sim-
ilar approaches (Dirmeyer et al., 2006; Dirmeyer, 2011). Studying this transition
zone is therefore also important as the coupling strength could and will probably
change in the future due to climate change (Seneviratne et al., 2006).

Because of the critical role of vegetation in shaping climate (Gloege et al., 2022; Roe-
broek et al., 2025), studies have increasingly focused on testing different vegetation
scenarios in climate models, both at the global scale (Chase et al., 1996; Delire et al.,
2011; Chen et al., 2022a; King et al., 2024) and at regional scales (Heck et al., 2001;
Davin et al., 2020; Anwar and Diallo, 2021; Jiménez-Gutiérrez et al., 2021), some-
times hinting toward the non-local effects of vegetation on climate (Hua et al., 2023).

Recent research has also investigated whether afforestation scenarios could con-
tribute to climate change mitigation (King et al., 2024; Bright et al., 2025; Engel
et al., 2025). These studies highlight effects that are not always intuitive. For in-
stance, Bright et al. (2025) showed that biogeophysical radiative forcings in Europe
are highly localized and largely dominated by surface albedo. Engel et al. (2025)
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found that reforesting non-forested regions could both mitigate effects of climate
change but also decrease soil water availability in some areas and consequently in-
crease the drying trend induced by climate change. Similarly, King et al. (2024)
also reported local decreases in soil water availability and temperature increases,
consistent with the findings of Engel et al. (2025). King et al. (2024) also observed
limited large-scale impacts on precipitation and atmospheric circulation, contrasting
with earlier studies such as Portmann et al. (2022) or De Hertog et al. (2024).

However, because land surface properties such as land cover, vegetation type, and
soil texture are highly heterogeneous in space and time, generalizing measurements
and studies from one location to another is challenging. Moreover, the scarcity of
observations hampers the study of these interactions (Santanello et al., 2018).

Recognizing the need to better understand system feedbacks and the interactions
between land and atmosphere, the scientific community initiated several major in-
ternational efforts. For example, the Global Land-Atmosphere Coupling Exper-
iment (GLACE; Koster et al., 2004; Guo et al., 2006; Koster et al., 2006) and
the Global Energy and Water Exchanges Local Land-Atmosphere Coupling (San-
tanello et al., 2018) initiative (GEWEX LoCo) were established to address these
challenges. These programs take advantage of the advances of major field cam-
paigns designed to capture comprehensive observations across the soil-vegetation-
atmosphere continuum, such as the First International Satellite Land Surface Cli-
matology Project (ISLSCP) Field Experiment (FIFE; Hall and Sellers, 1995), the
Cooperative Atmosphere-Surface Exchange Study (CASES; Yates et al., 2001; Mo-
eng et al., 2003), and more recently, the Land-Atmosphere Feedback Experiment
(LAFE; Wulfmeyer et al., 2018). In parallel, global modelling initiatives such as
the Coupled Model Intercomparison Project phase 6 (CMIP6; Eyring et al., 2016)
provided a framework to evaluate L-A feedbacks across climate models.

Another important form of L-A interaction occurs through surface melt of the polar
ice caps (Trusel et al., 2013; Gilbert and Kittel, 2021). Unlike soil moisture or vegeta-
tion feedbacks, which directly influence local atmospheric conditions, polar surface
snow melt is largely a response to atmospheric forcing, with surface temperature
acting as the dominant driver (van den Broeke et al., 2016; Tedesco and Fettweis,
2020). Therefore, the polar ice sheets are highly sensitive to climate change, and
their destabilization could ultimately contribute more than 60 m to global sea-level
rise (Church et al., 2013; Fretwell et al., 2013). In such manner, their impacts ex-
tend well beyond the regional scale, making them a critical component of the Earth
system.

In Antarctica, surface melt generally accounts for a smaller fraction of mass loss
compared to basal melting or iceberg calving (Trusel et al., 2015; Bell et al., 2018;
Rignot et al., 2019; Gilbert and Kittel, 2021). In contrast, Greenland has expe-
rienced a marked increase in surface melt since the late 1990s (Noël et al., 2017).
Combined with relatively stable precipitation and refreezing rates, this has led to
enhanced runoff and a sustained decline in surface mass balance, the net effect of
accumulation (snowfall and rainfall) and ablation (runoff, evaporation, sublimation,
and snow drift) (Fig. 1.3; Noël et al., 2017).
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Figure 1.3: Evolution of the annual cumulative components of the surface mass balance
(SMB), i.e., surface melt (ME), runoff (RU), total precipitation (PR), and rainfall (RF) for
the period 1958-2015 of (a) Greenland’s glaciers and ice caps, and (b) the Greenland ice
sheet. Total sublimation and snow drift erosion are not included in the graphic. Dashed
lines represent the 1997-2015 trends (Noël et al., 2017, adapted).

Beyond direct mass loss through runoff, an increase in surface melt, mostly trig-
gered by a temperature increase, also initiates feedback processes with important
climatic implications like a reduction in snow/ice albedo (Curry et al., 1995; Zeitz
et al., 2021), or a weakening or disintegration of ice shelves (Scambos et al., 2003;
Lai et al., 2020). The ice shelves, the floating extensions of the Antarctic ice sheet,
provide a buttressing effect (Fürst et al., 2016) that slows inland ice flow and conse-
quently limits basal melt by reducing exposure to ocean waters (Favier and Pattyn,
2015; Paolo et al., 2015). Their thinning or collapse therefore generates a “double
loss”: first from the disappearance of the shelves themselves, and second from the
acceleration of grounded ice discharge into the ocean (Rott et al., 1996; Banwell
et al., 2013; Corti et al., 2014).

Overall, existing studies show that L-A interactions remain subject to significant un-
certainty (Seneviratne et al., 2010; Santanello et al., 2018). Land-surface parametri-
sations and the representation of key processes in individual models strongly in-
fluence the estimated coupling strength and pathways of interactions (Knist et al.,
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2017; Crowhurst et al., 2020). Multi-model studies often highlight not only dif-
ferences in magnitude but, in some specific cases, even in the sign of the studied
metrics, underscoring the extent of structural uncertainty across models (Dirmeyer
et al., 2006; Davin et al., 2020; Glaude et al., 2024). These uncertainties are further
amplified by observational limitations, since key land-surface states and fluxes such
as soil moisture, surface fluxes, and vegetation dynamics, remain difficult to measure
routinely and at the spatial and temporal resolutions required (Koster et al., 2009).

Such limitations have direct consequences for both weather and climate predictions.
Misrepresentation of L-A feedbacks can, for instance, lead to significant biases in
the simulation of temperature and precipitation extremes, including droughts and
heatwaves (Seneviratne et al., 2010; Santanello et al., 2018). Addressing these uncer-
tainties requires a combination of observation (e.g., satellite missions and flux tower
networks), model intercomparisons, and novel approaches such as data assimilation.
Together, these efforts represent essential steps toward reducing uncertainty in L-A
interactions, while improving both the predictive capacity of climate models, and
the representation of ecosystem processes.

In this thesis, we use two of these key approaches to study the climate system and L-
A interactions: numerical modelling and satellite-based remote sensing. These two
approaches are now central to climate science, providing ways to simulate climate
processes and to observe the Earth system at large spatial and temporal scales. The
next sections introduce these two techniques.

1.1.3 Modelling

Since the advent of computers, scientists have developed numerical models for a wide
range of applications, from predicting stock market trends (Nabipour et al., 2020),
to modelling geothermal fields (O’Sullivan et al., 2009), and simulating the Earth’s
climate (Beniston et al., 2007; Kjellström et al., 2018; Balcha et al., 2023). These
models enable researchers to represent complex physical, biological, and economic
systems using mathematical formulations that can be solved computationally. As
computational power and data availability have increased, numerical modelling has
become an essential tool for understanding system dynamics, testing hypotheses,
and forecasting future scenarios under varying conditions.

The first attempt to simulate the atmospheric circulation numerically was made
by Phillips (1956), who developed a simplified two-layer atmospheric model. This
pioneering work laid the foundation for subsequent advances, notably by Manabe
and Wetherald (1967), and ultimately evolved into modern Global Climate Models
(GCMs). These comprehensive tools are capable of simulating the Earth’s climate
system and its response to external forcings, such as increased GHG concentrations
(IPCC, 2023a). GCMs reproduce the large-scale dynamics of the atmosphere across
the entire planet, albeit at coarse spatial resolution, making them essential for un-
derstanding global circulation patterns.

In the late 1980, Dickinson et al. (1989) and Giorgi and Bates (1989) introduced
a new class of tools to climatology, the Regional Climate Models (RCMs). RCMs
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were designed to dynamically downscale the output from coarser-resolution GCMs
by incorporating region-specific parametrisations and detailed topography, provid-
ing finer spatial and temporal detail (Fig. 1.4; Giorgi, 2019), and enabling a more
accurate representation of climate processes at local to regional scales (Giorgi, 2019).

Figure 1.4: Schematic representation of the link between regional climate models
(RCMs) and Global Climate Models (GCMs) (Giorgi, 2019, adapted).

Climate models are often developed to simulate a specific component of the Earth
system, such as the atmosphere, ocean, ice sheets, or vegetation. Examples include
atmospheric models like ALADIN (Radnóti et al., 1995), ocean models such as
NEMO (Madec et al., 2024), ice sheet models like PISM (Bueler and Brown, 2009)
and Dynamic (Global) Vegetation Models (DVGMs) such as LPJmL4 (Schaphoff
et al., 2018). In such cases, models typically rely on prescribed boundary conditions
derived from observations or other models to represent the influence of the remain-
ing Earth system components (Giorgi and Gao, 2018).

For atmospheric models like RCMs and GCMs, an accurate representation of surface
conditions is particularly critical. The requirement to close the surface energy and
water budgets led to the development of the first land surface models (LSMs; e.g.,
Manabe, 1969). However, as highlighted by Koster et al. (2009), many key LSM
parameters and state variables, such as soil moisture, are either difficult to observe
routinely or cannot be measured directly in ways that match model representations.
As a result, the early development of LSMs and climate models was often carried out
in standalone mode, due to the limited possibilities to evaluate model performance
or identify biases in the coupled system (Santanello et al., 2018).

These limitations, together with the need to represent feedback between Earth
system components, motivated the development of more integrated modelling ap-
proaches. This led to the coupling of individual component models to explicitly
represent interactions between the atmosphere, land surface, ocean, cryosphere, and
biosphere. Most modern GCMs are now embedded within Earth System Models
(ESMs) (Gutjahr et al., 2019; Sellar et al., 2019; Boucher et al., 2020). In such
frameworks, model outputs are used as inputs for other components or exchanged
dynamically to resolve feedback at component interfaces.
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The integration of RCMs into fully coupled Regional Earth System Models (RESMs)
remains less common than at the global scale, but recent efforts have increasingly
explored regional model coupling (Zhang et al., 2014; Knist et al., 2017; Anwar and
Diallo, 2022; Huot et al., 2022). Such coupled models are essential to improve the
representation of feedback between the Earth’s systems like the land-atmosphere,
or the ocean-atmosphere, at the regional scale, where they can be stronger than at
a global scale (Vogel et al., 2017; Giorgi and Gao, 2018; Stuecker et al., 2018).

These coupled models are widely used in coordinated experiments such as CMIP6
(Eyring et al., 2016; IPCC, 2022; King et al., 2024) for the GCMs or CORDEX
(Giorgi and Bates, 1989) and its European branch EURO-CORDEX (Jacob et al.,
2014) for RCMs to assess global climate responses under different greenhouse gas
scenarios and to account for internal model uncertainty.

Numerical modelling is therefore a powerful tool, as it enables the study of past,
present, and future climates over long time series with fine temporal resolution.
However, climate models inevitably rely on empirical parametrisations and simpli-
fied representations of complex processes, making their evaluation a critical step
to ensure the robustness and credibility of their outputs (Giorgi and Gutowski,
2015; Balcha et al., 2023; Grailet et al., 2025). To support this evaluation and con-
strain model uncertainties, independent observational information is required. In
this context, satellite observations provide a unique and often indispensable source
of spatially and temporally consistent observation-based datasets. These data not
only allow systematic model evaluation but also offer new opportunities to improve
the representation and parametrisation of key surface and atmospheric processes in
climate models.

1.1.4 Remote sensing of the Earth

Since the advent of the space age, satellite-based Earth Observation (EO) has revo-
lutionised the way we monitor the Earth’s surface and atmosphere, especially with
the Global Monitoring for Environment and Security European Earth monitoring
programme (GMES; Aschbacher and Milagro-Pérez, 2012), later renamed to "Coper-
nicus". Particularly thanks to the variety in the Sentinel constellation from the
Copernicus program (ESA, 2015), Remote Sensing (RS) offers high temporal and/or
spatial resolution, enabling global and repeated observations of numerous geophysi-
cal and biophysical variables relevant to climate science (Myneni et al., 2002; Ghilain
et al., 2011; Meier et al., 2021), including ECVs (Wan and Dozier, 1996; Entekhabi
et al., 2010).

A wide variety of satellite constellations now operate using electromagnetic wave
across different wavelengths range (e.g., visible, infrared, microwave) and acquisition
methods (e.g., radar, multispectral, hyperspectral, LiDAR), offering complementary
data (Figure 1.5 (ESA, 2019)). Depending on the wavelength and the sensing princi-
ple, different properties of the Earth’s surface or atmosphere can be observed (Picard
and Fily, 2006; Buchelt et al., 2022; Chaparro et al., 2024; De Cannière et al., 2024),
making RS a powerful tool to study the multiple components of the Earth system.
RS also offers the ability to observe the entire Earth with high revisit times, in-
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Figure 1.5: Exhaustive representation of the satellite missions coordinated by the Eu-
ropean Space Agency (ESA, 2019).

cluding regions that are difficult to access by ground-based methods. Some satellite
missions provide near-daily global coverage across multiple spectral bands (Justice
et al., 2002b; Aschbacher and Milagro-Pérez, 2012). However, with the growing
volume and variety of satellite data, challenges associated with big data have be-
come increasingly prominent in the remote sensing community. To address these
challenges, cloud-based platforms have emerged to support efficient data access
and analysis (Gomes et al., 2020). Prominent examples include Google Earth En-
gine (Gorelick et al., 2017) developed by the private sector, and the EO Browser
platform (https://apps.sentinel-hub.com/eo-browser/) developed by the Eu-
ropean Space Agency. These platforms allow users to process and analyse large
datasets without the need for local storage or high-performance computing infras-
tructure. While these platforms offer considerable advantages in terms of accessi-
bility and computational resources, they may also introduce limitations related to
transparency, reproducibility, and control over processing steps, sometimes function-
ing as "black boxes" where users rely on pre-defined algorithms or hidden proprietary
data handling procedures (Gomes et al., 2020).

The diversity of these RS systems and the derived products is vast; here, we briefly
describe the main principles relevant to this work.

Passive remote sensing

Passive remote sensing refers to systems that detect naturally occurring radiation,
typically originating from the Sun (Elachi and van Zyl, 2006). Instruments on-
board satellites measure reflected solar radiation (in the visible and near-infrared
spectrum) or emitted terrestrial radiation (in the thermal infrared and microwave
spectrum) to detect surface and atmospheric features (Elachi and van Zyl, 2021).

Over the years, multiple missions have collected images of the Earth’s surface with
increasing spatial, spectral, radiometric, and temporal resolution. Some of the most
widely used datasets in RS are derived from passive sensors, including MODIS (Run-
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ning et al., 1994; Justice et al., 1998), Landsat (Engle and Weinstein, 1983), and,
more recently, Sentinel-2 (Drusch et al., 2012). Each of these missions has its own
strengths: for instance, Sentinel-2 provides higher spatial resolution (up to 10 me-
ters), whereas MODIS offers superior temporal resolution, with near-daily global
coverage. The choice of dataset, therefore, depends on the specific requirements of
the application.

Multispectral and hyperspectral instruments observe the reflectance over multiple
narrow bands of different frequencies. By combining the observations in multiple
bands, it is possible to derive various biophysical indices. Some of the most com-
monly used indices are :

• Normalized Difference Vegetation Index (NDVI) (Rouse et al., 1974).
NDVI is calculated as the normalized difference between the reflectance in the
red and near-infrared bands. It serves as a proxy for vegetation greenness and
is widely used to assess plant health and vegetation cover.

• Enhanced Vegetation Index (EVI) (Huete et al., 2002). As NDVI, EVI
as been developed to study the Earth’s vegetation health. EVI as been de-
signed to optimize the vegetation signal by improving the sensitivity in high
biomass regions by decoupling the canopy background signal and by reducing
the atmosphere influence.

• Albedo (Liang, 2001). Albedo represents the fraction of incoming solar ra-
diation reflected by a surface. It can be estimated from remote sensing by
integrating reflectance across relevant spectral bands and is important in ra-
diative balance and climate studies.

Active remote sensing

Unlike passive sensors, active remote sensing systems emit their own signal and mea-
sure its return after it interacts with the Earth’s surface. This capability allows them
to operate independently of solar illumination and enables controlled illumination of
the target, providing measurements that depend on sensor-defined wavelengths and
geometry. Common active remote sensing instruments and techniques include Syn-
thetic Aperture Radar (SAR), scatterometers, and LiDAR (Lillesand et al., 2014).

SAR systems, such as those used by Sentinel-1 (Torres et al., 2012), operate in mi-
crowave wavelengths (typically X-, C-, or L-band). They can provide high-resolution
imagery and can penetrate vegetation, snow, or even shallow soil layers, depending
on the frequency used and the dielectric permittivity of the medium. SAR is widely
used for monitoring the Earth’s surface. Their capacity to collect reliable data un-
der nearly all weather conditions makes them essential in many EO applications
like glacier dynamics (Samsonov et al., 2021), soil moisture (Santi et al., 2018), and
forest structure (Zhou et al., 2022).

Although active sensors often require more complex processing and can be sensitive
to surface roughness or material properties, they provide unique and complementary
information to passive systems. For example, combining SAR data with optical data
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allows for better image classification, particularly in cloudy regions or during polar
nights (Manakos et al., 2020; de Roda Husman et al., 2022; Zhang et al., 2022).

Observing the Earth

Remote sensing provides observations of the Earth system that can be used to derive
both state variables and surface fluxes, although the level of processing required may
differs between them. State variables, which describe the instantaneous condition of
the surface, can often be retrieved relatively directly from satellite measurements.
For example, vegetation properties such as Leaf Area Index (LAI) are commonly
estimated from vegetation indices like the NDVI through empirical relationships or
radiative transfer models (Myneni et al., 2002; Hu et al., 2020). Similarly, surface
characteristics such as wet-snow occurrence can be inferred from brightness temper-
ature time series using a K-means classification approaches (Johnson et al., 2020).
In contrast, surface fluxes, such as evapotranspiration, cannot be directly observed
by satellite sensors. These variables represent exchanges of energy or mass over time
and therefore require the use of models driven by satellite observations. For instance,
evapotranspiration is typically estimated using surface energy balance models that
integrate variables such as land surface temperature, vegetation indices, and mete-
orological data (Ghilain et al., 2011; Fluhrer et al., 2025).

Satellite missions such as MODIS provide a wide range of products, including vege-
tation properties (Myneni et al., 2002), productivity estimates (Turner et al., 2006),
fire occurrence (Justice et al., 2002a), and modelled fluxes such as evapotranspi-
ration (Faisol et al., 2020). These datasets offer near-daily global coverage, often
distributed as composite products over periods of 8 to 16 days (Myneni et al., 2021),
enabling continuous monitoring of both ecosystem states and processes.

Using remote sensing in modelling

The ability of remote sensing to derive a wide range of variables and indices makes
it an ideal complement to modelling efforts. RS datasets can be used to evaluate
model outputs (O’Neill et al., 2001; Picard et al., 2009; Puggaard et al., 2025) or
even serve as input data for certain models (Dethinne et al., 2025). However, remote
sensing also comes with limitations. Optical passive sensors require clear skies and
sunlight, which can limit data availability in cloudy or polar regions, and active
microwave sensors, generally insensitive to weather and illumination conditions, can
have more complex processing and interpretation. Moreover, both observed and de-
rived variables carry inherent uncertainties. Another key challenge lies in ensuring
the comparability between satellite observations and model inputs/outputs, due to
differences in signal wavelength, surface penetration depth, and spatial or temporal
resolution of the sensors (Koster et al., 2009; Latifi and Galos, 2010). Addressing
these discrepancies is essential to ensure the interoperability of remote sensing data
with model simulations.

Currently, reanalyses such as ERA5 (Hersbach et al., 2020) and NCEP2 (Kanamitsu
et al., 2002) provide concrete examples of the integration of remote sensing and
modelling. Reanalysis products combine past and present observations, including
satellite-based measurements, with numerical weather and climate models through
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data assimilation techniques, producing physically consistent time series across mul-
tiple variables. These datasets deliver gridded reconstructions of past and present
climate at global or regional scales and are widely used as boundary and forcing
data for RCMs.

1.2 Thesis Objectives

Models can greatly benefit from the integration of RS data. Both approaches should
be used together to advance our understanding of climate and land surface processes.
Traditionally, RS datasets are employed by the modelling community mainly for
evaluation and calibration by comparing model outputs against RS observations.
While this step is essential, it only harnesses part of the potential of remote sensing.
Direct integration or assimilation of RS datasets into climate and vegetation mod-
els can provide new insights into uncertainties from both models and RS products,
while also supplying models with dynamic and realistic input data.

This thesis aims to enhance regional climate and vegetation modelling by leverag-
ing EO and land surface modelling to improve understanding of surface processes
through the integration of remote sensing with climate and vegetation modelling
frameworks. The work is centred on the RCM Modèle Atmosphérique Régional
(MAR; Gallée and Schayes, 1994), which will be described in the following sections.
MODIS (Myneni et al., 2021) and Sentinel-1 (Torres et al., 2012) RS datasets will
be integrated into MAR, and the DVM CARAIB (Warnant et al., 1994) will be
coupled with MAR to improve its representation of land-surface processes. Two do-
mains of application were identified where RS can provide substantial added value
to modelling.

The first one is the vegetation density. The land-atmosphere interface is a critical
boundary that plays a key role in regulating both climate and ecosystem dynam-
ics. In MAR, vegetation, and hence land-surface conditions, are currently based
on a prescribed, fixed LAI climatology. RS can provide temporally consistent LAI
time series that improve the representation of vegetation dynamics in the model.
Moreover, this work initiates the next step of coupling MAR with a DVM, enabling
simulations of vegetation-climate interactions over climate projections that cannot
be captured by RS.

The second one is polar-snowpack water content. RS enables the detection of liq-
uid water within the snowpack over large areas, a task that is otherwise impossible
given the scarcity of field observations in polar regions. These observations provide
essential inputs to calibrate MAR’s representation of surface melt and reduce un-
certainties in simulated wet-snow occurrence.

In summary, this thesis focuses on improving MAR’s representation of land-surface
and ecosystem dynamics and tries to answer the questions: "How can modelling
approaches and remote sensing observations be combined to better quantify and rep-
resent land-atmosphere exchange and processes in regional climate modelling ?". By
combining modelling and remote sensing, we want to :
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• Improve the representation of vegetation in MAR by implementing a
new remote sensing-based input leaf area index dataset, with the hypothesis
that this will enhance the model performance during extreme events and enable
sensitivity analyses to leaf area index perturbations using MODIS products.

• Enhance regional land-atmosphere interactions representations by
coupling MAR with a dynamic vegetation model, under the hypothesis that
this coupling improves present-day simulations and enable more robust long-
term climate projections.

• Reduce uncertainties in MAR’s wet-snow occurrence through the as-
similation of remote sensing data, with the hypothesis that this will improve
the representation of surface melt processes and reduce biases in meltwater
production.

1.3 Thesis Outline

The thesis is structured into 6 chapters (Fig. 1.6). In Chapter 2, we focus on im-
proving the representation of vegetation in MAR by replacing its standard fixed
50 km × 50 km LAI climatology derived from MERRA2 (Global Modeling and
Assimilation Office (GMAO), 2015; Gelaro et al., 2017; Wyard et al., 2021) with
alternative datasets from MODIS (Myneni et al., 2021). These alternative datasets
include a mean annual cycle (multi-year mean) LAI, an 8-day composite LAI, and
LAIs perturbed with Gaussian noise used to perform synthetic experiments. This
allows us to quantify the sensitivity of MAR to vegetation variability and to evaluate
the uncertainties in its current representation of atmosphere-vegetation interactions.

Building on this analysis, Chapter 3 addresses the need to represent dynamically
evolving vegetation, which cannot be achieved with remote sensing datasets in cli-
mate projection. To this end, we present the development of a coupling between the
MAR RCM with the DVM CARAIB. The two-way coupling is performed through
file exchange, using a dedicated setup for CARAIB. Although applied in mid-latitude
regions under the present-day climate, this development opens the way toward im-
proved representation of atmosphere-vegetation interactions in MAR, and allows
CARAIB to actively respond to and influence atmospheric conditions, rather than
being prescribed.

The region of interest of the thesis then shifts in Chapter 4 to the Antarctic Penin-
sula, where we address the uncertainties related to snow surface processes. Here,
wet-snow occurrences derived from both active and passive remote sensing datasets
(Johnson et al., 2020; Liang et al., 2021) are assimilated into MAR. By applying
a nudging scheme on snowpack temperature (Kittel et al., 2022b) and testing dif-
ferent thresholds of liquid water content and depth, we evaluate the ability of data
assimilation to bring MAR simulations closer to satellite observations and to reduce
uncertainties in simulated surface melt.

Chapter 5 synthesizes the main findings of the thesis. The discussion frames our
results within the broader context of climate modelling and Earth observation, and
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highlights their scientific contributions. Finally, Chapter 6 outlines futures avenues
for improving the representation of land-atmosphere interactions through the com-
bination of remote sensing, regional climate modelling, and vegetation modelling.

Figure 1.6: Overall structure of the thesis. Chapter 2 focuses on improving the rep-
resentation of vegetation in MAR using remote sensing data; Chapter 3 addresses the
enhancement of land-atmosphere interactions through model coupling; Chapter 4 inves-
tigates uncertainties in the occurrence of wet snow in MAR with remote sensing data
integration; and Chapters 5 and 6 discuss the main results of the thesis and the perspec-
tives it opens.
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CHAPTER 2

Regional Climate Model Sensitivity to
Satellite-derived Leaf Area Index

This chapter is adapted from : Dethinne, T., Ghilain, N., Kittel, C., Lecart, B., Fettweis,
X., & Jonard, F. (2025). Assessing Regional Climate Model Sensitivity to Vegetation Dynamics
Informed by Remote Sensing.EGUsphere, 1-43. doi:10.5194/egusphere-2025-3907. [In Review]
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Abstract

Climate change significantly impacts vegetation ecosystems, and their modification
may create feedback loops, exacerbating regional effects of global warming. Accu-
rately simulating vegetation dynamics and their interactions with the atmosphere
is crucial for understanding and mitigating these impacts. Regional earth system
models offer the possibility to study the retroaction between the atmosphere and
the vegetation at regional to continental scale by incorporating vegetation dynamics
in climate models. In this chapter, we quantify the sensitivity of the Modèle At-
mosphérique Régional (MAR) to vegetation representation at daily to annual scales
over a temperate region of Europe, by means of both synthetic experiments and
realistic studies. In total, we performed 10 simulations, one with the standard MAR
configuration, 3 using a new Leaf Area Index (LAI) dataset, and 6 using the new
dataset perturbed using a systematic bias and Gaussian noise. Our analysis of model
sensitivity to LAI dynamics reveals non-linear responses of meteorological variables,
with asymmetric effects relative to the direction of the change. For example, a 92
% reduction in LAI led to an 83.4 % decrease in evapotranspiration and an 88.9 %
drop in evaporation. Conversely, a 178.4 % increase in LAI resulted in smaller, yet
significant, increases of 29.8 % and 27.4 %, respectively. At the seasonal-time scale,
evapotranspiration and albedo have the strongest response in summer and winter,
while relative humidity and rainfall respond more prominently in spring. Further-
more, we assessed the model performance in simulating daily evapotranspiration
and daily maximum temperature during extreme events by comparing simulations
incorporating 8-day MODIS LAI data with those based on climatological LAI. Al-
though the improvements compared to using the climatological LAI were subtle,
the 8-day observation-based LAI enhanced the model’s capacity to capture shorter
events compared to the static LAI. This refinement also helped understanding how
various vegetation types respond to extreme events by looking at their evolution
during drought. The findings highlight the need to integrate dynamic vegetation
into regional climate models to enhance their representation of land-atmosphere in-
teractions and provide more accurate tools to assess the impacts of climate change
on natural ecosystems.

2.1 Introduction

Vegetation plays a crucial role in regulating Earth’s climate by influencing the carbon
cycle, water cycle, and surface energy balance (Liu et al., 2006). Forests, in particu-
lar, act as significant carbon sinks, sequestering carbon dioxide from the atmosphere
and mitigating the greenhouse effect (Heinrich et al., 2023). However, as regional
effects of climate change intensify, these ecosystems are becoming increasingly vul-
nerable to disturbances (Gonzalez et al., 2010; Knutzen et al., 2025) and are likely to
experience changes in their spatial distribution in the future (Roebroek et al., 2025).
Extreme events such as droughts, wildfires, and floods can severely affect ecosystem
health (Guion et al., 2022). During droughts, warmer temperatures and reduced
water availability increase vegetation stress (McDowell et al., 2008), both directly
through physiological impacts (e.g., Jonard et al., 2011) and indirectly through pest
outbreaks such as bark beetle infestations (e.g., Kolb et al., 2019). These stresses

20



CHAPTER 2. RCM SENSITIVITY TO SATELLITE-DERIVED LAI

can lead to defoliation (Carnicer et al., 2011), elevated mortality rates (Allen et al.,
2015), and large-scale die-off events (Huang et al., 2019). In response, plants may
close their stomata to limit water loss and draw water from deeper soil layers, alter-
ing transpiration and soil evaporation rates (He et al., 2022). Such conditions also
change surface albedo and modify land-atmosphere exchanges of energy and latent
heat at regional scales (Dirmeyer et al., 2006). The resulting ecosystem degradation
can amplify global warming, creating positive feedback loops that accelerate decline
(Strengers et al., 2010). Consequently, monitoring natural ecosystems and simulat-
ing their future conditions are essential for supporting sustainable management and
contributing to effective climate change mitigation (Verma et al., 2025). Research
on surface processes advances our understanding of vegetation-climate feedbacks
and informs policymakers and land managers about the potential consequences of
land-use changes.

Climate evolution has been studied using climate models to simulate past, present,
and future states over the Earth (Church et al., 2013; Vogel et al., 2017; IPCC, 2023a;
Balcha et al., 2023). These models range from standalone systems that address in-
dividual Earth system components (e.g., atmosphere, hydrosphere, biosphere) to
more complex Earth System Models (ESMs) that interactively couple multiple com-
ponents at global scale, leaning on Global Climate Models (GCMs). State-of-the-art
ESMs are widely used in global climate assessments (Gutjahr et al., 2019; Boucher
et al., 2020; EC-Earth Consortium, 2020; IPCC, 2023a), particularly in standard-
ized simulations like the Coupled Model Intercomparison Project phase 6 (CMIP6;
Eyring et al., 2016). ESMs are used in regional studies (Cabos et al., 2020; Sein
et al., 2020; Soto-Navarro et al., 2020), but, because climate change often manifests
more strongly at local than global scales (Vogel et al., 2017; Stuecker et al., 2018),
Regional Climate Models (RCMs) and ensembles such as EURO-CORDEX (Kjell-
ström et al., 2018) are widely used for high-resolution regional climate assessments
(e.g., Gallée and Schayes, 1994; Giorgi et al., 2012; Powers et al., 2017; Termonia
et al., 2018; Giorgi, 2019; Yang et al., 2020; Haberlie et al., 2022; Zittis et al., 2022).
Although often designed to simulate a single component of the Earth system, most
RCMs incorporate schemes for others. These schemes can either involve model cou-
pling, similar to what is done in ESMs (Mikolajewicz et al., 2005; Zhang et al.,
2014; Anwar and Diallo, 2022), creating Regional Earth System Models, or rely on
static datasets that serve as forcing for specific modules of the model (Heck et al.,
2001; Tedesco et al., 2023). This enables RCMs to simulate interactions between
different components of the Earth system using input forcing data, while modelling
the interactions with the primary compartment of the model.

Among these components, the land surface plays a crucial role, acting as an in-
teractive boundary that governs land-atmosphere interactions. These interactions
can either occur between the soil and the atmosphere directly or between the veg-
etation and the atmosphere. Changes in the biosphere can impact surface albedo,
evapotranspiration (ET), and modify the partitioning of surface energy fluxes. All
of which are key factors in the climate system (Strengers et al., 2010), and have a
direct impact on the atmosphere (Insua-Costa et al., 2022). Understanding feedback
between climate and vegetation is critical for predicting future climate scenarios and
developing effective mitigation and adaptation strategies (Heck et al., 2001; Beniston
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et al., 2007). While land-atmosphere interactions have been studied in RCMs, their
treatment varies (Giorgi and Gao, 2018). Some have addressed this interaction by
incorporating land surface changes (Giorgi and Gutowski, 2015), improving existing
land surface modules (Oleson et al., 2008), or through model coupling (Heck et al.,
2001; Anwar and Diallo, 2022; Gröger et al., 2021; Bright et al., 2025). These efforts
underscore the critical role of vegetation dynamics in regional climate modelling,
enhancing our ability to predict and mitigate the impacts of climate change (Giorgi
and Gao, 2018; Gröger et al., 2021).

Remote sensing has become a key tool in climate modelling due to its ability to
capture long-term, consistent observation time series of ecosystem state at broad
spatial scales (Latifi and Galos, 2010; Jonard et al., 2022). With short revisit times
and high spatial resolution, satellite datasets offer valuable information on essential
climate variables such as vegetation cover, albedo, soil moisture, and land surface
temperature (Wan and Dozier, 1996; Myneni et al., 2002; Liang, 2001; Entekhabi
et al., 2010; Jonard et al., 2022). They have been widely used in global and regional
climate models, including in reanalyses like ERA-5 (Hersbach et al., 2020), for model
evaluation (e.g., Noël et al., 2025), and as direct inputs to drive model simulations.
In addition, remote sensing-based datasets can also be especially useful for assessing
model performance during extreme events (Fluhrer et al., 2025).

Numerous studies have investigated the sensitivity of land surface models (either
standalone or coupled to GCMs) to vegetation properties, due to their central role
in regulating surface fluxes, such as evapotranspiration, and surface characteris-
tics, such as albedo and roughness length (Chase et al., 1996; Schwinger et al.,
2010; Chang et al., 2018). These sensitivities are often explored through prescribed
changes in vegetation type or structure. However, despite initiatives like the LUCAS
flagship pilot study (e.g., Davin et al., 2020), the sensitivity of RCMs to vegetation
properties remains poorly quantified, particularly when vegetation is represented
using dynamic, observation-based datasets rather than static climatologies.

In this chapter, we assess the sensitivity of the RCM MAR to vegetation variability
by integrating high-resolution satellite-derived LAI observations that better capture
vegetation dynamics than the static datasets currently used. While MAR is primar-
ily an atmospheric model, it has already been coupled to ice sheet models (Delhasse
et al., 2024), ocean models (Jourdain et al., 2011; Huot et al., 2022), and has been
used to drive dynamic vegetation models (DVM), and its land surface scheme, the
Soil Ice Snow Vegetation Atmospheric Transfer module (SISVAT; De Ridder and
Gallée, 1998), allows for the representation of land-atmosphere interactions. This
makes MAR an ideal framework to evaluate how realistic vegetation dynamics in-
fluence the land-atmosphere surface exchanges at regional scales.

The major highlights of this chapter are threefold : (1) We quantify the sensitivity of
MAR key meteorological indicators used in climate services to vegetation changes.
(2) We evaluate how using an observation-based vegetation index can improve the
model performance, with a particular focus on drought and pluvial events. (3) We
discuss the implications of these results for future coupling of MAR with a DVM,
highlighting limitations of climatological vegetation forcing in regional climate sim-
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ulations.

The study region, the model and its vegetation inputs, and the different sensitivity
experiments of this chapter are presented in Sect. 2.2. The assessment of the model
and the sensitivity analyses are discussed in Sect. 2.3. Sect. 2.4 provides a discussion
on the model, its sensitivities, and the perspectives of coupling the MAR model with
a DVM. Finally, a general conclusion for this chapter is presented in Sect. 2.5.

2.2 Model and Experiments

2.2.1 Regional climate model

The RCM used in this chapter is MARv3.13, an atmospheric model based on a hy-
drostatic approximation of the primitive equations of the atmosphere as described by
Gallée and Schayes (1994). Its radiative transfer scheme is derived from Morcrette
(2002). Originally developed to model polar climates, MAR has primarily been used
for research on Greenland (Fettweis et al., 2011; Maure et al., 2023; Glaude et al.,
2024) and Antarctic Ice Sheets (Agosta et al., 2019; Kittel et al., 2021; Dethinne
et al., 2023), but has also been applied to climate studies in Europe (Doutreloup
et al., 2022; Brajkovic et al., 2025; Grailet et al., 2025). It should be noted that
a slightly upgraded version of MARv3.13 (MARv3.14.0) was used for simulations
covering the years 2023-2024.

Among the different modules of MAR, SISVAT simulates the transfer of mass and
energy between the atmosphere and the soil. Within the model, three sub-pixels
(called sectors) are defined to represent the two predominant vegetation types as
well as grass in each pixel. MAR is configured to resolve the first 7 meters of soil,
divided into 7 layers (the layers have a decreasing vertical resolution from top to
bottom, with the near-surface layers of a few millimetres and the deepest layers a
few meters thick). Within SISVAT, the plant water flow is dictated by the water
potential difference between the soil and the plant leaves, and the turbulent transfer
is computed by considering canopy-air and ground-air exchanges separately, without
an explicit parametrisation of environmental stress (De Ridder and Schayes, 1997).
The annual vegetation cycle is generated by linearly interpolating leaf area index
(LAI) values, which are provided daily from MERRA or weekly from MODIS (see
section 2.2.3) to six-hourly time steps. The LAI input is used to derive an effective
LAI, defined as the LAI of the leaves that receive sufficient radiation and have ad-
equate soil water for their stomata to open (De Ridder and Schayes, 1997). From
this effective LAI is derived the vegetation albedo, the precipitation interception fol-
lowing De Ridder (1997), and the stomatal resistance, which is used to simulate the
vegetation transpiration, following De Ridder and Schayes (1997). Minimal stomatal
resistance and root density are derived from values proposed in Taylor et al. (1997)
and Jackson et al. (1996), respectively. Other vegetation-dependent variables like
the roughness length for momentum are based on equations described in De Ridder
and Schayes (1997).

The non-dynamic vegetation cover classification and its fraction are derived from
the International Geosphere Biosphere Programme (IGBP) surface land classifica-
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tion (Loveland and Belward, 1997). It has been resampled into 13 categories: barren
soil, low-medium-high crops, low-medium-high grass, low-medium-high broadleaf,
and low-medium-high needleleaf. The meteorological inputs for SISVAT include
near-surface wind speed, temperature and humidity as well as downward shortwave
and longwave radiations and precipitation.

For this chapter, MAR was run using the same setup as Grailet et al. (2025) over
a longer time period, i.e., using a 5 km pixel size over Belgium, with 24 pressure
layers from surface to low stratosphere, with a 25-second time step and hourly out-
puts from September 2010 to December 2024. MAR was forced every 6 hours by
the ERA5-reanalysis data (Hersbach et al., 2020) at its lateral boundaries, over the
ocean and in altitude (in the stratosphere) where nudging is applied over 3 layers.
To minimize the influence of the model initial conditions, the first four years of each
simulation and uncompleted years are excluded from the analysis, resulting in a
study period of 2015-2024.

The modelled area extends slightly beyond Belgium, encompassing the southern
Netherlands, northern France, western Germany, and the North Sea to the north,
south, east, and west of the domain, respectively, as in Wyard et al. (2017). A
relaxation zone of 5 pixels is removed from each lateral boundary of the domain,
resulting in the domain presented in Fig. 2.1. In the end, only pixels intersecting
the Belgian territory are used in this chapter. In urban areas, no vegetation is
defined except hypothetical grass. Therefore, pixels classified as urban by MAR
were excluded from this analysis.

2.2.2 Study region

The study area encompasses Belgium, a Western European country with an area of
approximately 3,068,000 hectares. According to the National Institute of Statistics,
in 2023, the land cover of Belgium was composed of 44 % agricultural land (crops
and pastures), 20 % forests, and 22 % built-up areas. However, this distribution
varies across the country’s two main administrative regions (Statbel, 2025) :
In the North, Flanders, which accounts for 45 % of Belgium’s territory, is more
densely urbanized with only 8 % forest cover and nearly 30 % built-up land. In
contrast, Wallonia, in the South, contains the majority of Belgium’s forests, which
cover around 30 % of its territory, mainly concentrated in the south, in the Ardenne
region (Statbel, 2025). The land cover used in this chapter (Fig. 2.1) do not match
these numbers as MAR uses only the main two land cover within pixels of 25 km2,
with a slight overestimation of agricultural land in spite of built-up area. For illus-
tration purposes, the land cover in Fig. 2.1 has been smoothed using a 3x3 mode
filter.

The Belgium’s current climate is classified as Cfb in the Köppen-Geiger climate
classification (Beck et al., 2018), which corresponds to a temperate oceanic climate
with mild summers and relatively wet, cool winters. The mean annual temperature
reaches around 10 ◦C and the main factor for the temperature spatial variability is
caused by the change in altitude. Also, the proximity to the sea has a role in the
change in temperature in the northwest of Belgium (Erpicum et al., 2018). With an
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Figure 2.1: Extension of the studied domain. The names of regions of interest and those
used during the study are included on the map. Forested (or partially forested) regions
of Ardenne and Campines are indicated with grey dashed outlines. The background map
shows the dominant land cover used by the MAR model. For clarity purposes, the land
cover has been smoothed using a 3x3 mode filter.

average annual rainfall ranging from approximately 700 mm to 1300 mm, depend-
ing on the location, precipitation is fairly evenly distributed throughout the year.
Though seasonal variations occur with a minimum monthly rainfall observed during
the winter-spring transition (Erpicum et al., 2018).

Under this climate, Belgium’s characteristic forests consist mainly of deciduous
broadleaved and coniferous species. In Wallonia, the dominant species include oak,
beech, and spruce, the latter being widely planted in the Ardenne for forestry pur-
poses (Latte et al., 2020). Low vegetation is primarily composed of agricultural land
(Statbel, 2025).
Belgium’s spatial variability in land cover, diversity of vegetation types, and rela-
tively uniform topography make it an ideal region for assessing the MAR model’s
sensitivity to vegetation inputs.

During the study period, Belgium underwent multiple events of drought and pluvial
periods. These periods can be identified through the Standardized Precipitation
Evapotranspiration Index (SPEI; Vicente-Serrano et al., 2010), a multiscalar index
using both precipitation and evapotranspiration for determining drought durations
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Figure 2.2: Evolution of the average SPEI-3 over Belgium for the study period. Strong
events of drought are easily identified in summer 2018-2019-2022, while 2024 stands out as
a relatively wetter year.

and magnitudes. Three periods of relative drought and three periods of relatively
moist conditions were selected to study the behaviour of the model during stronger
events. The events were selected based on the mean daily SPEI-3 index (SPEI
computed over a 90-day timescale to reflect short-term moisture conditions) averaged
over Belgium during summer (JJA). Drought events (summer-mean SPEI-3 < -1.5)
occurred in 2018, 2019, and 2022, while pluvial periods (summer-mean SPEI-3 > 1)
were observed in 2021, 2023, and 2024 (Fig. 2.2).

2.2.3 LAI data

As explained in Section 2.2.1, the vegetation cycle in MAR is externally prescribed.
In this case, MAR uses as primary information the leaf area index, which repre-
sents the one-sided green leaf area of a canopy per unit ground area, influencing
processes like photosynthesis and energy exchange at the vegetation-atmosphere
interface (Chen and Black, 1992). Because carbon and water exchanges between
vegetation and the atmosphere occur at the leaf scale, LAI is closely linked to land-
atmosphere fluxes and is therefore a key variable in climate modelling (Rogers et al.,
2021). In addition, LAI is strongly associated with major phenological stages such
as leaf expansion, maturity, and senescence, making it a direct indicator of seasonal
vegetation dynamics (Richardson et al., 2013).

In its standard configuration, MAR uses a climatological mean LAI, derived from
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the MERRA2 reanalysis (Global Modeling and Assimilation Office (GMAO), 2015;
Gelaro et al., 2017) for the 1961-1990 period at 50 km spatial resolution (Wyard
et al., 2021). We refer to this LAI dataset as "MERRA2 LAI" in the text hereafter.
The climatology is computed as monthly LAI values, which are later linearly interpo-
lated to a 6-hour time step to create a continuous time series to force the vegetation
model of MAR. MERRA2 LAI is integrated into MAR by linearly interpolating the
values to the MAR grid using a weight proportional to the distance between the
pixel centres. Then, for the first two sub-pixels, a correction coefficient is applied to
the LAI values, depending on the vegetation considered by MAR for that sub-pixel
(Fig. 2.3(a)). The correction coefficient value is determined to maintain consistency
in the results with the previous version of the model, not using MERRA2 LAI.

For this chapter, we replaced the MERRA2 LAI with the 8-day LAI composite from
the MCD15A2H Version 6.1 MODIS Level-4 product (Myneni et al., 2021), which
provides higher spatial (500 m) and temporal resolution. The product selects the
best available pixel from NASA’s Terra and Aqua satellite acquisitions within each
8-day period. This already long series of vegetation indices is convenient because it
fulfils the requirements of our study: the possibility to explore spatial and temporal
sensitivities over climate-compatible horizons. To minimize boundary effects in the
model, the MODIS data were extracted over a region extending beyond the MAR
domain. From the 8-day MODIS, we also computed a 10-year daily mean cycle
by averaging values for each calendar day across the 2012-2022 period. While this
period differs from the studied period (2015-2024) and may introduce potential bias,
the resulting LAI values are very similar to those obtained using a mean annual cycle
computed over 2015-2024 (see appendix A). Only MODIS pixels with quality flags
indicating confidence scores of 0 (best results) and 1 (good results) were used from
the images. However, artefacts of relatively high LAI appear at the end of Decem-
ber, as already observed in Satellite Application Facility on Land Surface Analysis
LAI time series (LSA SAF; Ghilain et al., 2012b). To further refine the mean annual
cycle, we applied a moving average with a 32-day window (2 images before and two
images after) to smooth the LAI time series for each pixel. This mean annual cycle
and the 8-day product were linearly interpolated at 6-hour intervals to match MAR
forcing time step requirements. This MODIS mean annual cycle is hereafter referred
to as “MODIS LAI”. Since MODIS does not provide LAI values for urban pixels,
we decided to set LAI to zero in these areas, given that MAR does not compute
vegetation-related processes in cities.

MODIS LAI values are resampled to match the MAR 5 km grid by computing the
weighted average of all MODIS pixels partially or totally included within each MAR
pixel, with weights decreasing linearly with distance from the MAR pixel. In case no
MODIS pixel was available for a given MAR pixel, the closest MODIS pixel avail-
able was then used. During the resampling, more than 90 % of MAR LAI values
are computed using more than 80 MODIS pixels. The few MAR grid cells with a
lower number of contributing MODIS pixels correspond mainly to pixels classified
as urban by MODIS but not by MAR, for which no LAI value is provided in the
MODIS product. The resampling for the MODIS LAI is similar to the one used
for MERRA2, but without any correction coefficient, as we do not need to keep
the consistency in the vegetation indices with the MERRA2 version (Fig. 2.3(b)).
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Table 2.1: Summary of the names of the simulation, the LAI datasets used in the simu-
lation, and the type of noise applied to the LAI dataset for all the simulations performed.

Simulation name LAI dataset Noise
MARref MERRA2 climatology -

MARMODIS MODIS 8-day -
MARMODIScyc MODIS mean annual cycle -
MARsector MODIS mean annual cycle per sector -
MAR±2µ MODIS mean annual cycle ± Gaussian (2µ, σ)
MAR±µ MODIS mean annual cycle ± Gaussian (µ, σ)
MAR±0 MODIS mean annual cycle ±Gaussian (0, σ)

The experiments use the same LAI values in the first two sub-pixels and a value of
0.75 for the third one, except for one of the simulations where the values from the
MODIS LAI are adjusted given the vegetation considered in the MAR sub-pixel.
The adjustment is performed during the resampling from the 500 m MODIS pixel
size to the 5 km MAR resolution by creating a mask of LAI values derived from the
vegetation cover given in the IGBP surface land classification and by only using the
MODIS pixel having the same vegetation than the one given by the MAR sub-pixel
(Fig. 2.3(c)).

2.2.4 Model experiments

In total, we conducted 10 different simulations to assess the sensitivity of MAR to
variations in its vegetation input (see Table 2.1). The first simulation, referred to
as MARref , was performed using the standard MAR configuration with MERRA2
LAI described above. This simulation serves as the reference scenario to assess the
model results. The nine other simulations use MODIS LAI data. One of these sim-
ulations, MARMODIS, employed the 8-day MODIS LAI, while the other used the
mean annual cycle described above. The statistical significance of the differences
between the simulations was assessed using a block bootstrapping approach with a
10-day block length.

First, the MARMODIScyc simulation used the MODIS mean annual cycle process
as explained in the previous section. Replacing MERRA2 LAI, with MODIS LAI
allows us to evaluate the impact of using another dataset that has different calibra-
tion and that provides higher spatial resolution (from 50 km to 500 m) and finer
temporal resolution (from monthly to 8-day intervals). Given that LAI is the only
input used by MAR to represent vegetation, these changes are expected to have a
substantial impact on the model outputs.

Six simulations (MAR+2µ to MAR−2µ) were designed to explore the impact of
perturbations in the MODIS LAI mean annual cycle. These perturbations were
generated by adding either positive or negative Gaussian noise to the LAI values.
The LAI perturbation experiments do not represent pure stochastic noise but rather
a systematic bias applied on the daily LAI cycle, combined with random Gaussian
variability. The addition of the noise allows for an increase in the spatial variability
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Figure 2.3: Integration of the LAI dataset into MAR. (a) Integration of the MERRA2
dataset. The global dataset is sliced to the domain and then interpolated to the finer MAR
grid. Then the value is provided to the first two sectors of MAR by applying a correction
coefficient depending on the vegetation type in the given pixel and sector of MAR. (b)
Integration of the MODIS dataset. The dataset is sliced to the domain, and Gaussian
noise can be applied to the dataset. After, the values are interpolated to the coarser MAR
grid. Then, the values of LAI are provided for the first two sectors of MAR. (c) Integration
of the MODIS dataset per sector of MAR. The dataset is sliced to the MAR domain and
a mask of the different vegetation types is created. Then, the values are interpolated to
the coarser MAR grid by only using the mask of the vegetation type in the given pixel and
sector of MAR.

29



CHAPTER 2. RCM SENSITIVITY TO SATELLITE-DERIVED LAI

of the LAI change. For each day, the perturbation is defined as follows (Eq. 2.1):

LAIpert(x, t) = LAIcyc(x, t) + µ(t) + ϵ(x, t) (2.1)

where LAIcyc(x, t) is the value of the MODIS LAI mean annual cycle for a given
pixel x and day t, µ(t) is a deterministic bias equal to either 0, ± the average LAI
value of the entire MODIS image of day t, or ± 2 times that average LAI value, and
ϵ(x, t) is a Gaussian random noise with a mean value equal to zero and a standard
deviation equal to the standard deviation of the LAI of the entire MODIS image of
day t. These values are designed to maximize the potential to increase or decrease
LAI when vegetation is at its peak (i.e., when LAI values are high), while exerting a
smaller influence when LAI values are already low. The probability density function
of ϵ, used to add noise to the bias, is given by Eq. 2.2.

p(x) =
1√

2πσ(t)2
e
− (x−0)2

2σ(t)2 (2.2)

where σ(t) is the standard deviation observed over the entire MODIS LAI image for
day t. In this way, this variation in vegetation density across simulations is expected
to have a significant impact on the modelled climate variables. Negative LAI values
resulting from the application of the noise were clipped to zero, and no upper bound
was imposed. The clipping happens the most in the simulation using µ(t) equal to
minus two times the average value of LAI (MAR−2µ), with on average 30 % of the
MODIS pixels were clipped to zero. When resampled to the MAR grid, only 2 %
of MAR pixels were equal to zero. The noise with µ(t) equal to zero is computed
twice to obtain two comparable distributions centred around zero.

The MAR−2µ simulation was stopped in 2019 as the model began to drift away
from observations due to numerical instability emerging in 2020 and affecting the
hydrological budget (see section 2.3.3).

The MARsector simulation was generated by using the MODIS LAI mean annual
cycle decomposed for each sub-pixel of MAR (Fig. 2.3(c)). This experiment allows
us to study how the integration of the LAI dataset can potentially impact the re-
sults of the model by comparing it to MARMODIScyc . By incorporating sub-pixel
variations, MARsector provides a more detailed representation of vegetation hetero-
geneity, which may influence key processes in MAR, especially ET.

Finally, the MARMODIS simulation is driven by 8-day MODIS LAI data, allowing
the model to capture short-term vegetation dynamics. This observation-based LAI
allows MARMODIS to more accurately reflect vegetation conditions during shorter
meteorological events , such as droughts, compared to the mean-cycle LAI used in
simulations like MARMODIScyc . As a results, MARMODIS should be better suited
to represent real-time vegetation responses to environmental stressors, which is par-
ticularly relevant for studying feedback mechanisms.
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2.3 Results

2.3.1 Model assessment

Given the inherent uncertainties in the integrated physics of RCMs, it is essential
to evaluate their outputs against in situ measurements to accurately assess how
well the model represents real-world conditions and reproduces observed weather
patterns (Brajkovic et al., 2025; Grailet et al., 2025). In this chapter, our main
focus is on evaluating the sensitivity of the MAR model to variations in vegetation
input. It is important to recognize that any deviations between model outputs and
observations in such studies could be more reflective of the noise applied to the
input data rather than the model core physics. In this manner, only MARref and
MARMODIScyc are evaluated.

To evaluate the simulations, we compared the daily averaged model outputs against
observation-based data, i.e., datasets directly derived from observations but that
have undergone post-processing prior to their use in the analysis. Specifically, we
used data of several key meteorological variables: sea-level pressure, surface air tem-
perature, wind speed, relative humidity, rainfall, collected from weather stations and
gridded over Belgium using a statistical post-processing (Journée et al., 2023), and
actual evapotranspiration estimates from LSA SAF (Ghilain et al., 2011, 2012a) to
perform a statistical comparison between the model and observation-based data.
The statistical metrics used for this evaluation include the mean bias (MB), root-
mean-square error (RMSE), and Pearson correlation coefficient (r) (Table 2.2). A
negative MB implies an underestimation by the model. These metrics were calcu-
lated for the period from 2015 to 2020. For vegetation-related variables, if a specific
vegetation type is indicated, the variable value refers only to the corresponding
MAR subpixel, weighted by the fractional coverage for that vegetation type. If no
vegetation type is specified, values represent grid-cell averages weighted by the frac-
tional coverage of the different vegetation types. For soil-related variables, values
are integrated over the top 7 m of soil.

Overall, both simulations exhibit strong performance in capturing surface air tem-
perature and sea-level pressure, as indicated by the high correlation coefficients (r
>0.9) and relatively low RMSE values. In addition, the model tends to better
represent winter than summer, as already been documented for the precipitation
(Doutreloup et al., 2019b).

Rainfall is the only variable showing a correlation coefficient lower than 0.8 annually,
despite relatively low mean bias and RMSE. The major problem in the rainfall sim-
ulation concerns the strong rain events. Simulating their exact spatial and temporal
extent can be challenging and may lead to a strong reduction of correlation values.
de Vyver et al. (2021) and Brajkovic et al. (2025) already highlighted that MAR
tends to underestimate the extreme precipitation events. However, the daily mean
bias being lower than the daily variation of the observation still suggests a good
representation of rainfalls.

For air temperature, MARMODIScyc shows a slight improvement over MARref , with
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Table 2.2: Mean Bias (MB), Root Mean Square Error (RMSE), and Pearson-correlation
coefficient (r) between two MAR simulations (MARref , and MARMODIScyc) and daily
observations over Belgium. A negative value implies a lower MAR estimate compared to
the observation. Statistics are given for the sea-level pressure, surface air temperature, wind
speed, relative humidity, rainfall, and actual evapotranspiration, for the summer (JJA) and
winter (DJF) seasons, and annually for the 2015-2020 period. MB marked with an asterisk
(*) indicates that the mean daily MB is smaller than the daily standard deviation of the
observations. A dash (-) in the MB column signifies that there is no significant difference
(p-value > 0.05) between the model mean daily values and the observations using a block
bootstrapping approach with 10-day blocks length. Refer to Table 2.1 for the simulation
names.

Annual Winter Summer
MB RMSE Correlation MB RMSE Correlation MB RMSE Correlation

M
A
R

r
ef

Sea-Level Pressure (hPa) - 1.64 0.99 - 2.12 0.99 - 1.08 0.98
Temperature (◦C) - 1.18 0.99 - 1.1 0.96 - 1.35 0.94
Wind speed (ms−1) -0.52* 0.6 0.97 -0.56* 0.63 0.98 -0.44* 0.53 0.95

Relative humidity (%) 5.89* 7.86 0.92 8.32 9.37 0.89 - 5.57 0.92
Rainfall (mmd−1) -1.12* 2.85 0.78 -1.61* 3.14 0.78 - 2.96 0.75

Evapotranspiration (mmd−1) -1.1* 1.41 0.91 -0.29 0.36 0.83 -2.01 2.15 0.8

M
A
R

M
O
D
I
S
c
y
c Sea-Level Pressure (hPa) - 1.64 0.99 - 2.13 0.99 - 1.09 0.98

Temperature (◦C) - 1.08 0.99 - 1.09 0.96 - 1.14 0.94
Wind speed (ms−1) -0.54* 0.61 0.97 -0.56* 0.62 0.98 -0.49* 0.57 0.95

Relative humidity (%) 6.94* 8.24 0.93 8.26 9.29 0.89 5.04* 6.57 0.92
Rainfall (mmd−1) -1.12* 2.85 0.78 -1.61* 3.14 0.78 - 2.96 0.75

Evapotranspiration (mmd−1) -1.01* 1.27 0.92 -0.29 0.37 0.83 -1.79 1.92 0.81

a reduction in RMSE. This suggests that the MODIS LAI input potentially en-
hances the model’s ability to simulate the surface energy balance more accurately
during warmer months by having a better representation of the vegetation. The
higher RMSE and mean bias observed in summer and winter than on an annual ba-
sis indicate that the model underestimates extreme air temperatures, possibly due
to limitations in the representation of soil moisture and vegetation feedback.

Evapotranspiration (defined as the combination of evaporation and plant transpira-
tion whereas the evaporation is the sum of the evaporation from soil, open water,
and water intercepted by the leaves) shows a consistent negative mean bias for both
MARref and MARMODIScyc simulations. The lower annual RMSE in MARMODIScyc

suggests an improvement in the model representation of vegetation dynamics when
using higher-resolution LAI data. However, the persistent underestimation could
indicate a need for further refinement in the land-atmosphere transfer processes
within MAR. The non-significant change may be related to the use of a mean an-
nual cycle of LAI instead of using observed LAI, and will be assessed in section 2.3.5.

While there is still room for improvement, the model demonstrates a strong ability
to accurately represent the climate of Belgium during the period 2015-2020. Overall,
the two experiments show similar results when compared over a long period, with a
slight improvement in the results for MARMODIScyc .

2.3.2 Impact of replacing MERRA2-derived dataset by MODIS
LAI dataset

As a first step, the impact of replacing the LAI dataset is assessed by comparing
the results of MARref with those of the other simulations using a LAI mean an-
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Figure 2.4: (a) Mean Leaf Area Index (LAI) over Belgium in 2018 for the different
simulations. The names of the LAI curves refer to the name of the simulation in which
they are considered (refer to Table 2.1 for the description of the simulations). (b) Average
daily difference in LAI in percent between the MERRA2 LAI climatology and the MODIS
LAI mean annual cycle used in this chapter. Forest regions are indicated with black-dashed
outlines.

nual cycle. Comparing MARref with MARMODIScyc gives an indication on how
the model reacts to a change in the input dataset using different periods of record,
calibration, and spatial resolution. Derived from a higher spatial resolution dataset
(500 m vs 50 km), the MODIS mean annual cycle captures vegetation heterogene-
ity more accurately than the MERRA2 climatology. In this case, the MODIS LAI
generally exhibits higher LAI values compared to the MERRA2 LAI, suggesting
that the current MAR configuration may be underestimating vegetation cover over
Belgium (Fig 2.4(a)).

As shown in Fig. 2.4(b), LAI is doubled in certain places just north of the Ardenne
while there is a decrease in forested land. Northern Belgium experiences the same
evolution with an increase in LAI for agricultural land and a decrease in forested
regions, such as the Campine and areas south of Brussels of approximately 75 %
and 25 % respectively.

Given that the vegetation input has been modified, it is anticipated that variables
directly related to vegetation, such as ET, will reflect these changes. MARMODIScyc

exhibits higher ET over the study period compared to MARref , with an increase of
from 120 mm of ET to 156 mm per pixel on average in summer (Table 2.3). This
increase is explained by the higher LAI in MARMODIScyc relative to MARref , which
leads to higher transpiration from leaves. An increase in evaporation is also ob-
served, partly as a result of its physical formulation of MAR. In MAR, evaporation
includes contributions from open water surfaces, moisture in the upper soil layers,
and water intercepted by the vegetation canopy. Because MAR tends to drain soil
moisture below the modelled soil depth, water reaching the ground is less available
for evaporation than water intercepted by the foliage. Consequently, an increase in
LAI enhances canopy interception, leading to greater evaporation. These changes

33



CHAPTER 2. RCM SENSITIVITY TO SATELLITE-DERIVED LAI

Figure 2.5: (a) Boxplot of the differences in simulated normalized daily evapotranspira-
tion (ET) between MARref and MARMODIScyc over the 2015-2021 period. (b) Boxplot
of the differences in simulated normalized daily mean surface air temperature (TT) over
the same period. Normalization was performed seasonally, using MARref as the reference.
Boxes represent the interquartile range (25th-75th percentiles), the central line of the boxes
indicates the median, and whiskers extend to 1.5 times the interquartile range. Outliers
are shown as individual points.

are most pronounced during summer and spring when vegetation is most active,
than in winter and autumn where no significant changes (p-values > 0.05) are ob-
served (Fig. 2.5(a)).

Impact on surface air temperature also varies between seasons (Fig. 2.5(b)) and
remains quite small. During the summer, MARMODIScyc generally show air tem-
peratures that are slightly more than half a degree Celsius cooler as expected with
denser vegetation. On the opposite, during winter, these experiments tend to be
warmer by about 0.2 ◦C (p-values > 0.05).

However, surprisingly, the increase in ET does not translate to a change in rainfall
intensity (Table 2.3) but in the spatial patterns with a dependence on the season.
The pattern of rainfall differences is neither directly correlated to the patterns ob-
served in LAI changes nor in the vegetation cover, implying that rainfall patterns
are indirectly affected (Guillod et al., 2014; Hsu et al., 2017; Santanello et al., 2018).

In terms of soil water content, defined as the ratio between the total soil water
content and the soil water saturation integrated over the first 7 m of soil, MARref

shows a statistically significant steady decline throughout the simulated period of
0.5 % per year that can be attributed to the inability of the model to correctly
represent the soil hydrology cycle and tend to dry over the years. The highest av-
erage soil water content in Belgium was 0.72 during spring 2015, which dropped to
a minimum of 0.56 in fall 2019. This decline also occurs in MARMODIScyc and is
faster (0.8 % per year). Although MARMODIScyc has lower soil water content than
MARref for the whole studied period (Table 2.3), a seasonal cycle emerges in the
soil moisture differences between the two simulations, with smaller differences in
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Table 2.3: Seasonal daily domain average values of surface air temperature, soil
moisture content, and albedo, along with domain mean seasonal total rainfall and
evapotranspiration, for summer (JJA) and winter (DJF) during 2015-2024, as simu-
lated by MARref (using the MERRA2 LAI climatology) and MARMODIScyc (using
the MODIS LAI mean annual cycle).

Temperature (◦C) Soil moisture Albedo Rainfall (mm) ET (mm)
DJF JJA DJF JJA DJF JJA DJF JJA DJF JJA

MARref 3.8 18.7 0.68 0.65 26.2 22.7 194 230 6 120
MARMODIScyc 3.8 18.4 0.66 0.63 26.3 23.8 194 232 6 156

Figure 2.6: Average daily difference in sensible heat flux in Belgium between
MARMODIScyc (using the MODIS LAI mean annual cycle) and MARref (using the
MERRA2 LAI climatology) (a) Difference in sensible heat flux in spring (b) Difference
in sensible heat flux in summer. Positive difference means an increase in MARMODIScyc .
Forest regions are indicated with black-dashed outlines.

spring and more pronounced differences by late summer. This fluctuation in soil
moisture is primarily driven by root water uptake, greater in simulations with more
dense vegetation and reduced in those with sparser vegetation, and is directly linked
with the increase/decrease in ET.

Finally, the comparison is concluded by examining the components of the energy
budget, including longwave upward (LWU), shortwave upward (SWU), and sensible
heat (SHF) fluxes. For sensible and latent heat flux, unlike other fluxes, in MAR, a
positive value indicates a flux directed toward the Earth’s surface. To simplify the
analysis, we omit latent heat flux in the comparison as the analysis is closely linked
to ET.

For SHF, we observe a generally smaller flux (flux is less negative) by about 10 to
20 % on average per year. Summer and spring seasons exhibit different behaviours
(Fig. 2.6(a,b)). Summer is affected by a generally smaller flux, whereas in spring,
a non-significant (p-value > 0.05) more greater flux is observed in forested regions,
while the remaining land has a smaller flux. In winter and autumn, no significant
changes are happening.

The changes in LWU and SWU are notably different, despite having similar varia-
tions in absolute values. LWU is less affected compared to SWU because the long-
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wave upwelling radiation is driven primarily by surface temperature, which remains
mostly unchanged in this study (often less than 1 ◦C). In contrast, SWU is more
influenced as the alterations in albedo and surface reflectivity are more pronounced
in these simulations. However, depending on the vegetation type, denser vegetation
could lead to a darker region and higher emissivity.

LWU changes are not significant in both winter and autumn (p-values > 0.05) over
Belgium, with differences mainly occurring in the form of small spatial pattern
changes between the simulations. During spring, forested areas experience almost
no changes, while the rest of the country shows a decrease in the flux. In summer,
a decrease in LWU is observed across the entire country, except for coastal regions.
The difference in behaviour near the coastline is explained by the higher concentra-
tion of sand in the soil composition, with higher soil water retention capabilities.

For SWU, an increase of 5 to 10 % is observed on average, with the greater changes
occurring in summer and spring. As for LWU, in winter, only changes in spatial
patterns are happening. These changes have no effect on the overall quantity of
energy. Unlike LWU, the difference between forested regions and the other part of
the study zone is less clear.

Overall, the results agree with those reported by Heck et al. (2001), whose sensitiv-
ity experiments increasing vegetation density across Europe demonstrated similar
outcomes.

2.3.3 Sensitivity of the model to noise in LAI

Multiple simulations were then performed using the same baseline (the MODIS LAI
mean annual cycle), but perturbed with Gaussian noise to analyse the effect of LAI
perturbations on the various climate variables used previously. The changes induced
by the noise are presented in Fig. 2.7. A more detailed table of the changes can
be found in table 2.4. As LAI is the only input that MAR takes to represent the
seasonal variability of vegetation, the sensitivity to LAI can be generalized to the
sensitivity of the model to a change in vegetation.

At first, we observed that the relationship between LAI and the variables is complex,
though most variables consistently respond either directly or inversely to changes
in LAI. For example, as expected, some variables increase when LAI increases and
decrease when LAI decreases, while others exhibit the opposite pattern. However,
these sensitivity tests reveal that the response to perturbing LAI is non-linear for
most variables, and the magnitude of the response is strongly asymmetric. Rainfall
remains an exception, displaying a more indirect relationship with LAI, as discussed
earlier.

The largest changes were observed in the MAR−2µ simulation, which may explain
the subsequent numerical instability of the model. This scenario, where LAI was
reduced by an average of 92 % daily, resulted in significant drops in both evaporation
and evapotranspiration (by 88.9 % and 83.4 %, respectively), alongside a notable
17.12 % increase in soil moisture content. On the contrary, despite an average daily
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Figure 2.7: Average daily change (%) in surface air temperature, albedo, soil moisture
content, and evapotranspiration given the average change in LAI (%). None of the variables
experience a linear change given the LAI when the change is statistically significant. A
more detailed table of the change in variables given the change in LAI can be found table
2.4.

Table 2.4: Mean daily difference (%) between MARMODIScyc (using the MODIS
LAI mean annual cycle) and the simulations with Gaussian noise applied to their
LAI from 2015 to 2021 (excepted for MAR−2µ 2015-2019). Refer to Table 1 for the
description and name of the simulations. An asterisk (*) signifies that there is no
significant difference (p-value > 0.05) between MARMODIScyc daily values and the
perturbed experiments.

Variable MAR+2µ MAR+µ MAR+0 MAR−0 MAR−µ MAR−2µ

Noise Gaus.(2µ, σ) Gaus.(µ, σ) Gaus.(0, σ) -Gaus.(0, σ) -Gaus.(µ, σ) -Gaus.(2µ, σ)
Leaf Area Index 178.4 81.0 16.6 -33.1 -58.8 -92.0

Temperature -0.54* -0.53* -0.15* 0.61* 0.84* 0.61*
Albedo 3.59 1.42 -1.63 -1.47 -8.1 -16.13

Relative humidity 2.23 1.56 0.35* -0.88* -2.95 -4.97
Soil moisture content -4.19 -3.78 -1.23 2.41 9.35 17.12

Rainfall 8.62* 5.71* 1.33* -1.63* 4.74* 9.72*
Evapotranspiration 29.79 16.44 4.6* -4.91* -30.14 -83.4

Evaporation 27.36 14.99 -0.27* -14 -35.24 -88.9
Latent Heat Flux 4.98 5.46 1.83* -2.97 -14.04 -30.5
Sensible Heat Flux -14.09 -11.2 -1.75* 8.16 7.83 8.5
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increase in LAI of 178.4 %, theMAR+2µ simulation did not exhibit similarly extreme
shifts; its changes were more comparable to those seen in the MAR−µ simulation.

It is also important to note that Fig. 2.7 does not fully reflect the seasonal sensi-
tivity of these variables. As highlighted in Section 2.3.2, the evolution of certain
variables varies between seasons. For example, although the overall changes in air
temperature or albedo may appear small or are not significant, these variables show
stronger seasonal changes, often with contrasting trends (positive or negative) de-
pending on the season. Thus, if the trend is positive for half of the year and negative
for the remaining seasons, the yearly average is lowered. Additionally, the maximum
changes do not always align with peak vegetation growth (March to June, according
to MODIS LAI), but can occur before or after. For instance, the largest changes
in relative humidity, air temperature, and rainfall occur in spring, while the largest
changes in evapotranspiration and albedo are observed in summer and winter.

As shown in Fig. 2.7, simulations with higher LAI also exhibit higher albedo and
vice versa. This is the case for all the season and mostly all land-cover because in
SISVAT, increasing LAI reduces the contribution of the underlying soil reflectance
and increases the dominance of canopy optical properties. In our study domain,
the vegetation is dominated by low vegetation and broadleaved forest types. For
both classes in SISVAT, canopy albedo is higher than the underlying soil albedo, so
increasing LAI leads to a net increase in grid-cell albedo. Interestingly, this rela-
tionship appears to be non-linear; simulations with reduced vegetation experience
a greater decrease in albedo than the increase observed in simulations with more
vegetation.

Simulations with higher LAI tend to reduce soil moisture, while those with lower
vegetation cover show an increase in soil moisture. For instance, increases of up to
21 % were observed in MAR−2µ, whereas MAR2µ exhibited decreases of less than
5 % at most. This variation is also dictated by the root water uptake, the more
vegetation, the more the soil water is absorbed by the plant.

Ultimately, the overall response of each variable to changes in LAI is highly variable
and is not generalized over such long period of analysis. The intricate and sometimes
contrasting seasonal patterns highlight the complexity of the interactions between
vegetation and climate variables in these simulations. Therefore, a closer examina-
tion of extreme events could provide valuable insights, and will be assessed in section
2.3.5.

Examining the frequency of rainfall events based on their hourly intensity across the
different experiments (MAR±xµ, MARref , and MARMODIScyc) reveals that changes
in LAI influence only the magnitude of some high-intensity rainfall events (Fig.
2.8(a)). While lower-intensity rainfall events show little to no variation, some of
the most intense rainfall events observed in MARMODIScyc are absent or appear as
weaker events in MAR−µ.

Notable changes in surface air temperature distribution are also happening. While
the maximum daily air temperature remains largely unaffected, the most signifi-
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Figure 2.8: (a) Distribution of summer rainfall events by hourly intensity for the differ-
ent simulations between 2015 and 2021. Simulations with lower LAI tend to exhibit fewer
extreme rainfall events, as these events generally occur with reduced intensity. (b) Distri-
bution of mean daily summer surface air temperatures for the same simulations. Lower
LAI simulations show a shift toward warmer conditions, with fewer days below 20◦C and
more days in the 20-28◦C range, although the frequency of very hot days (>28◦C) remains
relatively unchanged.

cant impact is observed in the distribution of mean daily air temperatures during
summer. Simulations with higher LAI tend to experience more days with lower air
temperatures (<20 ◦C) and fewer days within the moderate air temperature range
(20-28 ◦C). However, the occurrence of high air temperature days (>28 ◦C) does
not necessarily decrease (Fig. 2.8(b)).
It may suggest that while an increase in LAI leads to overall cooling effects, it
does not completely mitigate extreme heat events. The additional vegetation cover
enhances evapotranspiration, which contributes to local cooling, particularly during
moderate air temperature days. However, during extreme heat conditions, other
factors such as the soil moisture availability may override the cooling influence of
vegetation (Seneviratne et al., 2010; Vogel et al., 2017).

2.3.4 Sensitivity to the integration method of the LAI

The sensitivity of MAR to the integration method of the LAI is tested through a
comparison of MARsector and MARMODIScyc . This comparison allows us to test for
the addition of the sub-pixels of MAR in terms of vegetation. By computing the
vegetation-related variable given the vegetation type and the fraction of the pixel
covered by this vegetation, MARsector should have a more detailed representation
of the vegetation.

For almost all the studied periods, there are almost no significant changes between
MARsector and MARMODIScyc (Table 2.5). However, during specific periods, there
is a divergence: the only significant differences (p-values < 0.05) are happening
in summer when MARsector has a higher LAI than MARMODIScyc . The drawn
conclusions are similar to those in the previous section, as MARsector has similar
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behaviour as MAR+0 in summer. The spatial patterns in the difference are arguably
noticeable as the differences occur in places where the vegetation is not homogeneous,
given MAR pixel size and varies over Belgium.

Table 2.5: Seasonal daily domain average values of surface air temperature, soil
moisture content, and albedo, along with domain mean seasonal total rainfall and
evapotranspiration, for summer (JJA) and winter (DJF) during 2015-2024, as sim-
ulated by MARMODIScyc (using the MODIS mean annual cycle) and by MARsector

(using the MODIS mean annual cycle corrected for MAR subpixels).

Temperature (◦C) Soil moisture Albedo Rainfall (mm) ET (mm)
DJF JJA DJF JJA DJF JJA DJF JJA DJF JJA

MARMODIScyc 3.8 18.4 0.65 0.63 26.3 23.8 194 232 6 156
MARsector 3.8 18.6 0.65 0.63 26.2 23.5 190 227 6 158

2.3.5 Sensitivity to the temporal evolution of the LAI

In addition to the sensitivity analysis presented above, it is also crucial to assess
how effectively the model represents extreme events when using a dynamic LAI over
the years. Due to drought, vegetation may decrease its green material, leading to
a noticeable decrease in LAI. We need to assess if the climate model is capable of
exhibiting significant shifts in its behaviour due to short-term changes in LAI. To
better capture localized effects within the model, rather than comparing daily av-
eraged or cumulative values across the entire study area, statistics were computed
on a pixel-by-pixel basis, considering different vegetation types represented in the
model. For this analysis, we specifically focus on July and August of 2018, 2019,
and 2022 periods characterized by severe droughts in Belgium and Europe (Schuldt
et al., 2020; Chen et al., 2022b; Toreti et al., 2023; Bevacqua et al., 2024) as well
as July and August 2021, 2023, and 2024, which have been relatively mild and wet
(Insua-Costa et al., 2022; Toreti et al., 2024).

During the droughts, the decrease in green vegetation is captured by the 8-day LAI
product but, as expected, not in the LAI mean annual cycle (e.g., in 2018 Fig.
2.9(b)). In response, MARMODIS is expected to reflect this reduction in LAI across
Belgium during July and August in the simulated fluxes. However, the extent of
this decrease varies across different vegetation types and the years (Table 2.6). The
difference in LAI is variable on the country as the different vegetation types do not
have the same response to climatic events (Chaves et al., 2003; Ji and Peters, 2003;
Schuldt et al., 2020). The forests tend to be more resilient to drought due to their
root growing deeper in the soil, and their health is less correlated to rainfall than
low vegetation like pastures (Wang et al., 2003). Therefore, the difference between
MARMODIScyc and MARMODIS varies depending on the regional landscape.

As shown in Fig. 2.9(a), in the summer 2018, forests in southern Belgium exhibited
higher LAI values in MARMODIS compared to MARMODIScyc . However, this trend
is not consistent throughout the drought, as demonstrated in Fig. 2.9(c). LAI for
forests initially remains higher than the mean annual cycle but drops below by the
end of July. This decline is also clearly observed for low vegetation types, such as
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Figure 2.9: Difference in LAI between the MODIS LAI mean annual cycle (used in
MARMODIScyc) and the 8-day MODIS LAI data (used in MARMODIS) in July and August
2018. (a) Map of the average difference (in %) in Belgium. Forest regions are indicated
with the black-dashed lines. (b) Average difference over Belgium. (c) Average difference
for the forests. (d) Average difference for low grass. The pink line represents the 8-day
MODIS LAI data, and the blue line represents the MODIS LAI mean annual cycle.

grasslands, and can be observed more broadly across Belgium (Fig. 2.9(d)). This
evolution is also observed during the 2019 and 2022 summer as shown in appendix
A. Roughly the opposite scenario is happening during 2021, 2023, and 2024. How-
ever, for the 6 events, the average change in LAI is not statistically significant in
forests and is not significant in any of the vegetation in 2023 (Table 2.6).

During extreme events such as those studied, the use of the 8-day LAI instead
of the mean annual cycle brought roughly the same evolutions as the one in the
previous sections. When the LAI in MARMODIS is higher (lower) than the one of
MARMODIScyc (i.e., during the pluvial (dryer) periods) the first simulation simulates
more (less) evapotranspiration (Fig. 2.10 (a)), directly linked with the vegetation
quantity. However, the difference in LAI is too small for a too short period to in-
duce a statistically significant impact on the daily mean surface air temperature.
The impact on the air temperature has to be found in the maximum surface air
temperature for the day. During the pluvial periods, the larger quantity of vegeta-
tion will cool down the higher air temperature and the lower quantity of vegetation
during droughts will increase it. This effect is stronger for the dryer period and
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Table 2.6: Difference (%) in average LAI between MARMODIScyc LAI values and
MARMODIS in July - August for multiple years. Differences are given over the whole
region of interest and considering the vegetation type (forests and low vegetation).
An asterisk (*) signifies that there is no significant difference (p-value > 0.05) be-
tween the two datasets.

∆% LAI 2018 2019 2021 2022 2023 2024
Belgium -13.2 -5.3 7.6 -10.8 2.2* 6.3
Forests -2.2* -0.8* 1* -1.3* 0.6* 2.1*

Low vegetation -9.1 -3.4 5.2 -7.9 1.3* 3.7

Figure 2.10: Daily difference between MARMODIS and MARMODIScyc over Belgium
during summer 2018, 2019, 2021, 2022, 2023, and 2024. (a) Mean daily evapotranspiration
for the two models. The scatter plot has been cut between 1 and 4 mm. (b) Maximum
daily surface air temperature for the two models. The scatter plot has been cut between
25 and 35 ◦C.

for the days where the maximum air temperature is moderately high (around 20 to
30 ◦C), as already observed in the sensitivity tests (Fig. 2.10 (b)). However, even
though differences are visible between the two models, none of them are statistically
significant, neither in forests nor in low vegetation, when comparing both July and
August. Differences became statistically significant when using smaller time win-
dows of 3 to 5 days. However, it is important to note that while a 0.5 to 1 degree
of difference in the daily maximum air temperature may not be statistically signif-
icant, having 0.5 ◦C of difference on average over the whole summer could have a
significant impact on ecosystems (Kaufmann et al., 2003; Li and Convertino, 2021).

In addition, the timing of maximum differences in ET does not consistently occur
during the same period of summer across the six years studied, nor does it align
between vegetation types. For instance, the highest 7-day average differences were
observed in early August for both forest and low vegetation in 2018 and 2019. In
2021, the peak occurred in mid-June for low vegetation and mid-July for forest. In
contrast, it appeared in late March 2022, early September 2023, and late July 2024.
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2.4 Discussion

The sensitivity of MAR meteorological variables to its LAI input is non-linear and
requires an in-depth analysis of the results to fully understand the impact of altering
the vegetation parameters. In particular, the asymmetric nature of these responses
must be examined in light of the physical formulations within MAR and the poten-
tial saturation of vegetation-related processes at higher LAI values.

Replacing the MERRA2-based LAI with the MODIS LAI led to significant changes
in the model outputs and generally improved the overall performance because of
the higher spatial and temporal resolution. In contrast, incorporating the 8-day
MODIS LAI dataset, while offering a dynamic LAI compared to a static one, re-
sulted in comparatively minor changes, even during extreme events. Focusing on
the summer periods (July-August) of 2018, 2019, 2021, 2022, and 2023, the use of
MODIS LAI instead of MERRA2 LAI improved the simulation of both daily av-
erage evapotranspiration (Fig. 2.11(a)) and maximum daily air temperature (Fig.
2.11(b)). In most cases, the correlation coefficient between the model outputs and
observations increased, and the model’s standard deviation approached that of the
observed values. Although significant differences were observed for both variables,
the improvement was more pronounced for ET. However, the improvement of using
the 8-day LAI is less pronounced, as in some cases, the model gets further from
the observations. Similar conclusions are reached when focusing only on low vege-
tation during the 15 days with the highest or lowest mean SPEI-3 for each summer:
events are generally better represented when using MODIS-derived LAI rather than
MERRA2-derived LAI, with the notable exceptions of the 2019 drought and the
2021 pluvial event.
With a shorter time window and in the most impacted vegetation type (low veg-
etation), differences between MARMODIS and MARMODIScyc become more pro-
nounced, although they remain smaller than those relative to MARref . In this case,
MARMODIScyc shows a clearer improvement in the simulation of evapotranspiration
(Fig. 2.11(c)) than MARMODIS during both drought and pluvial events, which is
somewhat counterintuitive. For daily maximum temperature (Fig. 2.11(d)), how-
ever, it is less clear which configuration provides the most accurate representation.

These findings suggest that MAR is sensitive to its LAI inputs; however, the atmosphere-
land surface coupling may appear overly resilient compared to that observed in these
regions (Knist et al., 2017).

The results are consistent with previous studies investigating scenarios with in-
creased vegetation at regional or global scales, particularly regarding changes in
soil moisture, evaporation, ET, surface air temperature, and albedo (e.g., Jiménez-
Gutiérrez et al. (2021); King et al. (2024); Engel et al. (2025)). However, unlike some
of those studies, the current experiments did not reproduce the associated changes
in rainfall. Specifically, the observed increase in ET did not result in a correspond-
ing increase in total or convective rainfall, contrary to expectations based on typical
regional feedback mechanisms (Eltahir and Bras, 1996; van der Ent et al., 2010).
This weak sensitivity of precipitation to variations in LAI should be interpreted in
light of the model configuration used in this chapter. The simulations were per-
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Figure 2.11: Taylor diagram showing the performance of MARref , MARMODIS , and
MARMODIScyc compared to daily observations for July and August in drought (2018 (•),
2019 (+), and 2022 (♦)), and pluvial years (2021 (▼), and 2023 (▲)). (a) Taylor diagram
for average daily evapotranspiration (ET). (b) Taylor diagram for daily maximum surface
air temperature. (c) Same as (a) but for the 15 days with the higher/lower mean SPEI-3 in
July and August, and only in low vegetation. (d) Same as (b) but for the 15 days with the
higher/lower mean SPEI-3 in July and August, and only in low vegetation. Points of the
same colour correspond to values from the same model, while points with the same marker
shape represent the same summer. The horizontal and vertical axes show the models
standard deviations, normalized by the observed standard deviation. The bold dashed
line indicates the reference value corresponding to the observed standard deviation. The
correlation between the model and the observations is represented by the angle with respect
to the x-axis, while the root mean square error is shown by the light grey curved lines.
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formed over a relatively small domain and were strongly constrained by ERA5 lat-
eral boundary conditions updated every 6 hours, together with upper-level nudging.
Under such conditions, synoptic-scale forcing can dominate atmospheric variability,
thereby limiting the ability of local land-surface perturbations to influence precip-
itation development. Previous work has already shown that MAR exhibits limited
sensitivity to convection, particularly for small domains (Doutreloup et al., 2022).
Consistently, convective precipitation represents only a minor fraction of total pre-
cipitation in our simulations and shows very small to negligible changes across the
experiments.

A more comprehensive assessment of precipitation sensitivity would require addi-
tional diagnostics. However, low-level moisture convergence, planetary boundary-
layer height, lifting condensation level, or convective available potential energy are
not available in the present experimental setup. We therefore hypothesize that the
lack of precipitation response may primarily reflect moisture and energy constraints
imposed by synoptic forcing, rather than a complete absence of land-atmosphere
coupling at the surface.

The use of near-real-time LAI observations did not always lead to statistically sig-
nificant improvements in the model performance, even during extreme events that
visibly impacted vegetation cover. This limited sensitivity may reflect the resilience
of the ecosystems within the study region, where the effects of climate change and
extreme events tend to emerge over longer timescales, such as through increased
forest mortality (Schuldt et al., 2020; Knutzen et al., 2025), or a too conservative
model. Nonetheless, the decrease in extreme rainfall in the simulations with less
vegetation (Fig. 2.8) is extremely interesting. It may be a sign that the model may
not correctly represent extreme events in the future as they may be link to the model
representation of the vegetation.

These outcomes underscore the importance of integrating a more detailed and dy-
namic representation of vegetation, particularly given the uncertainties surrounding
future vegetation states. As tree cover and land use are expected to evolve signifi-
cantly in the coming decades (Roebroek et al., 2025), relying on a fixed climatological
LAI is likely insufficient to fully capture future land-atmosphere interactions.

However, the use of remote sensing data in these experiments comes with limitations.
While the 8-day MODIS LAI product is valuable for analysing past events and
seasonal variability, it does not support future climate projections. A promising
pathway to address these limitations lies in dynamic model coupling (Giorgi and
Gao, 2018). Coupling MAR with a dynamic vegetation model such as the CARbon
Assimilation in the Biosphere (CARAIB; Dury et al., 2011) model would provide
temporally evolving and more physiologically realistic vegetation inputs for both
present and future simulations. In addition to LAI, this approach would allow
the incorporation of a broader range of vegetation-related variables, enhancing the
representation of land-atmosphere interactions and potentially helping to reduce
model uncertainties (Krinner et al., 2005).
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2.5 Conclusions

In this work, we investigated the representation of land-atmosphere interactions in
the MAR model and quantified the sensitivity of some of its key meteorological vari-
ables by using a remote sensing-based LAI dataset.

Overall, the comparison between the model’s current configuration (MARref ) and
the version using MODIS LAI mean annual cycle (MARMODIScyc) highlights the
critical importance of accurate vegetation representation in climate modelling. The
results suggest that the current MAR configuration, which relies on MERRA2 LAI,
may underestimate the vegetation spatial and temporal variability, and density in
Belgium. In the standard MAR configuration and under current climate conditions,
a model-induced drying trend of the soil is present. This trend is mitigated by the
current underestimation of the vegetation density. However, by keeping the same
LAI input to represent the vegetation in a potentially drier climate (IPCC, 2022;
Brajkovic et al., 2025), the vegetation density could be overestimated. Therefore,
the drying trend could be exacerbated by maintaining unrealistically high vegeta-
tion, affecting the reliability of long-term climate projections.

The results from our sensitivity analyses demonstrate that changes in vegetation
inputs can significantly impact the estimations of the MAR model. One of the most
pronounced impacts of altering LAI was on ET, with MARMODIScyc consistently
producing higher cumulative ET than the reference MAR run. This result aligns
with the generally higher LAI values in MARMODIScyc compared to the reference,
which led to more vegetation activity and consequently greater water uptake and
release through transpiration. This effect was particularly pronounced during the
spring/summer months, as expected.

Surface air temperature responses to LAI changes also varied seasonally. In summer,
simulations with higher LAI resulted in cooler temperatures thanks to the cooling
and shading effect of a denser vegetation cover. In contrast, during winter, these
simulations exhibited slightly warmer air temperatures, a phenomenon that may be
attributed to the insulating effect of vegetation and reduced heat loss. The opposite
conclusion can be drawn for simulation with lower LAI.

The comparison between the unperturbed simulations and the simulations with
added noise highlighted that some variables were almost not impacted by the change
in LAI input. Despite significant changes in LAI, rainfall only exhibits minor varia-
tions, suggesting that the link between vegetation and rainfall may be highly indirect
or constrained by synoptic forcing.

Another key finding is the non-symmetrical effect of the LAI change (possibly linked
to the physical formulations within MAR and the potential saturation of vegetation-
related processes at low/high LAI values). The different experiments highlighted
that there can be no linear link between the change in LAI and the studied variables.
For example, while the simulation using the MODIS mean annual cycle showed a
moderate decrease in soil moisture (up to 3 % in summer) compared to MARref ,
simulations with even denser vegetation experienced only a slightly bigger decrease.
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Conversely, simulations with lower vegetation cover showed a substantial increase in
soil moisture, up to 11 % in summer on average. This variation is primarily driven by
changes in root water uptake, which intensifies with denser vegetation and reduces as
vegetation becomes sparser. The same effect is occurring in surface air temperature,
where doubling the LAI does not result in a linear response; instead, it can lead to
nearly a threefold increase. This air temperature response highlights the complex
interplay between vegetation, surface albedo, and energy fluxes, demonstrating the
retro-action of vegetation to the atmosphere.

The sensitivity experiment further revealed a pronounced seasonal effect in the re-
sponse of modelled surface air temperature and relative humidity to changes in LAI,
with the greatest changes occurring in spring during the vegetation peak. In con-
trast, changes in evapotranspiration were most pronounced in summer and winter.

Compared to observations, the model accurately captures the long-term climate
variability but struggles to reproduce specific short-term events. The use of an
observation-based 8-day LAI dataset improves the representation of some of these
events, such as the 2018 drought. By avoiding the use of a climatological LAI during
drought periods, vegetation responses differ according to land-cover type. The 8-
day LAI dataset indicates that areas dominated by low vegetation are more strongly
affected by drought than forests, reflecting both their lower resilience and the rel-
atively short duration of these events. This results in a more pronounced decrease
in LAI for low vegetation compared to forests, which in turn impacts the simulated
variables both spatially and temporally. However, the use of the 8-day LAI does
not systematically improve the results compared to MARMODIScyc , pointing toward
limitations in the model representation of the land-atmosphere interactions.

Under present-day climate conditions, these results emphasize the need to better
represent vegetation types that are highly sensitive to water stress, particularly low
vegetation, in regional climate models. Nevertheless, forests should not be neglected.
As extreme events are projected to become more frequent and intense (IPCC, 2023a),
forests are expected to experience increasing stress (Knutzen et al., 2025), leading
to longer-term impacts compared to the more immediate responses of low vegeta-
tion. Accurately representing forest processes and long-term vegetation dynamics
will therefore be essential for improving future climate projections.

These findings underscore the crucial role that vegetation plays in RCMs. While the
MAR model can currently be adjusted or forced with observational data to better
reflect the existing climate, relying on a static LAI climatology to represent vege-
tation could lead to inaccurate representations of the future climate and extreme
events or even the impossibility to represent them. The importance of this issue
becomes even more pronounced when considering future climate scenarios, where
uncertainties regarding vegetation states may increase.

Further investigation of the role of synoptic forcing on land-atmosphere interac-
tions would benefit from simulations performed over larger domains with weaker
large-scale constraints, together with the output of additional diagnostic variables,
allowing a more detailed assessment of vegetation influences on convection in MAR.
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In addition, multiplicative bounded perturbations represent an alternative approach
that future work could investigate to strengthen the sensitivity analysis of MAR to
its vegetation inputs. Future research should also focus on refining vegetation in-
puts in MAR and other regional climate models. This refining can be performed
through the coupling of DVMs with RCMs. Incorporating dynamic vegetation rep-
resents a critical advancement in climate modelling (Giorgi and Gao, 2018; Gröger
et al., 2021). While such integration has already been implemented in some RCMs
(Zhang et al., 2014) and explored through sensitivity experiments (Heck et al., 2001;
Jiménez-Gutiérrez et al., 2021), it remains far from standard practice. Given that
our findings show vegetation changes already have a significant impact on the present
climate, this step is essential for reducing uncertainties and to ensure data continuity
in future climate projections.
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Abstract

Interactions and feedback between the atmosphere and the land surface are essential
to understand and model the Earth’s climate. Their representation is essential to
better study the evolution of ecosystems under climate change. Yet few climate mod-
els dynamically represent these interactions. In this chapter, we introduce RAVEL,
a new coupled regional model combining the regional climate model MAR with the
dynamic vegetation model CARAIB. The coupling is implemented by sequentially
exchanging at each coupling time step the forcing variables required by the other
model. MAR supplies daily weather variables to CARAIB, while CARAIB provides
MAR with dynamic leaf area index. In the current framework, the two models share
an identical spatial grid. The model is applied over Belgium, a region with a tem-
perate European climate, for the 2015-2024 period to assess its ability to represent
the present-day land-atmosphere interactions. In this configuration, the coupling
leads to an increase in leaf area index input of the atmospheric model compared
to a standalone configuration. The assessment of RAVEL over Belgium against
observations and standalone model estimates shows that it successfully reproduces
the main characteristics of the present-day climate. Although the atmospheric re-
sponse to the increased leaf area index remains limited at the present scale with
no significant differences in mean daily temperature or precipitation estimates, the
coupling leads to a decrease in average vegetation productivity, particularly during
summer. RAVEL further improves the net ecosystem productivity daily variabil-
ity and simulates a lower maximum daily surface air temperature during drought
events, highlighting the role of dynamic vegetation feedbacks under extreme con-
ditions. This work highlights the added value of coupling regional climate models
and vegetation models to better capture land-atmosphere interactions and ecosys-
tem responses at regional scales, providing a more robust framework for assessing
the impacts of climate change on natural ecosystems.

3.1 Introduction

Earth’s climate results from complex interactions between its major environmental
components: the biosphere, hydrosphere, atmosphere, lithosphere, cryosphere, and,
more recently, the anthroposphere (Seneviratne et al., 2010; Vogel et al., 2017; IPCC,
2023b; Bevacqua et al., 2024). These components continuously exchange momen-
tum, energy, water, carbon and other chemical compounds, with each interaction
potentially amplifying or dampening changes in the system. Such processes, where
a change in one component affects others in ways that either reinforce (positive) or
counteract (negative) the initial perturbation, are collectively referred to as climate
feedbacks (Seneviratne et al., 2006, 2010; Strengers et al., 2010; Zhang et al., 2018).

These interactions are particularly evident at the land-atmosphere (L-A) boundary
layer. Vegetation influences the atmospheric system through various processes, in-
cluding evapotranspiration (ET) and changes in surface albedo (King et al., 2024),
especially following disturbances such as mortality events or deforestation (Gonza-
lez et al., 2010; Hua et al., 2023; Knutzen et al., 2025). An increase in ET can
enhance local or regional precipitation (Duveiller et al., 2021; Insua-Costa et al.,

50



CHAPTER 3. RAVEL ATMOSPHERE-VEGETATION COUPLED MODEL

2022), which in turn may increase water availability, thereby reinforcing the initial
change through a positive feedback. Accurately capturing the interactions between
these processes is essential for predicting how future climate changes may impact
land ecosystems, particularly given the inherent uncertainties in climate projections.
(Heck et al., 2001; Beniston et al., 2007; Koch et al., 2021; Engel et al., 2025; Verma
et al., 2025).

Climate research frequently relies on numerical models that specialise in representing
a single component of the Earth system, such as atmospheric dynamics or vegeta-
tion processes (Heck et al., 2001; Jacquemin et al., 2020; Tedesco et al., 2023). In
such models, the boundary conditions between different Earth system components
are typically prescribed rather than dynamically simulated, which limits their abil-
ity to capture coupled feedback processes (Giorgi and Gao, 2018; Gröger et al., 2021).

Quantification of the L-A coupling strength, i.e., the atmospheric response to anoma-
lies in land surface conditions and vice versa, has been investigated using different
techniques and tools such as remote sensing, climate models, and land surface mod-
els (Seneviratne et al., 2006, 2010; Miralles et al., 2012; Decker et al., 2015). These
studies have demonstrated strong links between soil moisture and both precipita-
tion and temperature, at global and regional scales. However, they also emphasise
the need for an increased use of coupled models to better represent and understand
L-A interactions (Lorenz et al., 2015; Knist et al., 2017). Moreover, the demand for
models capable of capturing such interactions is growing, as reflected by the CMIP7
data request to accurately represent near-surface temperature variability and change
(Dingley et al., 2025).

At the global scale, General Circulation Models (GCMs) are widely used to project
future climate conditions under various greenhouse gas emission scenarios, frequently
using groups of models, like the Coupled Model Intercomparison Project Phase 6
(CMIP6, Eyring et al., 2016; IPCC, 2023b; King et al., 2024). GCMs are often
integrated into comprehensive Earth System Models (ESMs) that include dynamic
coupling between multiple components such as the atmosphere, land surface, and
ocean (Giorgetta et al., 2013; Gutjahr et al., 2019; Sellar et al., 2019; Boucher
et al., 2020). This coupling exists under different strategies, ranging from offline
approaches, where outputs from one model serve as inputs for another, to fully in-
teractive online coupling where models exchange information at every coupling time
step (Gröger et al., 2021). However, GCMs often struggle to represent regional and
local climate features with sufficient spatial resolution, making them less suitable
for studies requiring detailed regional climate information (Vogel et al., 2017; Giorgi
and Gao, 2018; Stuecker et al., 2018).

To address this limitation, Regional Climate Models (RCMs) are commonly used to
provide higher-resolution simulations of atmospheric processes at the regional scale
(Soto-Navarro et al., 2020; de Vyver et al., 2021; Balcha et al., 2023; Brajkovic et al.,
2025). In recent years, regional model coupling has become increasingly common,
especially in efforts to better represent L-A or ocean-atmosphere feedbacks at re-
gional scales (Knist et al., 2017; Giorgi and Gao, 2018; Giorgi, 2019; Huot et al.,
2022). However, fully coupled Regional Earth System Models (RESMs) are less
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common than ESMs.

While RCMs and GCMs are used to simulate the atmospheric processes, Dynamic
Vegetation (Global) Models (DV(G)Ms) are employed to represent vegetation dy-
namics and biogeophysical interactions across both global and regional scales (Foley
et al., 2000; Krinner et al., 2005; Hickler et al., 2012; Snell et al., 2014). They are
commonly used to estimate future ecosystem productivity (Matsushita et al., 2004;
He et al., 2023), or to assess the impacts of land-use changes such as afforestation
and deforestation (Roebroek et al., 2025). Because vegetation responses depend
strongly on climatic conditions, DVMs and other ecosystem models are typically
driven by climate inputs from RCMs or GCMs (Matsushita et al., 2004; Morales
et al., 2007; Engel et al., 2025).

Coupling these models offers the advantage of explicitly representing physical pro-
cesses on both sides of the boundary between the coupled components and, conse-
quently, their feedbacks (Sein et al., 2020). However, it also introduces additional
sources of uncertainty compared to approaches in which some components are pre-
scribed. One key challenge in coupled configurations is that boundary conditions
between components are no longer prescribed from observations but are instead dy-
namically simulated. As a result, the coupled system lacks the observational nudging
typically used to constrain individual models, which can lead to larger deviations
from observed datasets (Gröger et al., 2021). If both model components drift in the
same direction, the resulting biases may amplify over time. Achieving a stable and
physically consistent coupled simulation therefore often requires careful calibration
and tuning of interface variables and exchange processes. Coupling also increases
computational demands, making the choice of simulation domain and spatial resolu-
tion especially important to balance physical realism and computational feasibility
(Giorgi and Gao, 2018; Gröger et al., 2021).

In this chapter, we present and evaluate the Regional Atmosphere-VEgetation uLiège
model (RAVEL), which interactively couples a regional climate model with a dy-
namic vegetation model. This atmosphere-biosphere coupling enables the simulation
of two-way feedback between the land surface and the atmosphere at the regional
scale. The coupled framework provides enhanced insight into vegetation responses
during extreme events and their feedback on atmospheric conditions, as well as an
improved representation of short-term and/or localised processes that may be over-
looked when the models are used separately.

The models, the case study and the experiment set-up of this chapter are described
in Sect. 3.2. The model evaluation and the simulated effects on atmosphere and land
surface processes under the present climate and during extreme events are discussed
in Sect. 3.3. A discussion about the model results is presented in Sect. 3.4. Sect.
3.5 provides a discussion of the model and outlines future work.
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3.2 Material and Methods

The Regional Atmosphere-VEgetation uLiège model (RAVEL) results from the cou-
pling of the Modèle Atmosphérique Régional (MAR) regional climate model (Gallée
and Schayes, 1994; Grailet et al., 2025) with the CARbon Assimilation in the Bio-
sphere (CARAIB) dynamic vegetation model (Warnant et al., 1994; Verma et al.,
2025). To facilitate understanding of the RAVEL framework, we first introduce
MAR and CARAIB individually, before describing the conceptual and technical
aspects of their coupling.

3.2.1 Description of the models

Regional climate model

In this chapter, we use MARv3.14 (Grailet et al., 2025), an atmospheric model based
on the hydrostatic approximation of the primitive equations of the atmosphere, as
originally described by Gallée and Schayes (1994). MAR is primarily used to study
Greenland (Glaude et al., 2024) and Antarctic ice sheets (Kittel et al., 2022a), but
it has also been applied in European climate studies (Brajkovic et al., 2025; Grailet
et al., 2025).

MAR includes several physical modules, one of which is its radiative transfer scheme,
derived from the ecRad radiation scheme (Hogan and Bozzo, 2018). Another im-
portant physical module is SISVAT (Soil Ice Snow Vegetation Atmosphere Trans-
fer), which governs the surface-atmosphere mass and energy exchanges. Within this
module, the plant water flow is driven by soil-to-leaf water potential gradients, while
turbulent fluxes are computed separately for canopy-air and ground-air interfaces
following the approach of De Ridder and Schayes (1997). Vegetation seasonality
follows a prescribed annual cycle defined by externally provided Leaf Area Index
(LAI) input data. As described in Dethinne et al. (2025), in its standard configura-
tion, MAR uses a climatology (1961-1990) of LAI at 50 km derived from MERRA2
(Global Modeling and Assimilation Office (GMAO), 2015; Gelaro et al., 2017; Wyard
et al., 2021). Firstly computed at a monthly time step, the climatology is eventually
re-interpolated at a 6-hour interval. Then, during the resampling to the MAR grid,
a corrective coefficient depending on the vegetation type is applied in order to main-
tain consistency in the LAI range per vegetation class with previous model versions
that did not use MERRA2 LAI. This LAI climatology is the only vegetation-related
index used by MAR to derive both the annual vegetation dynamics and its daily
variations.

From the LAI input, vegetation-related variables, like aerodynamic roughness length
or stomatal resistance, are handled according to De Ridder and Schayes (1997). An
effective LAI (LAIe), defined as the LAI associated with leaves receiving sufficient
radiation to allow stomatal opening (De Ridder and Schayes, 1997), is derived. LAIe
is used to compute the stomatal resistance (Eq.3.1):

rs =
r0

LAIe

ψc

ψc − ψv

(3.1)
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where r0 is the minimal stomatal resistance, ψv the leaf water potential, and ψc the
leaf water potential at which total stomatal closure occurs. This stomatal resistance
is then used to compute the transpiration vapour flux (Etr, Eq.3.2):

Etr = (ρa · cv)(1− δ)
qsat(Tv)− qa
rav + (rs · cv)

(3.2)

with ρa the surface boundary layer (SBL) top air density, δ the fraction of water
intercepted by the canopy relative to the maximum amount of water intercepted by
the canopy, qsat(Tv) the saturation specific humidity at the vegetation temperature,
qa the SBL top specific humidity, rav aerodynamic resistances for heat, and cv the
ventilation factor of the canopy defined as:

cv = 1− e−0.5LAI (3.3)

The radiative transfer between the land surface and the atmosphere follows the
methodology proposed in De Ridder (1997), where the reflectivity and transmis-
sivity of the vegetation are proportional to the fraction of green leaves. The LAI,
corrected for the snow cover, is used to derive the scattering of downward and up-
ward fluxes, as well as surface absorption and reflectivity.

Parameters such as minimum stomatal resistance and root distribution follow the
formulations of Taylor et al. (1997) and Jackson et al. (1996), respectively. The
atmospheric forcing variables provided to SISVAT include near-surface wind speed,
air temperature, and humidity at the lowest available level above the ground, as
well as downward shortwave and longwave radiation and precipitation. Land cover
is static and is based on the International Geosphere-Biosphere Programme (IGBP)
classification (Loveland and Belward, 1997) aggregated into 13 categories: bare soil,
low/medium/high crops, low/medium/high grass, low/medium/high broadleaf, and
low/medium/high needleleaf. The diversity in vegetation is represented by simu-
lating three sub-pixels (called sectors) representing the two most common types of
vegetation in the pixel, as well as grass. In this chapter, MAR is configured to
resolve the first 5m of soil with 7 layers of decreasing vertical resolution. The first
layer is a few millimetres thick, while the deeper layers are a few meters thick.

Dynamic vegetation model

CARAIB is a mechanistic model that simulates ecosystem primary productivity
and respiration by explicitly integrating the ecophysiological processes governing
carbon exchanges between vegetation, soil, and the atmosphere (Warnant et al.,
1994). CARAIB estimates the evolution of five carbon pools resulting from these
atmosphere-biosphere fluxes. The five pools are (1) the leaves ("green carbon
(GC)"), (2) the other part of the plant, i.e. root, branches, and stems ("remaining
carbon (RC)"), (3) litter from GC, (4) litter from RC, and (5) the product of litter
decomposition, the humus (Otto et al., 2002).

Initially, CARAIB included eight Plant Functional Types (PFTs). Over time, var-
ious improvements have been made, including the addition of new PFTs (François
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et al., 2011; Henrot et al., 2017). A major advancement was the introduction of
species groups sharing similar bioclimatic characteristics, known as bioclimatic affin-
ity groups (BAGs; Laurent et al., 2004). In its latest version, the model can simulate
individual plant species. The consideration of PFTs/BAGs/species allows for esti-
mating the daily carbon fluxes and pools of individual PFTs/BAGs/species on every
pixel of the grid.

In CARAIB, a module handles carbon allocation and biomass growth, which is crit-
ical for accurately estimating the carbon content in the plants (Loudiyi et al., 2024).
The carbon flux captured by the plant during photosynthesis is allocated between
two reservoirs, the first and second pools, GC and RC. The carbon is either used for
metabolic growth (leaves) or for structural growth (roots and wood) (Otto et al.,
2002). Then, the soil and litter carbon dynamics module allows for the transfer of
carbon between the soil and the atmosphere, especially through processes such as
litter decomposition.

To compute the carbon fluxes, the model includes a module dedicated to photosyn-
thesis and stomatal regulation, following Farquhar et al. (1980) for C3 and Collatz
et al. (1992) for C4 plants, which are fundamental to plant growth and the con-
version of atmospheric CO2 into organic compounds. The stomal conductance (gs)
is derived from Ball et al. (1987), adapted to include a dependency on soil water
content (eq. 3.4) by multiplying the slope of the stomatal conductance by a soil
water scaling factor following Van Wijk et al. (2000) (eq. 3.6):

gs = g0(ip) + g1(ip) · fs(t, ip) ·
An(t, h, ip) · hs(t, h)

Ca

(3.4)

with g0(ip) the minimum stomatal conductance for a given PFT/BAG/species ip,
g1(ip) the slope for the stomatal conductance for the same PFT/BAG/species,
An(t, h, ip) the net CO2 assimilation rate for the same PFT/BAG/species for a
given hour h of a day t, hs(t, h) the relative humidity at the leaf surface for a given
hour h of a day t, Ca the atmospheric partial pressure of CO2 and fs(t, ip) the
scaling factor defined as:

S(t, ip) = max(0,
ASW (t)− 0.5 · SWmins(ip)

WATSUP (ip)− 0.5 · SWmins(ip)
) (3.5)

fs = 1.− 0.016572 · exp(4.1 · (1− S(t, ip))) (3.6)

Where S(t, ip) is a stress factor depending on available soil water of day t for a given
PFT/BAG/species ip, with ASW (t) is the relative soil water of day t, SWmins(ip)
is the soil water mortality threshold for PFT/BAG/species ip (Henrot et al., 2017),
and WATSUP (ip) is equal to 1 for purely isohydric plant types and decreases to
values lower than 1 (e.g., towards 0.5) for plant types tending towards anisohydicity.

In the carbon module, leaves are represented as a carbon reservoir for each PFTs /
BAGs / species (the GC pool). The content of this reservoir evolves from the balance
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between carbon allocation to leaves, derived from net primary productivity (the
difference between the gross primary productivity and the autotrophic respiration)
and leaf mortality. For deciduous species, leaf mortality mainly occurs through
seasonal leaf shedding, whereas for evergreen species, a baseline turnover rate is
prescribed. In both cases, mortality increases under environmental stress conditions
such as low temperatures or drought. Then, for each PFTs/BAGs/species, LAI is
computed from its specific leaf area (SLA; eq. 3.7):

LAI(ip) = SLA(ip) · Cleaf (ip) (3.7)

With SLA(ip) the specific leaf area (m2gC−1) for a given PFT/BAG/species ip, and
Cleaf the quantity of carbon (gCm−2) in the GC pool of that PFT/BAG/species ip.

Another core module of the model focuses on soil hydrology (Hubert et al., 1998).
The module works as an Improved Bucket Model (IBM), which estimates the water
content of a soil layer on a daily time step (Otto et al., 2002). The water bud-
get is estimated as the difference between water inputs (precipitation) and outputs
(surface runoff, actual evapotranspiration, and drainage). Currently, CARAIB does
not simulate lateral hydrological fluxes between adjacent pixels, so the budget is
computed independently for each pixel. Daily precipitations are provided either by
external forcing or by a weather generator if only monthly data are available as input
(Hubert et al., 1998). Surface runoff occurs when the precipitation rate exceeds the
soil’s maximum infiltration capacity. Drainage is estimated based on soil hydraulic
conductivity, which is modelled as a function of soil texture and moisture following
the parametrisation of Saxton et al. (1986). Actual evapotranspiration is calculated
as a fraction of potential evapotranspiration, which is itself computed using Pen-
man’s equation (Mintz and Walker, 1993), with the fraction depending on soil water
availability.

Other modules simulate the dispersion of seeds, fire events (Dury et al., 2011), plant
mortality, and competition between the plants. Combined with the vegetation dy-
namics module they are key to simulate how vegetation distribution and biomass
evolve (Loudiyi et al., 2024; Verma et al., 2025; Loudiyi et al., 2026). Lastly, a two-
stage phenology module for crops is included to estimate yield (Jacquemin et al.,
2020).

CARAIB has already been applied and evaluated for various purposes, including
the reconstruction of past vegetation at the global scale (Otto et al., 2002; François
et al., 2006) or in Europe (François et al., 2011), the estimation of crop yieldds in
Belgium and Morocco (Jacquemin et al., 2020; Loudiyi et al., 2024), and the pro-
jection of future ecosystem dynamics in Wallonia (Verma et al., 2025).

RAVEL coupled model

The RAVEL model couples the regional atmospheric model MAR with the dynamic
vegetation model CARAIB to represent two-way interactions between the land and
the atmosphere at the regional scale. In this framework, MAR represents the atmo-
spheric component of the system, while CARAIB simulates land surface processes
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and vegetation dynamics. The two models remain independent in their internal
formulations and exchange only a limited set of key variables required to represent
land-atmosphere feedbacks (Fig. 3.1).

Although MAR includes a land surface scheme (SISVAT) with a representation of
vegetation, its standard configuration relies on a prescribed climatology of LAI. As
shown by Dethinne et al. (2025), such representation can overlook short-term vege-
tation responses to extreme events such as drought and pluvial events. By coupling
MAR with CARAIB, the coupled system allows SISVAT to use time-varying LAI,
enabling a more realistic representation of vegetation impacts on surface energy,
water, and carbon exchanges.

The coupling is intentionally kept lightweight: SISVAT and CARAIB do not share
internal vegetation state variables beyond LAI, nor do they exchange information on
soil hydrological processes or stomatal regulation, despite both models simulating
these processes. (Fig. 3.1). This design choice limits the propagation of uncertain-
ties between the two models, reduces the risk of climate drift, and preserves the
physical consistency of the parametrizations of each model.

The coupling strategy relies on sequentially exchanging variables between the two
models (Fig. 3.1). CARAIB provides MAR with the daily LAI used by SISVAT to
compute land-atmosphere fluxes of energy and moisture. In return, MAR provides
CARAIB with daily meteorological forcing, including near-surface air temperature,
diurnal temperature range, precipitation, shortwave and longwave downward radia-
tion, relative humidity, and wind speed. This two-way exchange enables vegetation-
atmosphere feedbacks, particularly during extreme events, by allowing vegetation
to respond to atmospheric variability and, in turn, enables vegetation changes to
influence atmospheric conditions.

3.2.2 Settings for a study case

Thanks to the extensive prior application and validation of MAR and CARAIB
over a wide range of climatic regions, RAVEL can be applied to most parts of the
globe. In this study, we take advantage of an established MAR domain to define a
case study aimed at evaluating the performance of RAVEL against observations and
at quantifying the impact of vegetation-atmosphere coupling through comparisons
with standalone MAR and CARAIB simulations. This subsection presents the study
region, the offline model configurations, and the coupling setup used for the RAVEL
experiments.

Study region

The model evaluation is performed over Belgium (Fig. 3.2), which exhibits sub-
stantial landscape heterogeneity, with more densely urbanized northern region and
a predominantly forested southern region (Statbel, 2025). This diversity allows to
simulate a region of dense forest and a more urbanised region at the same time.

The climate is typical of a temperate oceanic climate (Cfb in the Köppen-Geiger
climate classification (Beck et al., 2018)) that calls for mild summers and relatively
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Figure 3.1: Schematic representation of the structure of the model components
composing RAVEL and exchanges between the modules. While internal exchanges
within MAR-SISVAT and CARAIB are preserved, RAVEL introduces additional
interactions between MAR and CARAIB to explicitly couple the atmosphere and
the biosphere.
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Figure 3.2: (a) Region of interest. The modelled domain is highlighted by the
yellow rectangle, the studied region by the red one, and the relaxation zone is hatched
in cyan. Basemap: Earthstar Geographics (TerraColor NextGen) imagery (Esri
and Maxar and Earthstar Geographics and the GIS User Community, 2025). (b)
Dominant land cover considered by the MAR model in the studied region. For
visualization purposes, the land cover has been filtered using a 3x3 mode window.
(c) Elevation in the studied region.

wet, cool winters. Under these conditions, the region experiences a mean annual
temperature of about 10 ◦C, which mainly varies inside the region given the local
topography (Erpicum et al., 2018). Annual precipitation varies also with topogra-
phy, averaging between 700 mm and 1300 mm across the country, and is relatively
evenly distributed throughout the year.

During the last decades, the region suffered from multiple droughts like in 2003,
2011, 2018, 2019, 2020 and 2022 (Jonard et al., 2011; Chen et al., 2022b; Toreti
et al., 2023; Bevacqua et al., 2024; Neimry et al., 2025), but also episodes of ex-
treme rainfalls (in intensity and in quantity), like in July 2021 and summer 2024
(Insua-Costa et al., 2022; Toreti et al., 2024; IRM, 2025). The combination of dry
and rainy periods enables us to study vegetation behaviour during periods of water
stress and strong growth (no water limitations), and its impact on the atmosphere
during these periods.

Belgium is also part of the transition zone identified by Knist et al. (2017), situated
between the strongly coupled land-atmosphere systems of southern Europe and the
weakly coupled systems of northern Europe. This makes it a particularly interest-
ing region for studying land-atmosphere feedbacks following the RCM and DVM
coupling.

Offline models setup

To accelerate the coupled simulation and ensure a physically consistent initialisation,
prior standalone simulations of both MAR and CARAIB are required (Fig. 3.3).
Two main constraints motivate this approach. First, CARAIB reads a full year of
climate forcing at once, whereas during the coupled simulation, it receives meteoro-
logical inputs from MAR one day at a time. To address this mismatch, the remaining
days of each year are temporarily filled with climatological values derived from a
previous MAR simulation, providing realistic placeholders until dynamically simu-
lated data become available. Second, dynamic vegetation models typically require
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a much longer spin-up period than regional climate models. CARAIB is therefore
spun up offline before the coupled simulation, using meteorological outputs from
MAR.

For the offline MAR simulation, a configuration similar to Grailet et al. (2025) and
Dethinne et al. (2025) is used. MAR is run from September 1939 to December 2024
at a horizontal resolution of 5 km over Belgium, with 24 pressure levels from the
surface to the lower stratosphere and a time step of 25 s. The model is forced every
6 hours by ERA5 reanalysis data (Hersbach et al., 2020) at the lateral boundaries,
over the ocean, and in the stratosphere, where nudging is applied over three vertical
layers. Independence from initial conditions is ensured by excluding the first years
of simulation from the analysis.

The CARAIB offline simulation spans a longer period (1800-2024) to allow sufficient
equilibration of vegetation and carbon pools. The model is initialised with bare soil,
and the fractional coverage of each vegetation species is recomputed annually at each
grid cell. The simulation includes one herbaceous, one shrub, one pasture, fourteen
trees, and twelve crop species (Table 3.1) as described in Verma et al. (2025), and
is forced with daily meteorological data from the offline MAR simulation. For the
period 1800-1939, forcing data from 1940-1969 are replicated.

To ensure consistency between the two models, most CARAIB inputs are derived
from the same sources as MAR. The land-sea mask and land use/land cover are
based on the classification used by MAR (Fig. 3.2(b)), constraining vegetation
types consistently across the models. Climate forcing is provided by MAR, while
atmospheric CO2 concentrations and soil properties are also taken from the MAR
inputs. In this setup, to simplify the model run, the fire and migration modules of
CARAIB are disabled, and the harvest and sowing dates are set to default dates.

The modelled domain (Fig. 3.2(a)) follows Wyard et al. (2017) and Dethinne et al.
(2025) and encompasses southern Netherlands, northern France, western Germany,
and the North Sea. To exclude the relaxation zone of MAR, a buffer of five grid
cells is removed along each lateral boundary.

For this study, both models operate on the same spatial grid, so no interpolation
is required for variable exchange, although an interpolation functionality has been
implemented to ensure future flexibility.

3.2.3 Simulation experiment

The coupled RAVEL simulations build directly upon the offline configurations de-
scribed in the previous section. RAVEL uses the same spatial domain, grid res-
olution, parametrisations, land-sea mask, and land-cover classification as in the
standalone experiments. Consequently, the coupling does not introduce structural
changes to the individual model configurations, but rather adds an interactive ex-
change of key variables between the atmospheric and vegetation components.

The main difference between the standalone offline simulations and the coupled ex-
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Table 3.1: Vegetation species and genus considered by CARAIB for the simulations over
the studied domain.

Species Vegetation Type
Anemone, Gypsophila, Helleborus, etc Herbaceous

Sambucus, Frangula alnus, Prunus, Sorbus, Vaccinium Shrub
Asteraceae asteroideae, Poaceae, etc Pasture

Abies alba Tree
Alnus glutinosa "
Betula pendula "

Carpinus betulus "
Corylus avellana "
Fagus sylvatica "

Fraxinus excelsior "
Larix decidua "
Picea abies "

Pinus sylvestris "
Populus nigra "

Pseudotsuga menziesii "
Quercus petraea "
Quercus robur "

Winter barley (early-maturing variety) Crop
Winter barley (late-maturing variety) "
Winter wheat (early-maturing variety) "
Winter wheat (late-maturing variety) "

Potatoes (early-maturing variety) "
Potatoes (late-maturing variety) "
Beets (early-maturing variety) "
Beets (late-maturing variety) "
Corn (early-maturing variety) "
Corn (late-maturing variety) "

Rapeseed (early-maturing variety) "
Rapeseed (late-maturing variety) "

periment lies in the simulated time range. As described in the previous section, the
coupled model relies on the offline simulations to accelerate the spin-up phase. The
RAVEL simulation therefore starts in September 2010, using the CARAIB offline
simulation before that date as vegetation spin-up. From that point onward, the
vegetation distribution and species fractions at each grid point are kept fixed to
their 2010 values for the remainder of the run. In contrast, the atmospheric spin-up
phase is performed within the coupled framework, as it is shorter (5 years in this
case), so it already benefits from the dynamic vegetation. As a result, the initial few
years of the RAVEL simulation are discarded, resulting in an analysed study period
spanning 2015-2024.

In this experiment, the coupling time step is set to one day. At each coupling cycle,
MAR first simulates one day and outputs the required atmospheric variables. These
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outputs are then used as inputs by CARAIB, which is subsequently called to sim-
ulate vegetation dynamics for the same calendar day. Each model is executed only
after the other has completed the update of the coupled variables. As MAR starts
the simulation, it uses its standard MERRA2-based LAI climatology for the first
day, while CARAIB is immediately forced by MAR meteorological outputs. From
the second day onward, MAR vegetation state depends exclusively on LAI simulated
by CARAIB (Fig. 3.3).

The coupling is file-based, meaning that all exchanged variables are written and read
by the other model. This approach simplifies the coupling and ensures modularity
but introduces a technical constraint due to differences in the temporal structure of
the two models. MAR operates with a short internal time step (between 15 and 50
seconds), whereas CARAIB is fundamentally structured around a yearly time step.
Although some CARAIB subroutines operate at daily or sub-daily resolution, the
reading of daily input and writing of daily output are typically performed once per
year. As a consequence, for each day simulated by MAR, CARAIB simulates an
entire year using updated daily forcing, and only the outputs corresponding to the
current day are retained (Fig. 3.3). The same calendar year is therefore simulated
multiple times by CARAIB, each time with different daily meteorological conditions
provided by MAR. Despite this repetition, CARAIB is computationally efficient, and
the additional computational cost does not significantly affect the overall runtime
of the coupled system.

This coupling methodology presents certain limitations, particularly regarding the
coupling of variables that are not read as external inputs by either model. Currently,
key variables like LAI or climate forcing are exchanged through file reading, but
other potentially useful variables remain unused in the coupling process as they are
not written or read but are computed internally by both models (e.g., stomatal
conductance, surface roughness, cloud cover, spectral flux fractions).

3.2.4 Statistical analyses

Model performance relative to observations is quantified using standard statistical
indicators: mean bias (MB), root-mean-square error (RMSE), and Pearson correla-
tion coefficient (r). A negative MB indicates underestimation by the coupled model.
These metrics are computed for the 2015-2024 period, both annually and seasonally,
with winter defined as December-January-February (DJF) and summer as June-
July-August (JJA).

Statistical significance of the difference between the model simulations and observa-
tions or the simulations by the other models is computed using block-bootstrapping
with 10-day blocs.
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Figure 3.3: Coupling framework of RAVEL between the Regional Climate Model
MAR and the Dynamic Vegetation Model CARAIB. Before the coupled run, both
models are run in standalone mode (T−1). MAR uses its standard MERRA2-based
climatological LAI to simulate 80 years of data, which is then used as forcing for a
210-year CARAIB run. The CARAIB standalone run ensures the CARAIB spin-
up in the coupled configuration. At the first coupling time step (T0), MAR runs
for one day using standard climatological LAI input (MERRA2), and CARAIB
runs for one year using the daily MAR outputs as climate forcing. The remaining
forcing of the year is filled with a MAR-based climatology computed from the T−1

MAR simulation. CARAIB is initialised using the standalone run. From the second
coupling step onward (T1 to Tx), the coupling becomes fully two-way: MAR uses
daily LAI provided by CARAIB, while CARAIB receives daily meteorological inputs
simulated by MAR. At each step, MAR simulates one day, and CARAIB simulates
one year, using updated climate forcing and restarts from the vegetation states of
the previous year.
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Table 3.2: Average daily Mean Bias (MB), Root Mean Square Error (RMSE), and
Pearson correlation coefficient (r) between RAVEL simulations and mean daily observations
over Belgium. A negative MB value implies an underestimation of RAVEL compared to the
observation. Statistics are given for the sea-level pressure, surface air temperature, wind
speed, relative humidity, rainfall, actual evapotranspiration from LSA SAF and FLUXNET
(ETLSA and ETICOS), gross primary productivity (GPP), and net ecosystem exchanges
(NEE) annually, and for the summer (JJA) and winter (DJF) seasons for the 2015-2022
period. MB marked with an asterisk (*) indicates that the mean daily MB is smaller than
the daily standard deviation of the observations. A dash (-) in the MB column indicates
no significant difference (p-value > 0.05) between the model mean daily values and the
observations using block-bootstrapping with 10-day blocs.

Variable Annual Winter Summer
MB RMSE Correlation MB RMSE Correlation MB RMSE Correlation

Sea-Level Pressure (hPa) - 1.52 0.99 - 1.97 0.99 - 1.01 0.98
Temperature (◦C) - 1.11 0.99 - 0.99 0.96 - 1.31 0.93
Wind speed (ms−1) -0.46* 0.55 0.97 -0.47* 0.56 0.98 -0.41* 0.51 0.93

Relative humidity (%) 7.87* 9.21 0.92 7.84 9.14 0.88 6.94* 8.63 0.92
Rainfall (mm) -1.19* 3.09 0.72 -1.86* 3.6 0.72 -0.76* 3.04 0.73
ETLSA (mm) -1.54 1.89 0.88 -0.51 0.58 0.73 -2.83 2.97 0.78
ETICOS (mm) 0.33* 0.72 0.82 0.19* 0.38 0.24 0.29* 0.95 0.5
GPP (gC/m2) -1.11* 2.41 0.85 -0.48* 0.86 0.38 -0.67* 3.15 0.32
NEE (gC/m2) 1.19* 2.01 0.74 0.43* 1.11 0.3 1.61* 2.57 0.43

3.3 Results

3.3.1 Model assessment

In this section, we evaluate the performance of RAVEL by comparing its simulated
climate and vegetation variables with observation-based datasets (Table 3.2). While
both the MAR and CARAIB models have previously been evaluated over the Bel-
gian study region (Jacquemin et al., 2020; Brajkovic et al., 2025; Dethinne et al.,
2025; Grailet et al., 2025; Verma et al., 2025), it remains essential to verify that
the coupled model RAVEL maintains consistency with observations and does not
introduce systematic deviations or climate drift.

Daily spatially averaged model outputs are compared against observation-based
datasets from multiple sources. Key meteorological variables, including sea-level
pressure, surface air temperature, wind speed, relative humidity, and precipitation,
are obtained from weather stations distributed across Belgium and statistically inter-
polated onto a 5 km grid (Journée et al., 2023). Actual evapotranspiration (ETLSA)
estimates are obtained from the LSA SAF product (Ghilain et al., 2011, 2012a), while
ecosystem productivity is evaluated using actual evapotranspiration (ETICOS), gross
primary productivity (GPP) and net ecosystem exchanges (NEE) from FLUXNET
measurements at the Vielsalm ICOS station (Vincke et al., 2026). For the latter
data source, the model is compared to the observations using the average value of
the four closest grid cells surrounding the station. The ecosystem productivity is
evaluated against FLUXNET observations from an ICOS station rather than against
gridded products, in order to enable a comparison that is consistent with the local
vegetation composition.

As expected, the RAVEL model reproduces the current climate over the study area
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reasonably well. No statistically significant differences (p-value > 0.05) are observed
between the model and the observations for daily sea-level pressure and surface
air temperature. Sea-level pressure shows very high correlations with observations
(r ≥ 0.98) in winter, summer, and on an annual basis. Surface air temperature
and wind speed also exhibit strong correlations (r ≥ 0.96), although a slight reduc-
tion in correlation is found during summer. For relative humidity (RH), the daily
mean bias in summer and annually remains lower than the daily standard devia-
tion of the observations, but correlations are somewhat lower (though still close to
0.9), and the RMSE is relatively large (≈ 9%). As previously reported for MAR
(e.g., Doutreloup et al., 2019a; Brajkovic et al., 2025) and for other RCM (Danan-
deh Mehr and Kahya, 2017; Hosseinzadehtalaei et al., 2018), precipitation is more
challenging to simulate. While RAVEL exhibits a mean bias smaller than the daily
standard deviation of the observations and a relatively low RMSE of about 3 mm,
the correlation drops to around r ≈ 0.7 seasonally and annually. This decrease can
be attributed to underestimated rainfall extremes in summer and overestimations in
winter (de Vyver et al., 2021) as well as underestimation of convective precipitation
(Doutreloup et al., 2019b).

For the land-surface-related variables, the results are more mixed. When compared
to LSA SAF ET estimates, the model shows relatively good correlations, both an-
nually (r = 0.88) and seasonally (r > 0.7). However, when evaluated against ICOS
station data on a seasonal basis, the correlations drop to lower values (r ≈ 0.2-0.5).
This discrepancy can be explained by the model’s design, which focuses on repre-
senting vegetation dynamics over long timescales and larger spatial domains rather
than capturing fine-scale, day-to-day variability at a single site. This interpretation
is further supported by the very low MB and RMSE and the higher annual than
seasonal correlations for ET, GPP and NEE compared to ICOS. The same con-
clusion can be applied to both the GPP and NEE. Overall, the model provides a
satisfactory representation of the general conditions but tends to underestimate the
local and daily variations.

3.3.2 Impact of the coupling

Land surface variables

The overall effect of the model coupling on vegetation cover when comparing RAVEL
to offline CARAIB (see Sect. 3.2.2) is a slight decrease in vegetation density and
productivity by a few percent (Table 3.3). This reduction is evident in most vari-
ables but varies with season and process. For NEE (defined as positive toward the
atmosphere), an increase in carbon release is observed in forested regions during win-
ter and autumn, coinciding with higher autotrophic respiration and gross primary
production during those seasons in RAVEL. However, this increase is not sufficient
to offset the stronger summer decline, when fluxes are larger. The net effect is a sus-
tained reduction in vegetation productivity, which is also reflected in total biomass,
showing an overall annual decrease of 17.6 %.

Similarly, the LAI simulations from the coupled model are consistently lower than
those obtained from CARAIB (Table 3.3). However, the magnitude and direction of
the change depend on vegetation type and season (Fig. 3.4). In autumn, central and
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Table 3.3: Seasonal (winter and summer) and annual mean daily values of
CARAIB/MAR and RAVEL, together with their mean daily difference for net ecosys-
tem exchange (NEE), biomass (BIM), soil water content (SW), evapotranspiration (ET),
albedo, and leaf area index (LAI) for the 2015-2024 period. An index "M" denotes that
the variable is taken from MAR, while "C" stands for CARAIB.

Variable Annual Winter Summer
CARAIB/MAR RAVEL Difference (%) CARAIB/MAR RAVEL Difference (%) CARAIB/MAR RAVEL Difference (%)

NEEC (gC/m2) -0.32 -0.14 -28.5 0.66 0.86 38.29 -1.56 -1.33 -9.8
BIMC (gC/m2) 2855.19 2349.73 -17.61 2770.67 2273.93 -17.81 2981.32 2472.42 -16.98

SWM 0.63 0.57 -9.62 0.66 0.6 -8.25 0.61 0.55 -10.98
ETC (mm) 1.38 1.56 22.35 0.43 0.6 36.05 2.25 2.45 12.41
AlbedoM 0.25 0.25 1.15 0.26 0.26 -0.33 0.23 0.24 2.64

LAIC 2.75 2.71 -1.47 1.76 1.73 -1.59 4.31 4.17 -3.16

Figure 3.4: Seasonal (DJF, MAM, JJA, SON) and annual mean daily leaf area
index simulated by (a) CARAIB, (b) RAVEL, and (c) their difference, for the period
2015-2024 over Belgium.

northern Belgium exhibit an increase in LAI, mainly over croplands, while the rest
of the domain shows either little change or a slight decrease. In summer, croplands
and the forested regions of southern Belgium experience a smaller decrease in LAI
compared to the rest of the study area. Interestingly, a cropland-dominated zone
in the north, which showed an increase in autumn, displays the largest decrease in
summer, highlighting contrasting seasonal responses even within similar land-cover
types. Conversely, RAVEL simulates higher daily ET despite the overall decline in
vegetation. The increase in ET is spatially homogeneous across most of the domain,
except in winter, when a stronger increase is observed in the northern half of Bel-
gium.

While differences in LAI between CARAIB and RAVEL provide valuable informa-
tion, comparing the MAR input LAI to the LAI used in the coupled configuration
provides deeper insight into how and why the atmosphere is impacted, as it is this
difference that drives the change between MAR and RAVEL. With the coupling, the
MAR LAI input is impacted in two main ways: the spatial resolution and the tem-
poral variability. As described in the RCM description (Sect. 3.2.1), in its standard
configuration, MAR uses a 50 km LAI-climatology derived from MERRA2. When
CARAIB supplies the LAI in the coupled model, the spatial resolution of the LAI
input increases by a factor of ten (from 50 km to 5 km) and the daily LAI reflects
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Figure 3.5: Seasonal (DJF, MAM, JJA, SON) and annual mean daily leaf area
index (a) derived from MERRA2 and resampled to MAR grid, (b) simulated by
RAVEL, and (c) their difference, for the period 2015-2024 over Belgium.

concurrent climate conditions as it is no longer a climatology. Consequently, the
LAI used to represent vegetation in the atmospheric model is substantially altered
when transitioning from the MAR offline configuration to the RAVEL coupled con-
figuration.

A general increase in LAI is observed in RAVEL compared to the MERRA2-derived
climatological LAI (Fig. 3.5). The most pronounced differences occur over low-
vegetation areas, such as pastures and croplands, where LAI increases by up to 200
% across all seasons, particularly during summer. Forested regions in the south and
north-east of the domain exhibit smaller increases, on the order of 50 %. In contrast,
a localised decrease in LAI is found in the western part of the domain during winter
and autumn, reflecting the crop cycle representation in CARAIB, where crops are
harvested at the end of summer or early autumn, leading to lower LAI in autumn
and winter.

With the strong increase in LAI prescribed to MAR, the coupled model simulates
strong changes in surface characteristics, most notably relative soil water content,
defined as the ratio to the value at saturation, and surface albedo (Table 3.3). Higher
vegetation density enhances root water uptake, leading to a decrease in soil water
content of about 10 % annually, slightly stronger in summer (11 %) and weaker in
winter (8 %), in line with the difference observed in LAI. This reduction is spatially
consistent across most of the domain, except in coastal areas and in the forested
regions of southern Belgium, where changes in soil water are smaller. In coastal
areas, this limited response is linked to the sandy soils represented in the model,
which have higher water infiltration capacity, whereas in the southern forests, the
minimal change is explained by the relatively small differences in LAI.

The differences in surface albedo are more subtle than those of soil water content
and are strongly influenced by spatial heterogeneity and seasonal timing (Fig. 3.6).
In summer, a relatively uniform increase of about 2 % compared to MAR is ob-
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Figure 3.6: Seasonal (DJF, MAM, JJA, SON) and annual mean daily albedo
simulated by (a) MAR, (b) RAVEL, and (c) their difference, for the period 2015-
2024 over Belgium.

served across the study region. In winter, however, two contrasting regimes emerge:
albedo decreases in the North and the East, particularly over agricultural areas,
while the South shows an increase. This seasonal pattern reflects land cover dynam-
ics, as croplands are bare in late autumn and early winter, leading to lower albedo in
RAVEL, but regrow more rapidly toward late winter, ultimately producing higher
albedo than MAR on an annual basis. A similar north-south contrast is observed in
autumn, which also contributes to the annual differences (Fig. 3.6).

Atmospheric variables

In this section, we investigate the effect of the coupling on some atmosphere-related
variables by comparing the results of MAR in a standalone configuration to those
obtained with the coupled model (Table 3.4).

Table 3.4: Seasonal (winter and summer) and annual mean daily values of MAR and
RAVEL together with their mean daily difference for rainfall, surface air temperature,
cloud cover, relative humidity, sensible heat flux, and short and long wave upward for
the 2015-2024 period. A dash (-) in the "Difference (%)" column denotes that there is
no statistically significant difference between MAR and RAVEL mean daily value for the
considered period and variable.

Variable Annual Winter Summer
MAR RAVEL Difference (%) MAR RAVEL Difference (%) MAR RAVEL Difference (%)

Rainfall (mm) 2.16 2.15 - 2.02 2.01 - 2.7 2.71 -
Temperature (◦C) 11.12 11.05 - 4.19 4.34 - 18.79 18.5 -
Cloud cover (%) 0.71 0.71 - 0.87 0.86 - 0.58 0.59 -

Relative humidity (%) 86.19 86.98 - 95.22 94.93 -0.3 77.12 79.22 2.94
Sensible heat flux (W/m2) -9.59 -8.18 - -14.05 13.11 - -35.7 -31.2 -12.7

Short wave upward (W/m2) 22.87 23.77 - 6.97 7.2 - 38.88 40.58 4.62
Long wave upward (W/m2) 369.52 368.78 - 331.46 332.17 - 413.94 411.8 -0.52

For rainfall, surface air temperature, and cloud cover, no statistically significant dif-
ferences are found between the daily values simulated by the standalone and coupled
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models, either in summer, winter, or annually (Table 3.4). In contrast, significant
differences emerge mainly in summer for RH, latent heat flux (LHF), and the up-
ward shortwave and longwave radiative fluxes (SWU, LWU).

Despite the increase in ET and RH, the denser vegetation cover does not lead to an
increase in cloud cover, sometimes reported in other studies (Duveiller et al., 2021;
King et al., 2024). Nevertheless, the increase in ET is associated with a rise of a
few percentage points in relative humidity during summer. Contrary to expecta-
tions based on the moisture recycling concept (van der Ent et al., 2010; Insua-Costa
et al., 2022), this additional humidity also does not translate into more precipitation.

Although surface air temperature differences between MAR and RAVEL are not
statistically significant, the coupled model exhibits daily mean values about 0.3 ◦C
cooler than MAR during summer. This small decrease can be attributed to combined
changes in surface albedo and surface flux partitioning. Higher albedo increases soil
reflectivity, enhancing SWU, while higher ET increases latent heat flux (positive
toward the surface in this study), thereby reducing the energy available for sensible
heating. Consistently, the simulations show a decrease in sensible heat flux (SHF)
exceeding 10 % on average per day during summer.

These changes, directly linked to land-surface processes, are not spatially homoge-
neous as they follow the underlying vegetation patterns. For winter, spring, and
summer, RAVEL simulates a generally smaller flux of SHF (positive toward the
surface in this study) by a few percent across most of the study area, except for
some forested regions in central and southern Belgium, which show a larger nega-
tive flux during spring compared to MAR (Fig. 3.7). The largest differences occur
in autumn, when coastal areas in the north of the domain and cropland areas exhibit
increases (more positive flux) in SHF of up to 75 %. However, these increases have a
limited climatic impact as SHF values are generally low during that season. On the
annual scale, RAVEL simulates a domain-wide decrease of the negative SHF flux of
about 10 %, with localised small increase in the flux over forested regions and larger
decrease flux in the tri-border region east of the study area, encompassing Belgium,
Germany, and the Netherlands (Fig. 3.7).

The spatial differences in SWU (Fig. 3.8) closely follow those in land surface albedo
(Fig. 3.6), with the same regions being affected in similar ways. On the annual
scale, RAVEL simulates a general increase in SWU of about 5-10 % compared to
MAR, particularly over forested and natural areas. In contrast, a decrease in SWU
is observed in northwestern Belgium in predominantly cropland regions, where the
surface albedo is decreasing. This reduction is more pronounced during seasons with
generally lower SWU, i.e., winter and autumn. Otherwise, the increase in SWU oc-
curs in the same regions and with similar magnitude across seasons, with the largest
increases located at forest edges where the simulated LAI rises most strongly.

Extreme events

A key advantage of the coupled model is its theoretical capability to resolve short-
term variability and L-A feedback, including during extreme events, which are inad-
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Figure 3.7: Seasonal (DJF, MAM, JJA, SON) and annual mean daily sensible heat
flux simulated by (a) MAR, (b) RAVEL, and (c) their difference, for the period 2015-
2024 over Belgium.

Figure 3.8: Seasonal (DJF, MAM, JJA, SON) and annual mean daily short wave
upward simulated by (a) MAR, (b) RAVEL, and (c) their difference, for the period
2015-2024 over Belgium.

70



CHAPTER 3. RAVEL ATMOSPHERE-VEGETATION COUPLED MODEL

equately represented when using climatological means or static datasets as forcing.
For RAVEL, this capability is particularly relevant for the atmospheric component.
While CARAIB in standalone mode can be forced with year-to-year varying daily
weather or a weather generator, MAR in its standard configuration relies on a fixed
climatological LAI. As a result, the coupling not only enables long-term feedback
between the land surface and the atmosphere but also allows short-term differences
to emerge between the coupled and uncoupled configurations during droughts and
pluvial events.

Accurate representation of L-A interaction under present-day conditions is essential
for quantifying uncertainties in climate projections, particularly as the frequency
and intensity of extreme events are projected to increase in the coming decades
(IPCC, 2023b). In the following, we evaluate RAVEL against both the reference
observations described in Sect. 3.3.1 and the standalone model runs during drought
and pluvial episodes identified within the study period (Schuldt et al., 2020; Chen
et al., 2022b; Insua-Costa et al., 2022; Toreti et al., 2023; Bevacqua et al., 2024;
Toreti et al., 2024). Specifically, we selected summer droughts in 2018, 2020, and
2022, and winter droughts in 2017 and 2019, as well as pluvial events in summer
2016 and 2021 and in winter 2023 based on SPEI3 (Vicente-Serrano et al., 2010)
values computed for the study period.

The impact of the coupling strongly depends on the variable considered and is not
always straightforward. For NEE (Fig. 3.9a), the effect varies considerably across
events. During the 2018 and 2020 summer droughts, the coupled model shows a
further decrease in standard deviation, whereas the standalone model configuration
already underestimates day-to-day variability compared to reference observations.
In contrast, during the 2022 drought, the standard deviation increases. In winter,
for both pluvial and drought events, RAVEL generally provides a better represen-
tation of variability. Mostly the same conclusion can be taken for the correlation
with the observations. In some cases, like in 2017, 2019, and 2022, RAVEL show
a smaller correlation with the observations than the offline model. In other cases
like in 2018 and 2020, the opposed situation is observed, with a better correlation
for the coupled model. Overall, the benefits of coupling for NEE during summer
extremes remain unclear, despite its role in vegetation dynamics.

For ET (Fig. 3.9b), the results are more consistent. With the exception of the
2019 winter drought, RAVEL exhibits standard deviations closer to the observa-
tions across all events. However, this improvement in variability is sometimes ac-
companied by a reduction in correlation with the observations, particularly during
the 2018 and 2020 summer droughts. Regardless of the variable, vegetation-related
outputs from both coupled and standalone model simulations consistently exhibit
lower variability than observations.

For daily maximum surface air temperature (Fig. 3.10a), the overall increase in veg-
etation induced by the coupling (see section 3.3.2) has a clear effect. During both
drought and pluvial periods, RAVEL generally simulates lower maximum tempera-
tures, directly linked to enhanced vegetation cover. Even during droughts, when a
stronger reduction in LAI is observed in the coupled model (Fig. 3.11), the coupled
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Figure 3.9: Taylor diagram for (a) net ecosystem exchange (NEE) simulated by
CARAIB and RAVEL compared against FLUXNET data at the Vielsalm ICOS
station, and (b) evapotranspiration (ET) simulated by MAR and RAVEL com-
pared against LSA-SAF ET data over Belgium. Symbols indicate individual extreme
events. Light grey and light blue denote winter events (droughts in 2017 (♦) and
2019 (+), pluvial in 2023 (▲)), while dark blue and black denote summer events
(pluvial in 2016 (▼) and 2021 (×), droughts in 2018 (•), 2020 (⋆), and 2022 (◀)).
Points of the same colour correspond to values from the same model, while points
with the same marker shape represent the same period. The horizontal and vertical
axes show the model’s standard deviations, normalised by the observed standard
deviation. The bold dashed line indicates the reference value corresponding to the
observed standard deviation. The correlation between the model and the observa-
tions is represented by the angle with respect to the x-axis, while the root mean
square error is shown by the light grey curved lines.

model still maintains higher vegetation levels than MAR LAI climatology, leading
to a cooling effect. This effect is more apparent during pluvial periods, while for
drought events, the temperature differences are not always statistically significant.
In cases of very strong heat-waves (daily maximum temperature > 35 ◦C), RAVEL
instead simulates higher maximum temperatures than MAR. Under such extreme
heat, soil moisture exerts a stronger control than vegetation (Seneviratne et al.,
2010; Vogel et al., 2017), and since soil moisture is generally lower in RAVEL (Table
3.3), the resulting temperatures are higher.

Compared to CARAIB, LAI in RAVEL is generally lower (Fig. 3.10b), and consis-
tently so during pluvial events, although these differences are often not statistically
significant. During droughts, however, the impact is stronger: LAI peaks are lower
and decline more rapidly in RAVEL than in CARAIB, as observed in 2018 and 2022
(Fig. 3.11).
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Figure 3.10: Daily differences during extreme events (winter droughts (2017, 2019)
and pluvial (2023), summer pluvials (2016, 2021) and droughts (2018, 2020, 2022))
over Belgium between (a) MAR and RAVEL maximum daily surface air temperature
(scatter plot truncated between 25 and 40 ◦C) and (b) CARAIB and RAVEL leaf
area index (scatter plot truncated between 3.5 and 4.8).

Figure 3.11: Evolution of LAI simulated by CARAIB and RAVEL over Belgium
for the 2015-2024 study period. Drought events are indicated by red dots above the
time series, and pluvial events by blue dots.
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3.4 Discussion

By coupling the RCM MAR and the DVM CARAIB, RAVEL opens new possibilities
to study the land-atmosphere interactions. However, some considerations have to
be taken into account at the sight of the results. Some technical and methodological
choices can orient the results and influence RAVEL performances.

First of all, the coupling is performed over a reference period rather than a long-
term projection, so its impact may be moderate and can yield similar results to using
observation-based forcing with a standalone model. As discussed in Sect. 3.2.1, the
coupling between the land surface and the atmosphere in this study primarily con-
sists of passing the CARAIB-simulated LAI to MAR. As shown in Sect. 3.3.2, the
LAI from the coupled model is generally higher in areas of low vegetation (e.g.,
agricultural and grassland regions) and broadly similar in areas of dense vegetation
(e.g., forests), compared to the MERRA2-derived LAI used in standalone MAR
(Fig. 3.5). We therefore expected results similar to those of Dethinne et al. (2025),
where MAR was provided with MODIS satellite LAI observations (Myneni et al.,
2021), which were likewise consistently higher in low-vegetation regions than MAR’s
standard inputs.

In addition, the limited domain size and the boundary forcing may contribute to
the relatively weak atmospheric sensitivity. Synoptic control can surpass the land-
atmosphere feedback occurring in RAVEL. For example, when the increase in ET in
RAVEL compared to MAR was expected to increase the convective precipitation, the
relatively small change in precipitation may have been driven by synoptic control.
This may reflect MAR’s known tendency to underestimate of convective rainfall and
extreme events (de Vyver et al., 2021; Brajkovic et al., 2025), or the limited size of
the domain. Under strong synoptic control, local evapotranspiration anomalies may
be exported through advection or precipitate outside the domain (Eltahir and Bras,
1996; Tuinenburg et al., 2020). Similarly, King et al. (2024) reported that simulations
with the Community Earth System Model version 2 showed little to no change in
precipitation across Northern Hemisphere mid-latitudes when comparing afforesta-
tion and baseline land-use scenarios over long-term projections, and attributed it
to the lower influence of convective precipitation compared to large-scale processes.
Therefore, the relatively weak atmospheric response to vegetation-induced surface
flux changes in RAVEL is likely constrained by the domain choice.

Other changes can be attributed to the vegetation classification and land cover used
by RAVEL and the static representation of vegetation fraction. The overall increase
in albedo observed in this study contrasts with the findings of studies such as Port-
mann et al. (2022) or King et al. (2024) and may be attributed to SISVAT surface
albedo computation. In the other studies, the increase in vegetation is simulated
with afforestation or a land cover transition scenario. In contrast, in our setup,
vegetation fractions are fixed, meaning that grasslands are not replaced by forests
and most forested regions are represented as broadleaf rather than darker needleleaf
forests. As discussed in Sect. 3.3.2, some of the variations in albedo and surface
fluxes may be attributed to the relatively rapid dynamics of agricultural land, espe-
cially cropland, which are not represented in MAR.
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However, if the results indicate that changes occurred predominantly in lower veg-
etation compared to forests, special attention should nonetheless be given to the
forests. While under the current climate and because of the vegetation types de-
fined in RAVEL, low vegetation is more prone to experience a decrease in LAI due to
water stress (e.g., because of shallower root depth) and thus is more highlighted in
this study than forests, the frequency and intensity of extreme events are predicted
to increase (IPCC, 2023a). Under such conditions, forests could experience substan-
tial reductions in productivity, delayed recovery, and increased mortality (Knutzen
et al., 2025). These events are linked with important consequences for regional
carbon budgets, surface energy fluxes, and land-atmosphere feedback. Forest will
therefore play a very important role in climate system in the long term (Engel et al.,
2025).

Despite all these limitations, RAVEL demonstrates a strong ability to simulate
land–atmosphere interactions during short-term and extreme events, especially dur-
ing droughts. In these periods, RAVEL exhibits a stronger LAI response than
standalone CARAIB, despite the comparatively limited atmospheric response. The
impact is most pronounced in the vegetation component, where RAVEL simulates
vegetation dynamics that are, on average, closer to observations than those obtained
with the standalone models. Nevertheless, atmospheric variables are also affected
during these events, with daily maximum surface air temperature exhibiting clear
changes that are closely linked to the evolution of LAI. This increased response to
drought was expected, even if the events were represented in the weather forcing
of CARAIB in the standalone run. With a coupled framework, land-atmosphere
feedbacks become more pronounced, particularly during drought events compared
to pluvial periods. During droughts, increasing water stress induces stomatal clo-
sure and leaf senescence, leading to a reduction in LAI. This reduction in vegetation
cover decreases latent heat flux and canopy cooling, contributing to higher surface
temperatures, which in turn further reinforces plant water stress and vegetation
decline. In contrast, during pluvial conditions, soil water is non-limiting and key
vegetation and surface parameters such as stomatal resistance or surface albedo tend
to reach a plateau. As a result, additional moisture does not translate into stronger
land-atmosphere feedbacks, and the coupled response remains weaker than during
drought conditions.

Overall, RAVEL reproduced the present-day climate and vegetation with compa-
rable or better accuracy than the model in their standalone configurations. The
comparison to observations supports its suitability for investigating long-term land-
atmosphere interactions at the regional scale.

3.5 Conclusions and Future Works

In this chapter, we present the new regional model RAVEL that couples the re-
gional climate model MAR with the dynamic vegetation model CARAIB. Although
the coupling is still under active development, the results are promising and highlight
the potential of such a framework. The coupling is achieved through file exchanges
between the two models: CARAIB provides MAR with simulated LAI, while MAR
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supplies CARAIB with the relevant meteorological variables. Both models run for
one time step, one after the other, exchanging information on a daily basis.

The coupled model run is performed over Belgium for a 15-year simulation from
2010 to the end of 2024, from which the 2015-2024 study period is extracted. As
CARAIB generally simulates higher LAI values than the MERRA2-based climato-
logical LAI prescribed in the standard MAR configuration, the main effect of the
coupling compared to the standalone models is a strong increase in vegetation cover
used by MAR as vegetation input. Consequently, the coupling behaves similarly
to an increased vegetation density scenario, with a vegetation that dynamically re-
sponds to meteorological variability.

Under present-day climate conditions, the simulated impacts are broadly consistent
with findings from studies investigating afforestation scenarios (King et al., 2024;
Bright et al., 2025; Engel et al., 2025), except for the reported decrease in albedo
and the associated slight increase in temperature. This difference can be explained
by the vegetation composition in the study domain, which is dominated by broadleaf
forests rather than darker needleleaf forests, by the absence of grassland-to-forest
transitions that would decrease RAVEL albedo, and by SISVAT surface albedo com-
putation.

Interestingly, the atmospheric response to the coupling is less pronounced than the
vegetation response. This asymmetry may reflect a higher sensitivity of the vege-
tation model compared to the atmospheric model, or a strong synoptic control over
the small domain. These results are consistent with Dethinne et al. (2025), who also
reported a relatively weak atmospheric sensitivity to vegetation changes in MAR.

Overall, the coupling leads to an increase in vegetation in MAR, but when com-
paring CARAIB to RAVEL, a decrease in vegetation is observed in RAVEL. This
overall decrease is primarily linked to spatial differences in LAI and to stronger ef-
fects during drought periods, especially in summer. Nevertheless, the differences in
daily maximum surface air temperature, LAI, and vegetation productivity between
coupled and uncoupled configurations during pluvial and drought events highlight
the value of including vegetation-climate feedbacks compared to offline models.

The coupled RAVEL system provides a more realistic and coherent representation of
present-day climate and vegetation interactions, particularly during extreme events.
As the recurrence and intensity of such events are projected to increase in the coming
decades, improving their simulation is crucial for more reliable climate projections
and for supporting sustainable adaptation and mitigation strategies.

While the current configuration involves a limited number of exchanged variables,
by using the same memory space and running the model sequentially, we open the
possibility for future extensions of the coupling framework to include additional
variables without relying on file-based exchange. For instance, surface roughness
and stomatal resistance computed by CARAIB could be passed directly to MAR,
while MAR calculation of the fraction of photosynthetically active radiation could
be used as input for photosynthesis processes in CARAIB. Integrating such variables
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via shared memory would not only enhance the biophysical interactions of the cou-
pled system but also reduce redundant file I/O operations, improving computational
efficiency. These enhancements should be considered in future developments of the
RAVEL framework.

Beyond evaluating the model performance under present-day conditions, the RAVEL
coupling framework also provides a basis for a wide range of future developments and
applications. Key perspectives include performing long-term simulations to assess
the joint evolution of climate and vegetation under different climate change scenar-
ios, and transposing the study to a region with known strong L-A coupling, like the
Mediterranean region. Such experiments would allow the assessment of cumulative
land-atmosphere feedbacks under water-limited conditions.

In these climate projections, particular emphasis should be placed on forest ecosys-
tems, given their dominant contribution to carbon storage and their strong influ-
ence on surface energy and water fluxes. Improving the representation of long-term
forest dynamics, including their response to increasing drought frequency and in-
tensity, will be essential to enhance the coherence of regional climate projections.
Ultimately, these developments, along with other model inter-comparison projects,
will strengthen the ability of coupled regional models to quantify uncertainties on
climate, support impact assessments, and inform policymakers about adaptation
and mitigation strategies under ongoing climate change.
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CHAPTER 4

Assimilation of Wet-Snow Occurrence
Observed by Remote Sensing Into a

Regional Climate Model

This chapter is adapted from : Dethinne, T., Glaude, Q., Picard, G., Kittel, C., Alexander,
P., Orban, A., & Fettweis, X. (2023). Sensitivity of the mar regional climate model snowpack
to the parameterization of the assimilation of satellite-derived wet-snow masks on the Antarctic
peninsula. The Cryosphere, 17 (10), 4267-4288. doi:10.5194/tc-17-4267-2023.
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Abstract

Both regional climate models (RCMs) and remote sensing (RS) data are essential
tools in understanding the response of polar regions to climate change. RCMs can
simulate how certain climate variables, such as surface melt, runoff, and snowfall, are
likely to change in response to different climate scenarios, but are subject to biases
and errors. RS data can assist in reducing and quantifying model uncertainties by
providing indirect observations of the modelled variables on the present climate. In
this chapter, we improve on an existing scheme to assimilate RS wet snow occurrence
data into the "Modèle Atmosphérique Régional" (MAR) RCM and investigate the
sensitivity of the RCM to the parameters of the scheme. The assimilation is per-
formed by nudging the MAR snowpack temperature to match the presence of liquid
water observed by satellites. The sensitivity of the assimilation method is tested by
modifying parameters such as the depth to which the MAR snowpack is warmed or
cooled, the quantity of water required to qualify a MAR pixel as “wet” (0.1 or 0.2
% of the snowpack mass being water), and assimilating different RS datasets. Data
assimilation is carried out on the Antarctic Peninsula for the 2019-2021 period. The
results show an increase in meltwater production (+66.7 % on average, or +95 Gt),
along with a small decrease in surface mass balance (SMB) (-4.5 % on average, or -20
Gt) for the 2019-2020 melt season after assimilation. The model is sensitive to the
tested parameters, albeit with varying orders of magnitude. The prescribed warming
depth has a larger impact on the resulting surface melt production than the liquid
water content (LWC) threshold due to strong refreezing occurring within the top
layers of the snowpack. The values tested for the LWC threshold are lower than the
LWC for typical melt days (approximately 1.2 %) and impact results mainly at the
beginning and end of the melting period. The assimilation method will allow for the
estimation of uncertainty in MAR meltwater production and will enable the identi-
fication of potential issues in modelling near-surface snowpack processes, paving the
way for more accurate simulations of snow processes in model projections.

4.1 Introduction

More than two-thirds of Earth’s freshwater is held in the polar ice sheets (Church
et al., 2013), with the majority of it trapped as land ice at the south pole, forming
the Antarctic Ice Sheet (AIS). According to Fretwell et al. (2013), if all AIS ice were
to melt, the global mean sea level would rise by 56 meters. Currently, the AIS is
primarily losing mass due to grounded ice flowing into the ocean. There, the ice is
lost mainly through a combination of basal melting and calving (The IMBIE Team,
2018; Rignot et al., 2019; Adusumilli et al., 2020).

However, the surface melt production on the ice sheet is also important for several
reasons. Even moderate surface melt over the ice shelves, the floating boundaries
of the ice sheet, is thought to weaken the shelf structure and to cause ponding and
hydrofracturing, leading to substantial mass loss (Scambos et al., 2003; Lai et al.,
2020). Additionally, surface melting is becoming a growing concern as it may in-
crease greatly with climate change (Trusel et al., 2015; Bell et al., 2018; Gilbert
and Kittel, 2021). Ice shelves exert a buttressing effect on the upstream ice flow,
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regulating the amount of ice that reaches the surrounding ocean. As they thin or
collapse, this buttressing effect is reduced (Favier and Pattyn, 2015; Paolo et al.,
2015), and AIS ice flow velocity and mass loss are increased.

Climate models are currently one of the most useful tools in studying polar climate
evolution. Some of them also include the possibility to model the evolution of the
snowpack. A notable example is MAR (for “Modèle Atmosphérique Régional” in
French), a Regional Climate Model (RCM) specially developed to monitor the polar
climate and the surface mass balance of both ice sheets.

Proper surface melt modelling is required to study conditions leading to ice shelf
destabilization, as hydrofracturing is impacted by the melting/snowfall ratio as well
as the capacity of the snowpack to retain and refreeze meltwater (Donat-Magnin
et al., 2021; Gilbert and Kittel, 2021). Additionally, accurate modelling of surface
melt is necessary to study the evolution of the snowpack during strong melt events.
Studying the ability of the snowpack to retain liquid water is crucial because, under
higher melt conditions, the Antarctic snowpack could saturate and stop absorbing
surface meltwater in the future, as has been modelled to occur over the Greenland
Ice Sheet (Noël et al., 2017).

Despite their ability to capture snowpack melt in a high level of detail, RCMs still
have some limitations. Because of uncertainty in forcing, or limitations in physical
assumptions, the models may contain significant uncertainties. These uncertainties
can be mitigated by employing external data, which are not already incorporated
into the model, to improve its accuracy at specific points in space and/or time. This
technique is known as “data assimilation” and is commonly applied in numerous
fields where observations can be integrated into a model (Evensen, 2009; Navari
et al., 2018).

The assimilation of data into the model is a crucial step in quantifying the uncer-
tainties associated with the model output without assimilation. The assimilation
process helps to identify areas and periods where the simulations are not consistent
with the observations. This can help us to better understand the underlying physical
processes and their interactions. Accordingly, data assimilation provides a powerful
tool for improving the reliability of models. In our case, it is an essential step in the
process of model refinement, leading to improved predictions from future scenarios.

The highly uneven topography of a region is challenging for RCMs, which typically
operate at a resolution on the order of 10 kilometres. Phenomena depending on
very local conditions, such as melt induced by the Foehn effect, can occur at smaller
spatial scales than the spatial resolution of RCMs and thus may not be captured by
the model (Datta et al., 2019; Chuter et al., 2022; Wille et al., 2022). However, high-
resolution satellites can document localized or extreme events that may be missed
by RCM simulations.

In this chapter, we assimilate satellite-derived binary wet-snow masks (wet/non-wet)
over the Antarctic Peninsula (AP) in West Antarctica into the MAR model for two
melt seasons (2019-2020 and 2020-2021). Three major ice shelves are located on the
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AP: Larsen C, George VI, and Wilkins (Fig. 4.1). The ice shelves experience the
highest amount of surface melt compared to the other part of the AIS, and their sur-
face hydrological processes are also complex and poorly understood (Barrand et al.,
2013; Datta et al., 2018; Johnson et al., 2020). Presently, assimilating remotely
sensed products in RCMs is a promising method of quantifying surface meltwater
production in Antarctica. The scarcity of field observations and the complexity of
surface hydrology (Bell et al., 2018) make it difficult to evaluate and constrain mod-
els otherwise.

Figure 4.1: The Antarctic Peninsula and three ice shelves examined in this chapter. The
ice shelves are denoted by colour outlines. Larsen C is outlined in purple, George VI in
green, and Wilkins in red. Blue crosses indicate the position of the weather stations used
for the model’s evaluation (Sect. 4.3). The red square around the Antarctic Peninsula
corresponds to the MAR spatial extent.

The assimilation algorithm performed in this chapter is derived from the framework
described in Kittel et al. (2022b) where the MAR near-surface snowpack is warmed
or cooled to best match satellite-derived wet-snow masks. In this chapter, sensitiv-
ity experiments have been performed by varying the depth to which the snowpack
temperature is changed (called the assimilation depth hereafter), the minimum liq-
uid water content (LWC) threshold used to classify the modelled snowpack state as
“wet”, and the wet-snow satellite product to test the sensitivity of the model to the
assimilation.
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The satellite data, the model, and the assimilation method are presented in Sect.
4.2. The evaluation of the model is described in Sect. 4.3. The results of the data
assimilation sensitivity tests are discussed in Sect. 4.4. Finally, general conclusions
and discussion on assimilation of remote sensing data into the MAR model are
included in Sect. 4.5.

4.2 Methods and Data

4.2.1 Satellite data

Depending on the region of interest, the length of the simulation, or the spatial
resolution, the use of one specific satellite dataset over another for assimilation can
be useful. However, depending on the sensor type and acquisition times, the derived
wet-snow occurrence can differ between satellites and sensors (de Roda Husman
et al., 2022). Some sensors operate at a coarser resolution and provide information
with higher uncertainty in areas with complex topography, but can provide long
time series of daily images using wet snow detection algorithms that have proven
to be efficient (Zwally and Fiegles, 1994; Colosio et al., 2021). Other sensors have
a better spatial resolution but may have a lower revisit time. The choice of the
satellite dataset can thus influence the results of the assimilated model.

We employed three satellite datasets (Table 4.1) to create the binary (dry/wet) snow
masks to be assimilated. The three datasets are derived from sensors operating in
the microwave spectrum (at GHz frequencies). Among them, AMSR2 is a "passive
sensor", which records Earth’s natural radiation, while the other two are classified
as "active" since they actively emit electromagnetic pulses to illuminate the area
covered by the satellite. Microwave sensors are commonly used to map snow cover,
sea ice, or wet snow extent over ice sheets (Parkinson, 2001; Colosio et al., 2021).
The presence of liquid water in the snowpack induces a change in its emissivity
and absorptivity. This change leads to a change in the satellite measurements: the
backscattering coefficient σ0 for active sensors and the brightness temperature for
passive sensors (Zwally and Fiegles, 1994; Johnson et al., 2022; Picard et al., 2022).
In this chapter, the presence of wet snow detected by satellites is interpreted as
the presence of liquid water underneath or at the surface of the snowpack. Using
microwave data also brings other advantages such as atmospheric transparency and
acquisitions during both day and night. However, the lower spatial resolution of
passive microwave sensors (generally 10 to 50 km) compared with active sensors
(10m-5km) is problematic in identifying small-scale melting (Datta et al., 2018).
Finally, with pixels of ∼100 km2 (e.g., for AMSR2 - See Table 4.1), a majority of
the pixels cover regions with sub-pixel variations in land cover or surface height
(Johnson et al., 2020).

Advanced Microwave Scanning Radiometer 2 (AMSR2)

The first dataset employed in this chapter is from the Advanced Microwave Scan-
ning Radiometer 2 (AMSR2) aboard the Global Change Observation Mission - Water
"SHIZUKU" (GCOM-W1) retrieved from the Japan Aerospace Exploration Agency
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Table 4.1: Technical specifications of the remote sensing datasets employed for the
assimilation. Datasets are referred to by the name in bold characters in the paper

Plateform Sensor Sensor type Pixel size Frequency (GHz) Revisit time (days) Reference
Sentinel-1 (S1) C-SAR Active 10-40m 5.405 6 ESA (2023)

Metop ASCAT Active 4.45km 5.255 1 EUMETSAT (2023)
GCOM-W1 AMSR2 Passive 10km 18.7 2 JAXA (2021)

(JAXA) G-Portal (JAXA, 2021). Thanks to a sun-synchronous orbit at an altitude
of 700 km and a large swath, AMSR2 obtains low-resolution daily observations of
the polar regions. We used the level-3 products containing the daily mean brightness
temperature at a horizontal polarization in the 18.7 GHz channel, resampled at a 10
km resolution. The 18.7 GHz channel is used as it is slightly more sensitive to liquid
water content than the other frequencies (Picard et al., 2022). Ascending (south to
north) and descending (north to south) satellite paths were processed separately, as
they respectively happen in the morning and in the evening. The separate processing
allows for the creation of two daily wet-snow masks from one instrument. Wet-snow
detection with AMSR2 is based on a change in the snowpack physical properties
(Zwally and Fiegles, 1994). A dry snowpack has a lower emissivity (ϵ) than a wet
snowpack (Mätzler, 1987). For the passive microwave sensors, this increased emis-
sivity is observed through augmentation of brightness temperature (Johnson et al.,
2020).

The wet-snow retrieval technique applied for this study is a statistical approach
developed by Fahnestock et al. (2002) and modified by Johnson et al. (2020). The
wet-snow detection is performed through a K-means clustering algorithm. The al-
gorithm is applied to the annual time series of brightness temperature. Wet snow is
assumed when the time series shows a binomial distribution, using the criteria and
thresholds defined in Johnson et al. (2020) (Fig. 4.2).

To ensure coherency between remote sensing products and our climate model, the
wet-snow masks are interpolated onto the MAR grid. This involves overlaying the
grids and assigning the wet/dry state for each MAR pixel based on the most preva-
lent surface condition observed in the satellite pixels encompassed within the MAR
pixel. This interpolation is made with the assumption that deformation and varia-
tions in the area caused by the spatial projection are negligible between a pixel and
its neighbours.

Sentinel-1 (S1)

One of the active sensor datasets is retrieved from the Sentinel-1 (S1) satellite con-
stellation from the European Space Agency’s (ESA) Copernicus space program.
Starting with the launch of S1-A in 2014, the Sentinel-1 constellation gives access
to data combining high spatial resolution and low revisit time covering most of the
globe. With the Synthetic Aperture Radar (SAR) technology, S1 products reach
a spatial resolution on the order of tens of meters with a repeat pass of 6 days.
By combining different orbital paths, it is possible to reduce the time between two
observations of the same location to 2-3 days over the Antarctic Peninsula. Work-
ing in the C-band (5.405 GHz), it is possible to detect the presence of liquid water
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Figure 4.2: Detection of wet snow in an AMSR2 image over the Antarctic Peninsula.
(a) Brightness temperature (K) on June 9th, 2019. (b) Brightness temperature (K) on
February 16th, 2020. (c) Pixels considered to contain wet snow after applying the wet-
snow detection algorithm. The increase in brightness temperature between (a) and (b) is
attributed to the presence of liquid water in the snowpack.

in the snowpack in Sentinel-1 images by identifying changes in the backscattering
coefficient σ0 through time (Johnson et al., 2020). With the increase in liquid water
in the snowpack, comes a change in absorptivity and scattering mechanism (Nagler
and Rott, 2000). These phenomena both lead to a decrease in σ0 (Moreira et al.,
2013). As this coefficient changes little in Antarctica as long as the snowpack is
dry, it is assumed that a significant change in backscattering is likely caused by the
presence of water in the snowpack.

As for the passive sensors, several algorithms have been proposed to detect water
in the snow with SAR and active sensors in general. Depending on the polariza-
tion, the frequency, and the nature of the snowpack, the threshold applied to the
backscattering values is variable (Koskinen et al., 1997; Nagler et al., 2016). For a
C-band radar, a 3-dB decrease in σ0 has been employed as a threshold by Nagler
and Rott (2000) and Johnson et al. (2020). In the present article, we used a -2.66
dB threshold after normalization of the images to their winter mean as the threshold
to classify the snowpack as dry or wet. This threshold has been proposed by Liang
et al. (2021) and was found to be effective for the Antarctic ice sheet.
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To minimize the time between two Sentinel-1 acquisitions, all available images over-
lapping the study region were processed. To handle the large amount of data, image
processing was carried out on Google Earth Engine (GEE, Gorelick et al., 2017).
The S1 dataset available on GEE is already preprocessed following the implementa-
tion of the Sentinel-1 Toolbox from ESA (GEE, 2022; ESA, 2022). These processing
operations include an update of the orbit metadata, removal of the low-intensity
noise on the scene edges, a reduction of the discontinuities between sub-swaths, a
radiometric calibration, and a terrain correction using the ASTER digital elevation
model. The choice has been made to resample S1 images from the original 10-40
m resolution to a 1 km resolution using mean values before detecting wet snow as
data is ultimately interpolated onto the 7.5 km MAR grid. Before resampling, a 3x3
refined Lee speckle low-pass filter developed by Mullissa et al. (2021) was applied
to the images in addition to a radiometric terrain flattening using the 1 arc-minute
global ETOPO1 DEM (Amante and Eakins, 2009). Pixels with values lower than
-28 dB were removed from the dataset.

After resampling, the images are normalized to their austral winter mean. The win-
ter mean is the average value of σ0 for each pixel, calculated using observations from
June to October. To deal with changes in volumetric scattering related to the acqui-
sition geometry, only the acquisitions from the same orbit overlapping by more than
95 % are taken into account to calculate the winter mean. Consequently, differences
between the acquisitions are independent of the topography and the local context.
The liquid water in the snowpack is then detected in the image by applying a -2.66
dB threshold (Fig. 4.3), following Liang et al. (2021).

To create daily wet-snow masks, Sentinel-1 images collected on the same day were
combined. In the case where three or more images overlap, the snow state is selected
by a majority filter, and the acquisition time is defined as the mean time between
the selected acquisitions. In the case where there are only two images that contra-
dict each other, a non-wet status is assumed. The acquisition time selected is the
acquisition time of the non-wet image.

Advanced Scatterometer (ASCAT)

The third sensor we are using for this chapter is the C-band “Advanced Scatterom-
eter” (ASCAT) aboard the MetOp satellites from the space segment of the EU-
METSAT Polar System. ASCAT data are retrieved from the EUMETSAT data
service portal (EUMETSAT, 2023). After resolution enhancement (Lindsley and
Long, 2016), the product provides a backscattering coefficient σ0 at 4.45-km reso-
lution by accumulating images over ∼2 day periods. In Antarctica, only morning
passes are selected for this study. The detection of wet snow is performed using a
simple thresholding technique (Ashcraft and Long, 2006), similar to the one used for
Sentinel-1 images. The winter-mean backscattering coefficient is first calculated for
each pixel and year from the observations from June-August. Then every measure-
ment lower than this mean by 3 dB is considered wet snow. Similarly to AMSR2
daily products, the Sentinel-1 and ASCAT daily wet/dry images are interpolated
onto the MAR grid.
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Figure 4.3: Detection of wet snow in a Sentinel-1 image over the Antarctic Peninsula.
(a) Backscattering coefficient σ0 (dB) on June 9th, 2019. (b) Backscattering coefficient σ0
(dB) on 23rd March, 2020. (c) Normalized backscattering coefficient of 23rd March, 2020,
relative to the winter mean. (d) Pixels considered to be wet snow after thresholding the
normalized image. The decrease in backscatter between (a) and (b) is attributed to the
presence of liquid water in the snowpack.

In the end, from the three satellite datasets, four binary masks have been created.
One from Sentinel-1, one from ASCAT, and two from AMSR2, obtained by sepa-
rating the ascending (evening) and the descending (morning) passes.

4.2.2 Regional climate model

For this chapter, we employed the MAR v3.12 RCM. MAR is a polar-oriented re-
gional climate model mostly used to study both the Greenland (Delhasse et al.,
2020; Fettweis et al., 2021) and Antarctic ice sheets (Glaude et al., 2020; Kittel
et al., 2021). Its atmospheric dynamics are based on a hydrostatic approximation
of primitive equations originally described in Gallée and Schayes (1994) and the
radiative transfer scheme is adapted from Morcrette (2002). The transfer of mass
and energy between the atmospheric part of the model and the soil is handled by
the Soil Ice Snow Vegetation Atmospheric Transfer module (SISVAT; De Ridder
and Gallée, 1998), from which snow and snow/ice albedo sub-modules are based on
the CROCUS snow model (Brun et al., 1992). The model has been parametrized
to resolve the top 20 meters of the snowpack, divided into 30 layers of time-varying
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thickness. MAR is configured with a decreasing vertical resolution of the snow layers
from the top to the bottom. The maximum thickness of near-surface layers is on
the centimetre scale, while below the first meter, the maximum thickness is on the
order of 1 m. The maximum layer thicknesses for the top four snow layers are for
example respectively 2, 5, 10, and 30 cm. Each layer has a maximum liquid water
content (LWC) of 5 % of its air content beyond which the water freely percolates to
deeper layers or runs off above impermeable layers (bare ice or ice lenses) (Coléou
and Lesaffre, 1998).

Version 3.12 of MAR includes recent improvements in the snowpack temperature
and the water mass conservation in the soil as described in Lambin et al. (2022).
MAR was run at a 7.5 km resolution over the Antarctic Peninsula, with a 40-second
time step, with the spatial extent of the simulations corresponding to the extent of
Figure 4.1. It was forced at its lateral boundaries and over the ocean (sea surface
temperature and sea ice cover) by the 6-hourly ERA5 reanalysis (Hersbach et al.,
2020) between March 2017 and May 2021. The snowpack was initialized in March
2017 with a previous MAR simulation (Kittel et al., 2021). The blowing snow module
of MAR is not used in this study, and snow drift is therefore not represented in the
simulation.

4.2.3 Data assimilation

The satellite sensors are sensitive to the presence of liquid water into the snow-
pack rather than the physical process of melt. The aim of the data assimilation
is therefore to guide or constrain the snowpack LWC of the model by nudging its
temperature to induce melt or refreeze to match the observed surface state (Fig. 4.4).

The assimilation routine involves comparing, pixel by pixel, the modelled and the
satellite wet-snow masks. The satellite wet-snow mask pixel is used for the assimi-
lation if the indicated acquisition time is separated by less than 1.5 hours from the
time in MAR (1.5 hours before and after the MAR time). The three-hour window
enables the model to adapt its behaviour, but with limited short-term impact. As
up to three satellite products are assimilated at the same time, three separate cases
have been developed depending on the number of assimilated masks. Each case is
called according to the number of acquisitions that are taken into account. How-
ever, a daily cycle in brightness temperature and thus in wet snow can exist over
Antarctica (Picard and Fily, 2006). To take this into account, if there are 3 satellite
observations available for a pixel for a single day, an observation of dry snow between
two wet-snow observations is considered as a false negative. Consequently, the cor-
responding dry-snow pixel is excluded for the day. For computational reasons, the
assimilation routine is called at each MAR time step only during the melting season,
between October and April. Outside of this timeframe, no assimilation is performed
for computational constraints and the likely prevalence of shorter-duration melting
events during winter. These events are commonly related to Foehn effects near the
grounding line (Kuipers Munneke et al., 2018) where the effectiveness of passive
sensors decreases.

The first case of assimilation represents the situation where a single acquisition is
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Figure 4.4: Flowchart of the assimilation algorithm. The number of satellite images
available around the MAR time step determines the subprocess that is called in the routine.
Three subprocesses are defined: case A, case B, and case C. They respectively represent
the availability of 1, 2, and 3 wet-snow masks for assimilation. Cases B and C are funnelled
to case A so that no contradictory information is passed into MAR.

available for a timestep (case "A" in Fig. 4.4). It is the most frequent case ap-
plied (between 90 and 95 % of the occurrence depending on the year). This case
is inspired by the assimilation performed in Kittel et al. (2022b). For the 3 hours
centred on the observation, at each MAR time step, the quantity of liquid water
modelled within the pixel is compared to the satellite-based wet/snow condition for
the same pixel. If the modelled LWC of the snowpack is under a certain threshold
(α) while the satellite mask indicates wet snow, the snow layers up to a certain
depth (∆z) are heated by 0.15 ◦C if the snow layers are colder than 0 ◦C. In the
opposite case, if the LWC is above the threshold α but no wet snow is observed
by satellites, the snowpack is cooled by the same amount of 0.15 ◦C. The process
is applied at each MAR time step for which the conditions apply. However, two
conditions prevent changes in the MAR snowpack temperature. The first is that
if the snow density is above 830 kgm−3, the layer is considered to be ice and the
model does not permit liquid water to accumulate within ice. The temperature in
this case remains unchanged as the LWC threshold should never be reached. The
second condition is the temperature of the snow layers above the depth ∆z. If their
mean temperature is below -7.5 ◦C, the MAR snowpack is too cold to be able to
produce meltwater through warming, and the satellite observation is ignored. This
operation is repeated at each timestep for which MAR and observations disagree
until the α threshold is reached or the observation is out of the time range. The
choices for thresholds α and ∆z are discussed in the two following sections.

The second assimilation case (case "B" in Fig. 4.4) occurs when there are only two
satellite observations within the 3-hour window centred on the MAR time. If the
two satellite-derived observations agree, MAR is adjusted according to the observed
snow state as in case “A” but with a depth ∆z equivalent to the mean values of the
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thresholds that would have been used for the individual satellite-derived masks. If
the two observations indicate different snow states, a different processing is applied
if the acquisitions are close to each other in time (within an hour) or not. For two
inconsistent observations spread by more than one hour, the assimilated snow state
is the snow state from the closest image to the MAR time, following the first case
(Case “A”). For two close contradictory observations, nothing is assimilated as they
are considered both equally likely to be correct or incorrect. Valuable information
may be lost in this case. For instance, the difference in penetration depth can cause
a deeper penetrating signal to observe liquid water (Fig. 4.5). However, as we have
no additional information on the depth at which the water may be present, in this
case the model is run as if there was no observation available.

The third case is when all three observations are available within the same 3-hour
time window (case "C" in Fig. 4.4). As for the second case, if the three observations
agree with the same wet/non-wet snow status, they are considered as one and Case
"A" is called. Again, the depth ∆z used is equivalent to the mean values of the
thresholds that would have been used separately. If a single observation is different
from the other two, the two closest observations to the MAR time are analysed,
applying Case "B" described above. For our configuration of sensors, this third
case is only encountered a couple of times (less than 1 % of all occurrences) while
assimilating wet-snow masks of AMSR2 (ascending orbit), ASCAT, and Sentinel-1.

Choice of water content threshold (α)

Estimating the quantity of liquid water in the snowpack with a single satellite acqui-
sition is challenging. Despite numerous research studies, knowledge on the subject
remains limited (Trusel et al., 2013; Fricker et al., 2021). However, as described
in Picard et al. (2022), it is possible to find a typical LWC for which the satellite
signal significantly changes and can be detected as melting/wet snow. Picard et al.
(2022) demonstrates the capability of detecting small amounts of water using the
radio frequencies employed in this study. Only 0.11 and 0.05 kgm−2 of liquid water
is necessary at respectively 6 GHz and 19 GHz if the water is uniformly spread over
the pixel. This quantity can be higher for heterogeneous pixels containing dry/wet
patches. For this study, the choice has been made to use the same threshold re-
gardless of the sensor frequency. AMSR2 acquires data at higher frequencies and
is theoretically more sensitive, but it has a coarser resolution than the two active
sensors. Its pixels tend to be more heterogeneous, suggesting a compensation with
regard to liquid water quantity. Two different thresholds are tested to study the
sensitivity of the model. Both have been shown to significantly change the snow-
pack brightness temperature in the literature. Tedesco et al. (2007) proposed a
LWC threshold of 0.2 % while Picard et al. (2022) proposed a threshold of 0.1 %
of the snowpack mass. They have both been tested in Kittel et al. (2022b) where
the choice between the two was found not to significantly influence the melt quan-
tity produced by the MAR model. The sensitivity of the microwave sensors is high
enough that the quantities of liquid water that can be detected are much smaller
than that produced during a typical melting day (1.2 ± 0.6% as modelled by MAR
over the studied zone in the top meter of snow). Currently, there is no means of
identifying the best-fitting threshold for this study.
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Choice of assimilation depth threshold (∆z)

Microwaves have penetration capabilities directly related to their wavelength (Elachi
and van Zyl, 2006). As a consequence, the C-band from Sentinel-1 and ASCAT has
a different penetration depth than Ku-band from AMSR2. In addition, the wa-
ter content strongly influences the penetration depth, as water at the top of the
snowpack can prevent deeper penetration (Fig. 4.5). In this experiment, we set
different penetration depths for each remote-sensing product to test its influence.
Using AMSR2 (Ku-band), we consider an assimilation depth ∆z = 0.1, 0.2, and
0.4 m successively below the surface. Below this depth, the electromagnetic wave
should not have a noticeable influence (Picard et al., 2022). For Sentinel-1 and AS-
CAT (C-band), the depth thresholds ∆z are set to 0.5, 1, and 1.5 m, as the signal
is expected to penetrate deeper in the snowpack.

Figure 4.5: Illustration of the penetration depth of the microwave sensor according to
their wavelength and the depth of the wet snow layer. (a) Penetration depth in a dry
snowpack. The signal of the sensor with the lower frequency (5 GHz, in red) penetrates
deeper than the signal of the higher frequency sensor (19 GHz, in green). (b) Penetration
depth with a layer of liquid water deep in the snowpack. The microwave sensor with deeper
penetration can detect water presence but the other cannot. (c) Penetration depth with
liquid water at the top of the snowpack. Both satellites can observe the presence of liquid
water.

Experiments conducted

An ensemble of 24 MAR simulations is presented here. Only the reference MAR
simulation, MARref , is performed without assimilation. The others are referred to
as “assimilations” hereafter. Their naming convention is "As" followed by A and
the value of the α threshold in the subscript (in %), the RS datasets assimilated,
and their corresponding ∆z threshold value in the subscript (in m). “S1 ” refers to
the S1 dataset, “AMA” to AMSR2 ascending, “AMD” to AMSR2 descending, and
“AS ” to ASCAT. The assimilations were started in January 2019, and have been
initialized from the simulation without assimilation (which begins in 2017). For
each assimilation, the satellite wet-snow masks are assimilated into the model, with
different parameters for the α threshold and C-band and Ku-band ∆z thresholds
(Table 4.2). The reference assimilation (Assimref ) is performed using Sentinel-1
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Table 4.2: The different simulations performed in this chapter, including data assimila-
tion parameters. When not specified, both ascending and descending paths of AMSR2 are
assimilated. Simulations marked with an asterisk, and those with assimilation of only one
sensor are not taken into account in the calculation of the ensemble average.

Name α (%) Ku-band ∆z (m) C-band ∆z (m) Sensors
Assimref 0.1 0.2 1 AMSR2 + S1

AsA01S105AMA02AMD02 0.1 0.2 0.5 AMSR2 + S1
AsA01S115AMA02AMD02 0.1 0.2 1.5 AMSR2 + S1
AsA02S110AMA02AMD02 0.2 0.2 1 AMSR2 + S1
AsA02S105AMA02AMD02 0.2 0.2 0.5 AMSR2 + S1
AsA02S115AMA02AMD02 0.2 0.2 1.5 AMSR2 + S1
AsA01S110AMA01AMD01 0.1 0.1 1 AMSR2 + S1
AsA01S105AMA01AMD01 0.1 0.1 0.5 AMSR2 + S1
AsA01S115AMA01AMD01 0.1 0.1 1.5 AMSR2 + S1
AsA02S110AMA01AMD01∗ 0.2 0.1 1 AMSR2 + S1
AsA02S105AMA01AMD01∗ 0.2 0.1 0.5 AMSR2 + S1
AsA02S115AMA01AMD01∗ 0.2 0.1 1.5 AMSR2 + S1
AsA01S110AMA04AMD04 0.1 0.4 1 AMSR2 + S1
AsA01S105AMA04AMD04 0.1 0.4 0.5 AMSR2 + S1
AsA01S115AMA04AMD04 0.1 0.4 1.5 AMSR2 + S1
AsA02S110AMA04AMD04 0.2 0.4 1 AMSR2 + S1
AsA02S105AMA04AMD04 0.2 0.4 0.5 AMSR2 + S1
AsA02S115AMA04AMD04 0.2 0.4 1.5 AMSR2 + S1
AsA01S110AMA02AS02 0.1 0.2 1 AMSR2 (asc.) + S1 + ASCAT

AsA01AMA02 0.1 0.2 / AMSR2 (asc.)
AsA01AMD02 0.1 0.2 / AMSR2 (desc.)
AsA01S110 0.1 / 1 S1
AsA01AS10 0.1 / 1 ASCAT
MARref / / / None

and AMSR2, with both their ascending and descending orbits, and with assimi-
lation depth thresholds ∆z = 1 m and 0.2 m respectively. Also, the liquid water
content threshold α is set at 0.1 %. The thresholds used to perform Assimref cor-
respond to values given in the literature (Elachi and van Zyl, 2006; Picard et al.,
2022). The other assimilated simulations have been performed with a combination
of 3 satellite products chosen between Sentinel-1, AMSR2 ascending, AMSR2 de-
scending, and ASCAT, and with a combination of the assimilation parameters. The
assimilations have been performed for the period June 2019 to May 2020, and June
2020 to May 2021. The present document focuses on the 2019-2020 melt season,
while figures for the 2020-2021 season are available in the appendix B.

4.3 Evaluation

Because the integrated physics within RCMs is either partially resolved or contains
uncertainties, it is first required to evaluate model outputs against in situ measure-
ments. The evaluation is performed in order to quantify how close the model is to
reality and to determine if the model is inclined to reproduce the observations. Since
our focus is on assessing the model sensitivity through assimilation, we exclusively
evaluate MAR without assimilation. It is worth noting that the values derived from
the assimilations may diverge from the observations due to the assimilation algo-
rithm sensitivity rather than the model physics.
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The outputs of the model simulation without assimilation are evaluated by compar-
ing with in situ observations. The daily observations are provided by Automatic
Weather Stations (AWS) spread across the AIS. Here, 9 AWS datasets available in
the study area (blue crosses displayed in Fig. 4.1) have been gathered to calculate
statistics for the model vs. the observations as done in Kittel (2021) and Mottram
et al. (2021). The statistics employed for the evaluation are the Mean Bias (MB),
Root Mean Square Error (RMSE), Centered Root Mean Square Error (CRMSE),
and correlation coefficient (r) (Table 4.3). The statistics are listed for the 2016-2021
period for the near-surface pressure, temperature, wind speed, relative humidity,
and modelled energy-balance components, including shortwave downward radiation
(SWD), shortwave upward radiation (SWU), longwave downward radiation (LWD),
and longwave upward radiation (LWU).

Small biases can occur in the comparison as a result of the elevation difference be-
tween the in situ observations and the model. The AWS observations are point
measurements, whereas the model provides information over a 7.5 x 7.5 km2 pixel.
Thus the mean elevation of the MAR pixel in which the AWS falls is not the same as
the AWS true elevation. This difference is particularly noticeable for the near-surface
pressure, which is directly linked to the elevation. Nonetheless, a high correlation (r
> 0.98) reflects the ability of MAR to simulate the observed temporal variability.

In general, the winter season is slightly better represented by MAR with higher
correlations and lower mean bias than the summer season. A weaker correlation is
observed in summer for longwave downward radiation (r = 0.65). This difference
is compensated for by an overestimation of shortwave downward solar radiation in
summer. MAR does not assimilate observed temperature profiles or coastal tem-
peratures but is forced at its lateral boundaries and at the sea surface every 6h
with specific humidity, wind, sea surface temperature and temperature. Thus, mod-
elled clouds are strongly influenced by the internal model climate and microphysics
(Delhasse et al., 2020). Moreover, the radiative scheme implemented in MAR is
the scheme employed by the ERA-40 reanalysis. This scheme has been updated in
the ERA-5 reanalysis (Hersbach et al., 2020) but not in MAR. MAR also tends to
underestimate the liquid water path during summer when compared to Cloudsat-
CALISPO estimates described in (Van Tricht et al., 2016). This underestimation is
partially responsible for the LWD bias in summer.

In addition, Jakobs et al. (2020) provide melt estimates from the AWS which can
be compared to the surface melt production of the four closest MAR pixels to the
AWS (Figure 4.6). MAR tends to overestimate some extremes in meltwater produc-
tion, but also tends to underestimate melt during low-melt seasons. There are also
differences in the length of the melt season, with MAR sometimes overestimating
and sometimes underestimating the duration of the season. Although the difference
in altitude between the AWS and MAR pixels may explain some of the differences
between the two datasets, these discrepancies also highlight the importance of nudg-
ing MAR to better reproduce the remote sensing observations of the snowpack state.
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Table 4.3: Mean Bias (MB), Root Mean Square Error (RMSE), Centered Root Mean
Square Error (CRMSE), and correlation between MAR and daily observations over the
Antarctic Peninsula. A negative value implies a lower MAR estimate compared to the
observation. Statistics are given for the near-surface pressure, temperature, wind speed,
relative humidity, shortwave downward (SWD), shortwave upward (SWU), longwave down-
ward (LWD), and longwave upward (LWU) radiation annually, for the summer (DJF) and
winter (JJA) seasons, and are calculated for the 2016- 2021 period. During winter, incom-
ing solar radiation is absent, and therefore shortwave solar radiation estimates (SWD and
SWU) are not provided. Locations of the weather stations used for the daily observations
are marked by blue crosses in Fig. 4.1.

Annual Summer Winter
MB RMSE CRMSE Correlation MB RMSE CRMSE Correlation MB RMSE CRMSE Correlation

Near Surface Pressure (hPa) -5.44 14.57 1.25 0.99 -5.69 13.18 0.87 0.99 -6.13 16.09 1.42 0.99
Temperature (◦C) -0.32 3.32 2.81 0.93 -1.13 2.36 1.68 0.76 0.3 3.63 3.11 0.92

Wind speed (ms−1) -0.39 2.58 2.28 0.79 -0.43 2.22 1.85 0.7 -0.35 2.92 2.57 0.78
Relative humidity (%) 3.2 8.73 8.13 0.72 6.88 9.32 6.29 0.75 2.87 9.1 8.64 0.79

SWD (Wm−2) 13.87 36.23 33.46 0.97 41.58 59.21 42.15 0.79 / / / /
SWU (Wm−2) -0.2 24.04 24.04 0.97 14.38 35.81 32.8 0.78 / / / /
LWD (Wm−2) -14.75 26.15 21.59 0.76 -26.56 32.51 18.75 0.65 -7.12 21.08 19.85 0.81
LWU (Wm−2) 3.4 14.2 13.79 0.93 -0.52 9.2 9.19 0.76 2.83 17.12 16.88 0.9

4.4 Results

Table 4.4 provides a comprehensive summary of the results obtained from the 24
MAR simulations. The summary includes the number of melt days (i.e., the number
of days where melt is occurring over at least 10 % of the ice sheet and ice shelves of
the study area), surface melt (ME), runoff (RU), refreezing (RZ), and the surface
mass balance (SMB). This table offers a concise overview of the simulation results.
We analyzed the evolution of several variables in order to assess the sensitivity of
the MAR model to the assimilation, including ME, RU, SMB, snowpack density
(ρ), and liquid water content (LWC) (Table 4.5).The first 3 variables (ME, RU, and
SMB) are provided for the entire snowpack profile while ρ and LWC are provided for
the first meter. The average value of the variables across all assimilations, Assim,
is compared to the model simulation without assimilation (MARref ). Although
Assim differs from the reference assimilation, Assimref is the closest simulation
to Assim. Three simulations have been discarded to calculate Assim because of
an unrealistic freeze/thaw cycle induced by the assimilation. These simulations are
marked with an asterisk in Table 4.2 and 4.4. So as not to incorporate bias from
a single wet-snow mask, simulations assimilating only one wet-snow mask are also
omitted in the calculation of Assim.

On average, the wet-snow extent provided by the wet-snow masks is larger than the
extent modelled by MARref on the Antarctic Peninsula. This difference impacts the
meltwater production in the model. Regardless of the parametrisation used for the
assimilation, the surface meltwater production is increased compared to MARref

(Table 4.5), leading to a cumulative meltwater production increase of 66.7 % for
Assim over the year.

Meltwater that is produced within the snowpack will eventually either refreeze or
run off, depending on the saturation level and thermal condition of the snowpack.
The snowpack can saturate, either from excess meltwater production or from den-
sification. If the MAR snowpack LWC exceeds 5 % of the firn air content (the
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Figure 4.6: Comparison of surface meltwater production (mmWEday−1) as modelled
by MARref (in red) and estimated surface meltwater production from AWS stations (a)
14, (b) 15, (c) 17, and (d) 18 (in blue), described in Jakobs et al. (2020).

irreducible water saturation), the excess water starts to percolate to deeper layers
and run off. The evolution of runoff is thus directly related to the evolution of melt
and the snowpack saturation level (Fig. 4.7). Therefore, the relative increase in sur-
face melt for Assim relative to MARref (67.7%) is similar to the relative increase
in runoff (63.8%), but their absolute increase in Gt yr−1 is different (+95 Gt yr−1

and +21 Gt yr−1, respectively).

The difference between the increase in meltwater production and the increase in
runoff corresponds to an increase in refreezing, with a similar percentage change
over the entire domain This suggests that the snowpack can still absorb liquid water
and convert it into refrozen ice in our simulations unless it reaches its maximum
LWC. However, as discussed further below, the strongest increase in runoff occurs
together with firn air content depletion over the ice shelves. In this case refreezing is
large enough to substantially deplete the firn air content leaving less storage space
for liquid water in the perennial snowpack (Banwell et al., 2021).

As can be seen in Fig. 4.8, the data assimilation only has a slight effect on the over-
all SMB. The SMB expression is defined as the sum of the ablation terms (runoff,
evaporation, and sublimation) and accumulation terms (snowfall and rainfall). The
cumulative SMB for the 2019-2020 melt season is only decreased by 4.5 % compared
to the model without assimilation. The general trend in SMB remains positive
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Table 4.4: Summary of the results of the different experiments conducted for the study.
The number of melt days, cumulated surface meltwater, runoff, refreeze, and surface mass
balance over the 2019-2020 melt season are provided for each experiment for the entire
MAR spatial extent, excluding ocean areas.

Simulation # melt days ME (Gt yr−1) RU (Gt yr−1) RZ (Gt yr−1) SMB (Gt yr−1)
Assimref 121 214 56 182 427

AsA01S105AMA02AMD02 123 214 55 181 429
AsA01S115AMA02AMD02 121 213 55 180 429
AsA02S110AMA02AMD02 129 297 59 256 425
AsA02S105AMA02AMD02 129 299 58 258 426
AsA02S115AMA02AMD02 126 298 60 256 424
AsA01S110AMA01AMD01 122 293 56 257 428
AsA01S105AMA01AMD01 123 289 48 258 436
AsA01S115AMA01AMD01 121 288 51 255 432
AsA02S110AMA01AMD01∗ 130 604 186 430 298
AsA02S105AMA01AMD01∗ 131 626 203 433 280
AsA02S115AMA01AMD01∗ 126 581 177 418 307
AsA01S110AMA04AMD04 120 184 45 161 438
AsA01S105AMA04AMD04 123 186 47 163 437
AsA01S115AMA04AMD04 120 183 45 161 439
AsA02S110AMA04AMD04 127 214 53 184 431
AsA02S105AMA04AMD04 129 221 56 187 427
AsA02S115AMA04AMD04 126 213 52 183 431
AsA01S110AMA02AS02 122 191 47 167 436

AsA01AMA02 121 177 48 153 436
AsA01AMD02 120 143 39 128 445
AsA01S110 119 148 39 131 444
AsA01AS10 121 155 41 137 442
MARref 123 142 32 132 451

within the study area. Only the ice shelves show negative SMB during austral sum-
mer (Fig. 4.9).

The density and LWC of the snowpack are also impacted by the assimilation. As
can be seen in Table 4.6, on the ice shelves, where most of the surface melt and
refreezing occurs, densification affects the LWC. With a denser snowpack, firn air
content is reduced and there is less space for liquid water to be absorbed. Therefore,
despite the increase in surface melt production, the assimilation process eventually
leads to a decrease in the amount of liquid water retained in the snowpack. This
reduction occurs due to the assimilations’ impact on water retention capabilities of
the snowpack through increased refreezing.

All three highlighted ice shelves (Larsen C, Wilkins, and George VI) experience an
increase in surface melt, refreeze, and runoff as a result of the assimilation (Table
4.6). On Larsen C and Wilkins ice shelves, the percentage increase in runoff strongly
outweighs the percentage increase in surface melt production. For Larsen C, the ice
shelf experiences increase of melt in absolute and relative terms (+21 Gt yr−1, or
+85.7 %), and runoff triples (+6 Gt yr−1, or +311.2 %). However, over the year,
its liquid water content only slightly increases (+1 %). It therefore appears that
on ice shelves, the increase in refreezing is not strong enough to compensate for the
increase in melting. The depletion of firn air content leads to a swift saturation of
the snowpack, producing a surplus of meltwater that results in a more pronounced
decrease in SMB compared to other regions of the Antarctic Peninsula.
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Table 4.5: Difference (in Gtyr−1 and %) in surface meltwater production (ME), runoff
(RU), refreezing (RZ), surface mass balance (SMB), snowpack liquid water content (LWC),
and snowpack density (ρ) between MARref and the mean value of the assimilations
(Assim) for 2019-2020 for the entire MAR spatial extent (including grounded ice and
ice shelves). Variables are accumulated annually and over summer (November through
April) except for snowpack density and the liquid water content which are averaged over
the periods. LWC and ρ are the average within the first meter of the snowpack while the
other variables are the total for the entire snowpack.

Annual Summer
MARref Assimref Assim Range % Difference MARref Assimref Assim Range % Difference

ME (Gt yr−1) 142 214 237 183 - 299 66.7 140 212 235 180 - 296 67.1
RU (Gt yr−1) 32 56 53 45 - 60 63.8 32 56 53 45 - 60 64.5
RZ (Gt yr−1) 132 182 206 161 - 258 55.7 128 176 201 157 - 253 56.5

SMB (Gt yr−1) 451 427 431 424 - 439 -4.5 253 229 233 226 - 240 -8.2
LWC1m (g kg−1) 19 17 18 14 - 24 -6.4 33 29 31 24 - 40 -6
ρ1m (kgm−3) 407 422 421 418 - 424 3.6 425 445 445 440 - 449 4.6

Table 4.6: Difference (in Gtyr−1 and %) in surface melt production (ME), runoff (RU),
refreezing (RZ), surface mass balance (SMB), snowpack liquid water content (LWC), and
snowpack density (ρ) between MARref and the mean value of the assimilations (Assim)
over the three highlighted ice shelves in 2019-2020 using the regions shown in Fig. 4.1.
Variables are accumulated annually and over summer (November through April) except
for snowpack density and the liquid water content, which are averages over the specified
periods. LWC and ρ are given as the average of the snowpack first meter while the other
variables are totals for the entire modelled snowpack.

Annual Summer
Larsen C MARref Assimref Assim Range % Difference MARref Assimref Assim Range % Difference

ME (Gt yr−1) 23 38 44 31 - 58 85.7 23 38 43 30 - 57 87.6
RU (Gt yr−1) 2 7 8 4 - 10 311.2 2 7 8 4 - 10 311.6
RZ (Gt yr−1) 22 32 36 28 - 50 62.2 22 31 36 27 - 49 63.6

SMB (Gt yr−1) 24 19 18 15 - 21 -25.1 15 10 9 6 - 13 -38.9
LWC1m (g kg−1) 3.6 3.5 3.6 3.1 - 4.6 1.5 6.1 6.0 6.2 5.2 - 7.8 1.1
ρ1m (kgm−3) 463 508 509 495 - 519 9.8 500 549 552 536 - 564 10.3

Wilkins
ME (Gt yr−1) 9 13 14 10 - 19 48.4 9 12 14 10 - 19 48.2
RU (Gt yr−1) 2 5 4 2 - 7 185.6 2 5 4 2 - 7 185.6
RZ (Gt yr−1) 9 9 11 9 - 15 22.2 9 8 10 8 - 15 21

SMB (Gt yr−1) 6 2 3 0 - 5 -51.3 2 -2 -1 -4 - 1 -141.4
LWC1m (g kg−1) 1.3 1.0 1.0 1.0 - 1.21 -21 2.2 1.7 1.7 1.6 - 2.0 -21.2
ρ1m (kgm−3) 529 591 578 564 - 597 9.3 599 657 646 626 - 659 7.8
Georges VI

ME (Gt yr−1) 15 20 22 16 - 30 53.2 15 20 22 16 - 30 53.1
RU (Gt yr−1) 2 3 3 3 - 4 56.9 2 3 3 3 - 4 56.9
RZ (Gt yr−1) 14 18 20 15 - 27 45.8 14 18 20 15 - 27 45.2

SMB (Gt yr−1) 11 10 10 9 - 11 -10.3 5 3 3 2 - 4 -25
LWC1m (g kg−1) 2.1 1.8 2.0 1.7 - 2.4 -4.1 3.6 3.2 3.5 2.9 - 4.1 -4.1
ρ1m (kgm−3) 493 537 526 521 - 537 6.8 544 595 584 577 - 595 7.3

Except for the LWC, which remains relatively small and stable as it has been av-
eraged over the season, the analyzed variables (ME, RU, RZ, SMB, and snowpack
density) have undergone noticeable variations as a result of the assimilation, causing
MARref variables to always be outside of range of the assimilated simulations. The
amplified surface melt production leads to concurrent effects, including increased
runoff, reduced surface mass balance, and an increased occurrence of refreezing.
This increase in runoff is attributed to the increase in melt combined with the
densification of the upper layers of the snowpack, reducing its capacity to absorb
meltwater.
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Figure 4.7: Comparison between the cumulative surface meltwater production (Gt) in
green and the cumulative runoff (Gt) in orange over the whole MAR domain (excluding
ocean areas) for the 2019-2020 melt season as modelled by MAR without assimilation
and with data assimilation. Shaded areas represent the range of the assimilations. While
the increase in Gt is larger for meltwater production, the relative increase is similar for
meltwater production and runoff.

In the end, the results illustrate that, on average, Assimref is the assimilation that
gives the closest results to Assim and makes it an appropriate candidate in the case
of limited computational resources (allowing for one simulation instead of 24). The
parameters used in Assimref seem to be an appropriate option given the results
presented below regarding sensitivity to the assimilation parameters.

4.4.1 MAR sensitivity

Sensitivity to the assimilation depth threshold

The assimilation depth used for low penetrating sensors influences MAR meltwater
production by inducing firn air content depletion. Due to refreezing, the uppermost
portion of the snowpack becomes denser. The refreezing is accentuated when us-
ing a shallow-depth threshold (for example 10 centimetres with AMSR2) as the top
layers of the snowpack will contain the majority of the liquid water. Consequently,
the increase in meltwater production needed to reach the α threshold (0.1 % or 0.2
%) will be greater (because of the denser snowpack) than for a deeper assimilation
depth where less densification occurs. Also, with firn air content depletion, two
other phenomena enhance melt production. First, the available energy in the sys-
tem is consumed by the melting process, preventing layers below 1 m from heating
up and reducing the release of latent heat from the refreezing process. Therefore,
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Figure 4.8: Cumulative surface mass balance (Gt) over the entire MAR domain (exclud-
ing ocean areas) for the 2019-2020 melt season as modelled by MAR without assimilation
(MARref in red), with data assimilation (Assimmember in dashed lines), and their aver-
aged value (Assim in blue). Shaded areas represent the range of the assimilations. Despite
the increase in surface melt production, the surface mass balance does not significantly de-
crease.

the deeper layers will tend to cool the snowpack, necessitating more nudging. The
second phenomena is that during melt events the upper layers saturate with less
water due to the densification. The saturation results in increased runoff and faster
percolation of the water into deeper layers outside of the assimilation depth range. If
the model were to retain liquid water in its top snow layers for a longer duration, it
would require less nudging to match the RS datasets. This effect could be achieved
by increasing the maximum liquid water content of the snow layers. However, en-
hancing water retention in the near-surface snowpack layers might lead to increased
refreezing and consequently, densification, depending on the snowpack temperature
(Fettweis et al., 2011).

This phenomenon is illustrated in Fig. 4.10, where using a 10 cm assimilation depth
threshold for AMSR2 produces more melt than the 20 cm and 40 cm thresholds,
for water content thresholds of both 0.1 % and 0.2 %. The effect ends up being so
important that using a 10 cm assimilation depth and 0.2 % α threshold for AMSR2
can result in an intense refreezing and firn air content depletion that leads to a
strong increase in runoff, reducing SMB for the Antarctic Peninsula. This decrease
in SMB is contrary to the generally observed trend (Rignot et al., 2019; Chuter
et al., 2022). Consequently, the three simulations that use these parameters for the
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Figure 4.9: Cumulative SMB (mmWE) from 2019-10-01 to 2020-02-28 over the AP as
modelled by Assimref . Larsen C is outlined in purple, George VI in green, and Wilkins in
red. The southern ice shelves and the northernmost coastlines are experiencing a negative
SMB in contrast with the rest of the AP. Larsen C is divided in two regimes. Its northern
part is experiencing a negative SMB while the southern part is positive.

Ku-band sensors have been discarded in computation of the average melt for the
assimilations.

In contrast, with Sentinel-1, the effect of choosing different ∆z thresholds is less pro-
nounced. As shown in Table 4.4, assimilations that have all parameters in common
except the S1 assimilation depth threshold only vary by a few Gt yr−1 for all vari-
ables. Multiple reasons can explain this comparatively lighter effect. S1 has a larger
revisit time compared to AMSR2 (a 6-day revisit time vs daily images). With fewer
images, the assimilation depth for S1 is used less frequently in the melt assimilation
process within MAR. In addition, as explained previously, the liquid water is kept
longer in these slightly deeper layers due to a higher retention capacity, and thus less
melt is required to reach the water content threshold. Overall, these results indicate
that MAR is more sensitive to a shallower assimilation depth threshold. Most of
the sensitivity is linked to refreeze and densification, more likely to occur in the first
centimetre of the snowpack. The penetration depth for the C-band sensors is larger
than for Ku-band sensors, and using sensors with higher frequencies increases the
sensitivity to the choice of the thresholds.
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Figure 4.10: Cumulative surface melt production (Gt) over the entire MAR domain
for the 2019-2020 melt season as modelled by the different assimilation experiments. The
assimilations are grouped by their α and Ku-band ∆z thresholds. Shaded areas represent
the range of the assimilation of the groups. Groups of assimilations with Ku-band ∆z =
0.1 m produce more melt than the group of assimilations with the sameα but different ∆z.

Sensitivity to the water content threshold

Experiments with varying the liquid water content threshold have a smaller im-
pact compared to the assimilation depth experiments. Varying liquid water content
influences the number of melt days modelled, thus expanding the melt season dura-
tion (Table 4.7) rather than the quantity of liquid water produced by melting. The
amount of liquid water required to reach the water content thresholds α is small
compared to the modelled LWC of a typical melt day. In MARref , for the 2019-
2020 melt season, the value reaches 1.2 % for a melt day on average, above the 0.2
% threshold.

For this chapter, the number of melt days is defined as the number of days of the melt
season where 10 % of the ice shelf experiences melt, while the melt season length
corresponds to the number of days between the first melt day after the first of June
and the last melt day before the last day of May in the subsequent year. Thus, the
melt season length also encompasses possible colder periods where no melting occurs.

The choice of liquid water content threshold also influences the average number of
melt days on the studied ice shelves (Fig. 4.11). A pixel is considered as melting
for the day if the daily-averaged mass of liquid water within the first meter of snow
is greater than 0.1 % of the snowpack mass. Therefore, using the 0.2 % threshold
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Table 4.7: The melt season length (first to last melt day) and number of melt days
modelled for MARref and the average for assimilation simulations grouped by α-value
over the three highlighted ice shelves in Fig. 4.1 for 2019-2020. A melt day over an ice
shelf is a day where more than 10 % of the ice shelf is experiencing melt.

Larsen C Melt season length (days) Number of melt days modelled
MARref 143 90
α = 0.1 % 147 110
α = 0.2 % 152 119
Wilkins Melt season length (days) Number of melt days modelled
MARref 292 127
α = 0.1 % 294 125
α = 0.2 % 298 129
GeorgeVI Melt season length (days) Number of melt days modelled
MARref 120 120
α = 0.1 % 123 122
α = 0.2 % 157 134

over 0.1 % will increase the number of melt days.

By computing the mean value of the number of melt days for each ice shelf pixel,
it was found that Larsen C is the most sensitive to the threshold chosen, with an
increase of 15 melt days compared to MARref . The other two ice shelves exhibit
comparatively smaller differences, with Wilkins and George VI experiencing an in-
crease of 8 and 9 melt days, respectively (Fig. 4.11).

Examining assimilation simulations individually leads to a similar conclusion. It is
important to note that the simulations that were discarded from the computation
of Assim are assimilations that had 0.2 % as the value for the threshold. With a
densified snowpack, reaching α = 0.2 % required more intense melting producing
unrealistic surface conditions.

Sensitivity to the RS dataset

In another set of sensitivity experiments, each of the four wet-snow masks (AMSR2
desc., AMSR2 asc., ASCAT, S1) has been assimilated individually into MAR to
study its influence. Assimilating multiple datasets tends to smooth the sensor char-
acteristics as they are only processed to be used where they provide consistent
information. In this chapter, several characteristics of the remote sensing data are
examined, including the acquisition time, the spatial resolution, and the revisit time,
and their impact is discussed below. First, an earlier acquisition time can artificially
lower the number of melt days. Because of the daily cycle of the water quantity in
the snowpack, images taken earlier in the morning are less likely to observe wet
snow (Picard and Fily, 2006). Over the Antarctic Peninsula, the descending orbit
of AMSR2 therefore observes less wet snow than the ascending one. Using satellites
whose acquisition times are well distributed during the day allows for observation
of the daily melt-refreezing cycle and reduces the possibility of excluding melt days.
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Figure 4.11: Distribution of the number of melt days for the 2019-2020 melt season as
modelled by MARref and the assimilations grouped by the specified α threshold values for
the three studied ice shelves. Dashed lines represent the mean value of the distribution. On
the three ice shelves, assimilations with α = 0.2 % produce more melt days than MARref

and the other assimilations. Assimilations with α = 0.2 % exhibit an increase in the mean
number of melt days relative to MARref over the Larsen C ice shelf of 15 days, 8 days on
the Wilkins ice shelf, and 9 days on the Georges VI ice shelf.

Second, the spatial resolution influences the results of the assimilation because of
pixel heterogeneity. Sensors that have a coarser resolution hide highly heterogeneous
surface dynamics and it is possible that while only a fraction of the region covered
by one pixel is experiencing melting or enough water is present in the snowpack, the
entire pixel is characterized as wet snow Picard et al. (2022). In steep regions (e.g.,
near the grounding line), this phenomenon can lead to the detection of wet snow
in places where it is unlikely to occur. In this study, the passive microwave sensor
AMSR2 has a coarser resolution than MAR and can trigger the assimilation process
in locations where it should not be applied.

To study the influence of the spatial resolution, we have performed a simulation
assimilating ASCAT data (AsA01S110AMA02AS02 in Table 4.2) instead of AMSR2
in the descending orbit. The assimilation with ASCAT produces a smaller number
of melt days and surface melt production on the Antarctic Peninsula for the stud-
ied period (191 Gt yr−1 for AsA01S110AMA02AS02 and 214 Gt yr−1 for Assimref ).
While the assimilation depth is different between AMSR2 and ASCAT, the major
influence comes from the spatial resolution of the sensor (with ASCAT having a
higher spatial resolution). The difference can be seen in the wet-snow masks (Fig.
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4.12). AMSR2 detects melt on Alexander Island, between George VI and Wilkins
ice shelves whereas ASCAT, with a finer resolution and a different frequency does
not. Even if wet snow is observed for one of the AMSR masks, the duration of the
increased MAR snowpack temperature is too short to produce the water quantities
necessary to be detected as melt. This preservation of a cold snowpack persists
throughout the day.

Figure 4.12: (a) Number of days with wet snow observed by AMSR2 ascending on the
AP for the 2019-2020 melt season. (b) Number of days with wet snow observed by ASCAT
on the Antarctic Peninsula for the 2019-2020 melt season. ASCAT observes more wet snow
than AMSR2 over the ice shelves but less melt on average at higher altitudes and in areas
of steep terrain.

Finally, the impact of revisit time is highlighted by studying the wet-snow extent
resulting from the assimilation of only one sensor at a time (Fig. 4.13). The assim-
ilated S1 wet-snow mask does not cover the entire AP every day and thus shows a
smaller wet-snow extent than the other masks. As a consequence, there are fewer
instances in which the model and the mask exhibit discrepancies regarding the snow
status, resulting in reduced application of the nudging technique. Ultimately, the
S1-only assimilation (AsA01S110 in Table 4.2) has the closest wet-snow extent to
MARref , despite the bias in the raw data. The resilience of the model snowpack is
such that relying solely on a non-daily dataset with intermittent nudging allows it
to freely evolve with minimal external forcing. Consequently, while the high spatial
resolution of Sentinel-1 provides valuable information, this advantage is not suffi-
cient enough to be used as the only dataset assimilated. The S1 dataset needs to
be used in conjunction with other datasets to combine high spatial resolution with
low revisit time.

The resilience of the snowpack simulation also decreases the feasibility of assimilating
only one dataset using the algorithm described in this chapter. While ASCAT-only
assimilation (AsA01AS10 in Table 4.2) tends to be closest to its wet-snow mask
during peaks of melt (end of November 2019, beginning of 2020) or strong refreeze
(mid-March 2020), the effects of nudging do not persist over long time periods and
necessitate changes in the model to match the observed wet-snow mask.
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Figure 4.13: Evolution of the wet-snow extent over the entire MAR domain (including
grounded ice and ice shelves) during the 2019-2020 melt season as modelled by MARref ,
the assimilation of S1 alone (AsA01S110), the assimilation of ASCAT alone (AsA01AS10),
and the wet-snow masks from S1, and ASCAT. The S1 wet-snow mask has a lower extent
as the AP is not covered entirely every day by S1 images.

Assimilating two datasets that entirely cover the study area as well as a dataset
that has a finer spatial resolution compared to MAR serves as a means of mitigating
the sensitivity of the model to the chosen datasets. The constraints on the period
in which the model snowpack temperature can be changed and the possibility of
not assimilating data in case of a discrepancy between the sensors also regulates the
dependence of the model on the observations. Future developments in the technique
should allow for the possibility of assimilating additional datasets and weighting
wet-snow masks according to the relevance of their wet/dry snow status.

4.5 Discussion and Conclusions

In this chapter, we presented results regarding the assimilation of wet-snow occur-
rence data estimated by spaceborne microwave sensors into the regional climate
model MAR through adjustments in MAR near-surface temperature to best match
the satellite data. Sensitivity tests have been performed to evaluate the effect of the
data assimilation parameters on the model results.

We identified the assimilation depth (∆z) to be the most influential parameter when
applied for shallow-penetration sensors. The influence on the quantity of water pro-
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duced in the snowpack partially comes from the liquid water content threshold (α)
calculation. The uppermost layer of the snowpack is considerably denser than the
underlying layers, owing to the increase in refreezing caused by the exceeding liquid
meltwater produced as a result of the assimilation. Heavier and denser layers require
more liquid water to be present to reach the required α threshold. Also, the den-
sification causes firn air content depletion, leaving less space for liquid water. The
densified layer saturates faster, and more runoff occurs. A threshold of 0.2 m for
the Ku-band sensors causes no extreme refreezing or melt and may be considered a
good candidate for assimilation depth thresholds. For the C-band sensors, the three
thresholds tested yield similar results to one another, and the implementation of a
varying threshold should be considered to take into account the depth at which the
wet snow is observed. In contrast to assimilation depth (∆z), the maximum LWC
threshold (α) has a smaller impact on the model surface melt production (in Gt).
The choice of α = 0.2 % over α = 0.1 % mostly increases the duration of the melting
season, rather than the amount of meltwater produced.

With constant snowfall (480 Gt yr−1) and an increase in surface meltwater produc-
tion (+95 Gt yr−1 or +66.7 %), the increase in runoff (+21 Gt yr−1 or +63.8 %)
associated with assimilation translates into a decrease in SMB (-4.5 %), for the
2019-2020 melt season. Nonetheless, runoff values are relatively small compared to
the surface mass balance, explaining the small impact of assimilation on the SMB.
The general tendency of SMB remains positive in the study area. Only the ice
shelves show negative SMB during periods of intense melting.

The choice of the dataset to be assimilated was also found to influence the results of
the model after data assimilation. Each sensor has its particularities and wet-snow
masks may differ between sensors. Several of these characteristics have been pin-
pointed previously. The most important ones are the signal frequency, the revisit
time, and the spatial resolution.

The frequency of the sensor impacts estimated meltwater production due to differ-
ences in sensitivity to liquid water and the depth to which the signal penetrates.
Because it is difficult to provide accurate surface water depth estimates (Fricker
et al., 2021) and because microwave signals can be intercepted by the water in
the snowpack, the vertical limit necessary for the assimilation is not always clear.
If there is enough water in the near-surface layers, additional liquid water within
deeper layers cannot be observed. In the same way, a thin layer of surface water can
be interpreted as the presence of water in the first meter of the snowpack when the
underneath layers are dry (Figure 4.5). The assimilation depth threshold ∆z has
been set to different values depending on sensor wavelengths, but remains constant
regardless of the snowpack state. Introducing a density-varying LWC threshold
could decrease meltwater production in the assimilation simulations. However, we
encourage field observations of the evolution of the LWC vertical profile; a required
step needed in introducing and validating the assimilation algorithm.

The revisit time of the satellites is influential as the model freely evolves if the forc-
ing is not performed every day. The assimilation of only Sentinel-1 satellites (with a
revisit time of 6 days, translating into one image every 2-3 days over the study area)
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produces results close to those of the model simulation without data assimilation.
Multiple datasets need to be assimilated on the same day for the model to consis-
tently change its behaviour. The resilience of the model results from the refreezing
of the snowpack during nights and in winter months. When taking into account a
few melt seasons, at the beginning of the melt season, the model snowpack is more
or less similar to its state in the previous year.

Assimilating multiple datasets into MAR also brings challenges and considerations
alongside the advantages. If some missing information is fulfilled by another dataset,
it adds another layer of complexity to the algorithm or additional uncertainties linked
to the assimilation method used and its thresholds. Datasets may not carry the same
information and may not be compatible for all the time steps. Here, none of the
datasets is considered to have better wet-snow detection than the other. A possi-
ble enhancement of the technique would be to add weight to the masks in case of
contradictions between them. The weight could be constructed using the confidence
level of the wet-snow detection technique employed, the satellite spatial resolution,
the topographic gradient from higher resolution satellite pixels interpolated to the
MAR grid or the sensor sensitivity to liquid water.

The results highlight the importance and impact of utilizing data assimilation. While
the assimilation does not induce a complete change in the behaviour of the model as
surface melt remains marginal to snowfall, the snowpack properties tend to deviate
from the model simulation performed without assimilation, impacting the ability of
the snowpack to retain meltwater in the future. Here, satellite data have only been
assimilated for two melt seasons over a small area. The study can be expanded in
the future to cover a longer period, a larger spatial extent, or the Greenland ice
sheet, where surface melt is the main driver of SMB variability (Slater et al., 2021).
Further attention should be given to ice shelves as they are the most sensitive region
of Antarctica and important to the Antarctic ice sheet stability (Favier and Pattyn,
2015; Paolo et al., 2015; Sun et al., 2020).

Finally, The results obtained in this chapter pinpoint the uncertainties of the regional
climate model over the Antarctic Peninsula, where, without significant increases in
simulated melt area, the surface melt production significantly increased. The assim-
ilation of remotely sensed data into RCMs is a promising way of reducing the biases
and errors inherent to climate models, given that there are currently no direct large-
scale measurement of meltwater content within the Antarctic snowpack. This is also
an easy way to provide robust uncertainties in model outputs for present climate.
Using multiple RS datasets with spatial resolutions higher than the model resolution
would also allow for improved model corrections through better assessment of the
snowpack water content.
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5.1 Modelling Strategies: From remote sensing data
integration, to model coupling and data assim-
ilation

This thesis highlights both the potential and the current limitations of regional cli-
mate models in representing land-atmosphere interactions. While these interactions
play a key role in modulating regional climate, their effective representation remains
challenging due to the complexity of the underlying processes and their scale depen-
dency.

To address this challenge, we explored three complementary research axes, using
different techniques:

1. Sensitivity analyses of the MAR regional climate model to vegetation input
using MODIS satellite-derived vegetation Leaf Area Index (LAI).

2. Development of a coupled regional atmosphere-vegetation model, the
RAVEL model, to represent two-way feedback between atmosphere and vege-
tation ecosystems.

3. Assimilation of remote-sensing observations into MAR to constrain the
modelled wet-snow occurrence and reduce associated uncertainties over the
Antarctic Peninsula.

The approaches explored in this thesis, integrating remote sensing data and in-
troducing dynamic vegetation through model coupling, represent complementary
strategies to address the challenge of land-atmosphere interactions representation.
They illustrate a progression from prescribed surface conditions to enabling dynamic
feedbacks.

First, the use of high-resolution, satellite-derived leaf area index data demonstrated
that low-resolution static climatologies can limit the representation of fine-scale spa-
tial heterogeneity and transient events, which are crucial for accurately representing
surface fluxes and feedback processes. Incorporating MODIS-based LAI in MAR
provided a more representative view of vegetation, improved its daily dynamics,
and enhanced the simulation of surface fluxes, notably during extreme events such
as droughts.

Second, the development of a two-way coupling between MAR and the dynamic veg-
etation model CARAIB, resulting in the Regional Atmosphere-VEgetation uLiège
model (RAVEL) enabled the representation of two-way interactions between the
atmosphere and vegetation. This dynamic coupling allows vegetation to evolve con-
sistently with climatic conditions, providing a more realistic framework for long-term
simulations. The results show that coupling leads to a denser and more dynamic
vegetation cover, enhanced evapotranspiration, and improved representation of ex-
treme events.
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Third, the assimilation of remote sensing observations introduces a complementary
approach by directly constraining model states. The assimilation of wet-snow oc-
currence demonstrated that even simple nudging techniques can significantly modify
surface processes such as meltwater production and snowpack dynamics.

Taken together, these approaches form a coherent methodological framework in
which prescribed data from remote sensing, dynamic coupling, and observational
constraints contribute to improving model robustness. These approaches should
not be viewed as independent solutions, but rather as interconnected elements of a
broader modelling strategy aimed at reducing uncertainties in climate simulations
and projections.

5.2 Land-Atmosphere Interactions in MAR

In this thesis, we aimed to improve the representation of land-atmosphere inter-
actions in regional climate models. Improving their representation is essential for
understanding present-day climate dynamics and for increasing confidence in cli-
mate projections and simulated ecosystems evolution.

A central outcome of this work is that, in MAR, vegetation exerts a strong con-
trol on surface fluxes, particularly evapotranspiration, yet the atmospheric response
remains relatively weak under present-day conditions. This contrast suggests that
the model’s land-surface processes are sensitive to vegetation variability, but that
their influence on the atmosphere is dampened, either by model parametrisations
or by the simulation setup. Nevertheless, several studies classify central Europe
as a transition zone between strongly coupled regions in the Mediterranean and
weakly coupled regions in northern Europe (Seneviratne et al., 2006; Miralles et al.,
2012; Knist et al., 2017; Santanello et al., 2018). Therefore, the limited atmospheric
sensitivity observed here may also reflect an intrinsically moderate coupling regime
between surface fluxes and the atmosphere.

However, as with climate change temperatures are projected to increase (IPCC,
2023b), climate regimes in Europe are expected to shift northward (Seneviratne
et al., 2006). Central Europe may evolve toward a region of stronger land-atmosphere
coupling in the future. As a result, if land-atmosphere interactions are currently
underestimated in MAR, this bias may be amplified in future projections, particu-
larly as coupling strength is expected to increase, thereby reducing the reliability of
projected climate responses. Further investigation of MAR land-atmosphere inter-
actions will therefore still be required.

5.3 Structural Limitations of the Model

Beyond the individual experiments, this work also reveals several structural limita-
tions in the representation of land-atmosphere interactions within MAR. The results
showed that improving inputs alone is insufficient to significantly influence atmo-
spheric conditions. With dynamic coupling or weekly observations, there was only a
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moderate atmospheric response under temperate conditions, even during more ex-
treme conditions.

In the first two approaches, despite the strong evolution of surface fluxes like the
evapotranspiration, the response of the atmosphere was lower in comparison. The
weak sensitivity of the atmosphere to surface perturbations while surface fluxes re-
spond strongly to vegetation changes appears to be largely controlled by large-scale
forcing, which can typically occur over small simulated domains, or be caused by
SISVAT parametrisation. Other studies like (Engel et al., 2025) also point out that
the effect of increased evapotranspiration on precipitation may occur at regional or
larger scales since only a few percent of the recycled moisture precipitates locally
(Theeuwen et al., 2023). The size of the simulated domain is therefore important, as
in addition to larger synoptic forcing on small domains, the precipitation recycling
may occur outside the domain. This imbalance suggests that the MAR coupling
strength between the land surface and the atmosphere may be underestimated un-
der current climate over small domains.

Another important limitation is the model’s tendency to revert to its internal equi-
librium after external perturbations, as observed in the satellite data integration
experiments over Antarctica. This behaviour indicates that the model is inter-
nally consistent but also resistant to sustained corrections, pointing to a potential
over-calibration in the underlying parametrisations. In polar environments, results
further indicate shortcomings in the representation of snow hydrological processes,
particularly those governing meltwater refreezing and retention within the snow-
pack. These processes play a critical role in determining surface mass balance and
therefore require improved physical representation.

Overall, these findings emphasise that advancing regional climate modelling requires
not only better input data and coupling strategies, but also targeted improvements
in model physics and parametrisation to enhance the sensitivity and representation
of land-atmosphere interactions.

5.4 Key Scientific Contributions

5.4.1 Improving the input dataset

The first part of this thesis investigated the sensitivity of the MAR regional climate
model to vegetation cover density by improving its vegetation input dataset. The
default MAR configuration derives its LAI input from the MERRA2 reanalysis to
prescribe a fixed, monthly climatology of LAI at 50 km resolution. This coarse
and fix climatology limit the representation of fine-scale spatial heterogeneity and
transient events, which are crucial for accurately representing surface fluxes and
feedback processes. To overcome this limitation, the standard input was replaced
by the MCD15A2H Version 6.1 MODIS Level-4 satellite-derived LAI product (My-
neni et al., 2021), which provides data at much finer spatial (500 m) and temporal
(8-day) resolutions. The new dataset offers a more representative view of the vege-
tation dynamics and heterogeneity.
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A series of sensitivity experiments was performed to assess MAR’s response to veg-
etation variability. Results revealed that MAR’s meteorological outputs are indeed
sensitive to changes in vegetation cover, but this sensitivity is not uniform across
variables or seasons.

With the improved vegetation input dataset, MAR showed promising agreement
with observations and modest improvements relative to the standard configuration.
This comparison also highlighted the importance of the LAI input dataset. The
current LAI used in the standard configuration seems to underestimate the vegeta-
tion cover, especially in the lower vegetation like pasture or croplands. In conse-
quence, surface-related variables, such as evapotranspiration and soil water content,
exhibited the strongest responses to the LAI changes introduced by the improved
dataset. In particular, higher vegetation density systematically increased evapotran-
spiration, reflecting enhanced transpiration and canopy interception. In contrast,
atmospheric variables such as surface air temperature and precipitation were less
affected. Nonetheless, local effects were detected, especially during summer, where
increased LAI tends to reduce daily maximum temperatures through shading, evap-
orative cooling, and in this specific case, an increased albedo.

Changing the integration method only had a few impacts on the meteorological
variables, with mostly no statistically significant changes. However, a more detailed
examination of the integration technique revealed that the partitioning of vegetation
across MAR sub-pixels was not functioning as intended, which in turn enabled us
to identify and resolve the issue

Changing the climatology for an 8-day LAI did not substantially modify the general
climate simulated by MAR as compared to using a MODIS mean annual cycle. Mean
surface air temperature and precipitation patterns remained largely unchanged, sug-
gesting that the large-scale atmospheric state is relatively insensitive to short-term
vegetation variability. However, the finer temporal resolution revealed effects that
the climatological representation could not capture. The 8-day LAI simulations
showed clearer responses during extreme events, especially droughts. During these
periods, declines in LAI corresponded to a reduction in evapotranspiration and a rise
of up to 1-2◦C in daily maximum temperature, reflecting the reduced evaporative
cooling associated with vegetation stress. However, no change in temperature was
observed during very hot days (temperature max. > 35 ◦C) as in such conditions
temperature is driven by soil moisture. Nonetheless, these effects were spatially het-
erogeneous: forested areas showed little change compared to low-vegetation regions,
as forests tend to be more resilient to short-term drought under present-day climatic
conditions.

MAR’s response to vegetation perturbations was found to be non-linear and asym-
metric: depending on the variable, decreasing vegetation density can produced
stronger changes than increasing it. However, the direction of the change was always
consistent; if decreasing the vegetation density led to an increase in the variable, in-
creasing the vegetation will decrease the variable. This finding highlights structural
characteristics of MAR’s land-atmosphere interaction and response to vegetation
change. This asymmetry has implications and should be considered for future sim-
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ulation interpretation.

These results emphasize the crucial role of vegetation in regional climate simulations
and demonstrate that static vegetation inputs can limit the capacity of models like
MAR to reproduce short-term climate variability and extreme events.

5.4.2 RAVEL 1.0 coupled model

To address climate projections, the second part of the thesis focused on the develop-
ment of a two-way coupling between the regional climate model MAR and the dy-
namic vegetation model CARAIB, resulting in the Regional Atmosphere-VEgetation
uLiège model, RAVEL. By coupling MAR and CARAIB, this work extends the ca-
pability of MAR beyond observation-driven simulations, providing a framework for
climate projections in which vegetation feedbacks evolve dynamically, a key step
toward long-term climate simulations with consistent land-atmosphere interactions.

In this system, the two models exchange information on a daily basis: CARAIB
provides MAR with simulated LAI, while MAR supplies CARAIB with meteoro-
logical forcing such as air temperature, radiation, and precipitation. The coupling
ensures temporal consistency while maintaining modularity. Although only a limited
number of variables were exchanged in this first version, the framework successfully
demonstrated the feasibility and stability of such coupling with no climate drift oc-
curring.

The results showed that coupling substantially modifies vegetation representation in
MAR, as CARAIB typically simulates higher LAI values than the MERRA2-based
climatology used in MAR standalone configuration. This effectively acts as a denser
vegetation scenario, particularly upon lower vegetations. Our results are in line with
other studies like Heck et al. (2001), King et al. (2024), or Engel et al. (2025) that
compared reference simulations with scenarios using denser vegetation. However,
some of the results are not consistent with these studies, particularly regarding the
increase in albedo observed in our works. The main differences between our results
and the other studies are caused by the vegetation type considered by MAR in our
studied domain and the computation of surface albedo in SISVAT. In this study,
most of the forest are broadleaved composed, which is different from other studies,
and, in SISVAT, an densification of broadleaved tree or grass can lead to an increase
in albedo.

Under present-day conditions, the coupled system exhibits good agreement with ob-
servations over Belgium. Notably, the model simulated a denser and more dynamic
vegetation cover, enhanced evapotranspiration, and a moderate cooling of the sur-
face during summer compared to the standalone models. However, as anticipated,
the atmospheric response was generally weaker than the vegetation response, reflect-
ing differences in model sensitivities. This difference is possibly due to the limited
number of exchanged variables or the reduced sensitivity of the land-atmosphere
interactions modelled in MAR.

The coupling particularly improved the representation of extreme events compared
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to the changes it brings to the general climate. During drought periods, feedbacks
led to stronger reductions in LAI, which in turn reduced evapotranspiration and
vegetation productivity, increased daily variability in vegetation dynamics, and oc-
casionally resulted in locally warmer surface conditions, thereby amplifying water
stress. During pluvial events, the coupled model also showed some feedback with
relatively lower surface air temperature and increased daily variability. The cou-
pled model thus captures important biophysical feedbacks that cannot be resolved
in standalone simulations.

In line with the results obtained from the sensitivity experiments, the changes in-
duced by the coupling were found to be strongly dependent on both spatial and
seasonal factors. The most pronounced differences between the coupled and stan-
dalone configurations occurred in non-forested regions and during the spring and
summer seasons, when vegetation activity reaches its annual peak. Spatially, the
largest variations across most variables were concentrated in the northern part of the
study domain, predominantly covered by croplands and pastures, as well as in the
centre of the region, corresponding to the transitional zone between the agricultural
north and the more densely forested southern part of Belgium.

Importantly, the RAVEL coupled model remained numerically stable and physically
consistent throughout multi-year runs over western European climate, indicating
that such two-way coupling is a viable approach for regional-scale climate-biosphere
studies. This opens the way for longer simulations and future applications under
different climate-change scenarios.

5.4.3 Integrating wet-snow occurrence

In the final part of this thesis, we assimilated satellite-derived wet-snow occurrence,
estimated from spaceborne microwave sensors, into MAR over the Antarctic Penin-
sula. This step marked a shift from improving model inputs to actively constraining
model states with observations, offering a complementary approach to the coupling
experiment conducted in the previous research axis.

The assimilation experiments demonstrated that satellite observations can effectively
influence the simulated surface energy and mass balance when carefully integrated.
The method, based on a simple but robust temperature-nudging of the snowpack
introduced by Kittel et al. (2022b), led to a substantial increase in meltwater pro-
duction and runoff, resulting in a small decrease in surface mass balance (SMB).
Although the impact on the overall SMB remained limited, the internal snowpack
structure and melt-refreezing dynamics were modified. These changes indicate that
even small near-surface temperature corrections can propagate through the snow
and firn layers.

The uncertainties around the remote sensing wet-snow product, inherent to the sen-
sor characteristics and the detection methods (i.e., the water depth and the liquid
water content cannot be retrieved easily), lead to performing sensitivity tests. The
sensitivity tests performed on the assimilation parameters further revealed how crit-
ical the physical assumptions are. In particular, the assimilation depth (∆z) was
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identified as the most influential parameter, especially for shorter-wavelength sen-
sors such as those operating in the Ku-band. The liquid water content threshold (α),
while less influential on total melt quantity, affected the timing and persistence of
surface melting events by influencing the beginning and the end of the melt season.
As highlighted in other studies (e.g., Picard et al., 2022; de Roda Husman et al.,
2022), these findings underscore that the link between the satellite signal and the
actual water content within the snowpack remains indirect and sensor-dependent,
requiring cautious interpretation when used for model correction and comparison.

Another major outcome concerns the role of sensor characteristics in determining
assimilation efficiency. Frequency, spatial resolution, and revisit time all strongly
influence the capacity of the model to adjust to observations as well as the num-
ber of melt day observed. In particular, despite its higher spatial resolution, the
assimilation of Sentinel-1 data alone was insufficient to generate persistent model
adjustments, due to its relatively long revisit time. The experiments highlighted the
potential advantage of multi-sensor assimilation, combining complementary obser-
vations from C- and Ku-band active and passive sensors to better constrain both
shallow and deeper wet layers in the snowpack. However, this approach also increases
the complexity of the algorithm and the risk of inconsistencies between datasets.

Beyond the direct numerical results, these experiments provided valuable insight
into the strengths and limitations of MAR in representing the Antarctic surface
processes. The model proved to be resilient and internally consistent, meaning that
once the external forcing from satellite data was removed, it tended to revert to
its equilibrium state. While this is an encouraging sign of model stability, it also
implies that strong or frequent observational constraints are needed to achieve a sus-
tained improvement in simulation accuracy. Furthermore, since the largest discrep-
ancies between MAR and the satellite-derived wet-snow occurrence were observed
at the beginning and end of the melt season, the assimilation framework points to
a potential overestimation of meltwater refreezing or percolation processes, or an
underestimation of the snowpack’s capacity to retain liquid water rather than an
underestimation of surface melt production.

5.5 Implications for Regional Climate Modelling

The results obtained in this thesis have broader implications for regional climate
modelling. Given the results in the previous sections, they suggest that accurately
representing land-atmosphere interactions in regional climate models requires mov-
ing beyond static and prescribed surface conditions toward dynamically coupled and
observation-informed modelling systems.

The relatively weak atmospheric response compared to the vegetation response ob-
served under present-day temperate conditions suggests that the strength of land-
atmosphere coupling may vary depending not only on the region and climate regime,
but also on the model structure and its parametrisations. As highlighted by numer-
ous other studies (e.g., Knist et al., 2017; Crowhurst et al., 2020; Anwar and Diallo,
2021; Jiménez-Gutiérrez et al., 2021), this underscores the importance of applying
such modelling approaches across different models, parametrisations, and study re-
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gions. Multi-model studies will therefore be necessary to draw robust conclusions
for climate projections.

Furthermore, the integration of remote sensing data emerges as a critical component
for both model evaluation and model uncertainties quantifications, particularly in
data-sparse regions such as Antarctica. However, as already highlighted by Latifi
and Galos (2010), Picard et al. (2022), or Leduc-Leballeur et al. (2026), effectively
integrating remote sensing data into models requires careful consideration because
of observational uncertainties and their relationship to the model’s variables.
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Although the results of this study are promising, they also reveal several areas where
further development is needed to consolidate and extend our findings.

The first research axis provided valuable groundwork for understanding land-atmosphere
interactions. While it did not lead to definitive conclusions, it played a crucial
preparatory role, laying the foundation for the more advanced investigations carried
out in the second axis of this work. In particular, it provided valuable insights into
the behaviour of the MAR model itself. The relatively weak atmospheric response
to vegetation changes in MAR, contrary to some other models (Yang et al., 2020;
Chen et al., 2022a), suggests that its surface-atmosphere coupling could be improved.
Future work should re-examine the parametrisation controlling land-atmosphere ex-
changes, particularly within the SISVAT module, as well as the synoptic control over
small domains. A new parametrisation scheme using MODIS-based datasets could
increase MAR’s sensitivity to vegetation dynamics and improve the simulation of
heatwaves and droughts. Using the MODIS mean annual cycle as the default input
could reduce the need for empirical corrections such as the adjustment coefficients
currently applied to MERRA2 data. Furthermore, the distribution of vegetation
across MAR sub-pixels should be refined, as it currently appears to exhibit unin-
tended behaviour.

A revised version of the sub-pixel vegetation distribution, along with a new vegetation-
class input dataset, has already been initiated and is currently being tested. The new
vegetation cover is based on the gridded land cover classification maps from 1992
to present, derived from satellite observations provided by the Copernicus Climate
Change Service (C3S; Copernicus Climate Change Service, 2019). This dataset is
resampled onto the MAR grid using a conversion table that maps C3S vegetation
classes to the corresponding MAR vegetation classes, potentially splitting a single
C3S class into multiple MAR classes when required. In addition to the new input
dataset, the three sub-pixels of MAR now represent the three dominant vegeta-
tion types and their respective fractional coverage within each pixel, instead of the
previous configuration (two vegetation types plus a hypothetical grass field). Re-
peating the sensitivity experiments using an updated transfer scheme and improved
vegetation dataset could provide a better understanding of the land-atmosphere in-
teractions over central Europe and further enhance MAR’s representation of surface
processes.

The coupling between MAR and CARAIB also opened multiple avenues for further
development. In this version of the coupled model, only a limited set of variables
is exchanged, leading to redundant calculations and missing feedback. Expanding
the coupling to include memory sharing of key variables such as stomatal resistance,
surface roughness, spectral fluxes, and soil moisture would strengthen the represen-
tation of vegetation-climate feedbacks. Additionally, while MAR and CARAIB cur-
rently operate on the same spatial grid, future implementations could use a higher-
resolution CARAIB configuration. Similarly to what is done in other coupled model,
like in Ho-Hagemann et al. (2024) that coupled the regional climate model ICON-
CLM to the Earth system model GCOAST-AHOI, a dedicated coupling software
such as OASIS3 (Craig et al., 2017) could support the coupling framework. OASIS3
could manage the interpolation and exchange of variables between the models on
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different grids. From a technical standpoint, CARAIB should also be modified to
read (write) input (output) file on a daily basis rather than once a year, which would
significantly improve computational efficiency.

The current results, although satisfactory, do not reveal strong land-atmosphere
interactions under present-day Belgian climate conditions. Applying the coupled
model to regions with a stronger coupling regime identified by Knist et al. (2017),
such as southern Europe, could reveal more pronounced feedbacks. In this manner,
a domain over Spain has been designed for a new RAVEL experiment and is cur-
rently being tested, with promising results.

The observed spatial patterns in the difference for most of the variables between
the standalone and the coupled simulations emphasize the crucial role of vegeta-
tion type and density in modulating the strength of land-atmosphere feedbacks. In
regions dominated by low vegetation, such as grasslands and croplands, the cou-
pling between the biosphere and the atmosphere is stronger and sensitive to soil
moisture variability, leading to larger impacts on surface temperature and humidity.
Conversely, forests act as stabilizing buffers by attenuating short-term atmospheric
responses. These findings highlight the importance of accounting for vegetation het-
erogeneity to improve the representation of regional climate-vegetation interactions.
However, the situation may evolve in the future: while forests appeared less sensitive
under current conditions, they could be increasingly affected by climate change or
could disappear on longer timescales (Roebroek et al., 2025). With different vegeta-
tion distribution, coupling regimes may differ under future climatic conditions and
green house gases forcing (Seneviratne et al., 2006). Therefore as also pointed by
Jiménez-Gutiérrez et al. (2021) and Anwar and Diallo (2022), extending simulations
to multi-decadal horizons under different global warming scenarios will be crucial to
assess how projected vegetations could impact regional climate model’s long-term
simulated climate as vegetation dynamics can enhance its variability (Delire et al.,
2011).

Similarly to what is concluded by Puggaard et al. (2025), the third research axis,
focused on data assimilation, revealed that MAR is inconsistent in terms of surface
wet-snow occurrence compared to remote-sensing observations. While part of this
discrepancy may arise from ambiguities in the satellite definition of wet snow (Picard
et al., 2022; Nagler et al., 2024; Leduc-Leballeur et al., 2026), model biases could
also stem from overestimated meltwater refreezing or underestimated snow water
retention. Improving the parametrisation of snow hydrology is therefore essential,
particularly over ice shelves, where the liquid-water content influences stability and
mass balance. Enhancing this representation will be critical for reliable climate pro-
jections over Antarctica.

The deployment of additional SAR satellites through the densification of existing
constellations (e.g., Sentinel-1C and Sentinel-1D), as well as new missions such as
NISAR (launched in 2025) and ROSE-L (planned for 2028), will enable the integra-
tion of high spatial-resolution data with improved revisit times for active microwave
observations. In addition, emerging techniques for refining wet-snow detection (de
Roda Husman et al., 2024) and estimating melt rates (Di Biase et al., 2026) could
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further enhance data assimilation by enabling the direct use of snowpack liquid wa-
ter content, rather than relying solely on binary wet-snow occurrence.

Given the key role of land-atmosphere interactions in modulating regional climate,
their accurate representation is essential to better assess future scenarios and sup-
port adaptation strategies. This work has paved the way toward improving their
simulation through remote sensing data integration, assimilation and model cou-
pling within regional climate modelling, but it represents only the beginning of a
long and demanding effort in continuous model development.
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APPENDIX

A Additional elements for Chapter 2

Difference in MODIS mean annual cycle

Figure A.01: Comparison of MODIS LAI mean annual cycles calculated using data
from 2012–2022 versus 2015–2024.
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Difference in LAI in summer

Figure A.02: Map of the average difference (in %) in LAI between the MODIS LAI
mean annual cycle (used in MARMODIScyc) and the 8-day MODIS LAI data (used in
MARMODIS) in July and August 2019 in Belgium.

Figure A.03: Map of the average difference (in %) in LAI between the MODIS LAI
mean annual cycle (used in MARMODIScyc) and the 8-day MODIS LAI data (used in
MARMODIS) in July and August 2020 in Belgium.
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Figure A.04: Map of the average difference (in %) in LAI between the MODIS LAI
mean annual cycle (used in MARMODIScyc) and the 8-day MODIS LAI data (used in
MARMODIS) in July and August 2021 in Belgium.

Figure A.05: Map of the average difference (in %) in LAI between the MODIS LAI
mean annual cycle (used in MARMODIScyc) and the 8-day MODIS LAI data (used in
MARMODIS) in July and August 2022 in Belgium.
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Figure A.06: Map of the average difference (in %) in LAI between the MODIS LAI
mean annual cycle (used in MARMODIScyc) and the 8-day MODIS LAI data (used in
MARMODIS) in July and August 2023 in Belgium.

Figure A.07: Map of the average difference (in %) in LAI between the MODIS LAI
mean annual cycle (used in MARMODIScyc) and the 8-day MODIS LAI data (used in
MARMODIS) in July and August 2024 in Belgium.
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B Additional elements for Chapter 4

Statistics for the 2020-2021 melt season

Figure B.01: Cumulated surface melt production (Gt) for the 2020-2021 melt season
as modelled by MAR without assimilation (MARref in light red), with data assimilation
(Assimmember in dashed lines), and their averaged value (Assimmean in blue). Shaded
areas represent the range of the assimilations.

Table B.01: Surface mass balance (SMB), and average snowpack density (ρ) and snow-
pack liquid water content (LWC) for MARref , the reference assimilation (Assimref ) and
the mean value of the assimilations (Assimmean) over the Antarctic Peninsula for the 2020-
2021 melt season. The range comprises all 19 assimilations. LWC and ρ are taken at a
depth of 0.2 m and 1 m while the other variable are given as a snowpack cumulated value.

ME (Gt yr−1) RU (Gt yr−1) SMB (Gt yr−1) ρ0.2m (kgm−3) ρ1m (kgm−3) LWC0.2m (kgkg−1) LWC1m (kgkg−1)
MARref 111 36 559 429 432 0.003 0.003
Assimref 149 49 546 447 450 0.002 0.003
Assimmean 168 52 544 448 452 0.002 0.003

Range 132 - 218 44 - 61 534 - 551 442 - 452 446 - 457 0.002 - 0.003 0.002- 0.004
Evolution (%) 51.1 43.7 -2.7 4.3 4.4 -17.8 -18
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Figure B.02: Cumulated surface mass balance (Gt) for 2020-2021 melt season as mod-
elled by MAR without assimilation (MARref in red), with data assimilation (Assimmember

in dashed lines), and their averaged value (Assimmean in blue). Shaded areas represent
the range of the assimilations.

Figure B.03: Cumulated SMB (mmWE) from 2020-10-01 to 2021-02-28 over the AP as
modelled by Assimref . Larsen C is outlined in purple, Georges VI in green, and Wilkins in
red. The ice shelves and the northernmost coastlines are experiencing a decrease in SMB
in opposition to the rest of the AP.
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Figure B.04: Cumulated surface melt production (Gt) for 2020-2021 melt season as
modelled by the different assimilation. Curves of the same color have different ∆z for the
C-band sensors.

Figure B.05: Distribution of the number of melt days for the 2020-2021 melt season as
modelled by MARref and the assimilations for the two values of α for the three studied
ice shelves. Dashed lines represent the mean value of the distribution.
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Figure B.06: a) Number of melt days observed by AMSR2 on the AP for the 2020-2021
melt season. b) Number of melt days observed by ASCAT on the AP for the 2019-2020
melt season.
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Figure B.07: Evolution of the surface melt extent during the 2020-2021 melt season as
modelled by MARref (in light red), Assimmean (in blue), the assimilation of only Sentinel-
1 melt mask (AssimS1, in green), and as observed by AMSR2 in ascending orbit (in grey),
and by ASCAT (in purple).

Table B.02: Evolution of surface melt production (ME), runoff (Ru), surface mass bal-
ance (SMB), snowpack density (ρ), and snowpack liquid water content (LWC) for MARref ,
the reference assimilation (Assimref ) and the mean value of the assimilations (Assimmean)
over the 3 studied ice shelves for the 2020-2021 melt season. LWC and ρ are given at a
depth of 0.2 m and 1 m while the other variable are given as a snowpack average value.

Larsen C ME (Gt yr−1) RU (Gt yr−1) SMB (Gt yr−1) ρ0.2m (kgm−3) ρ1m (kgm−3) LWC0.2m (kg kg−1) LWC1m (kg kg−1)
MAR 30 5.7 20 605 595 0.0006 0.0008

Assimref 41 9.2 16 625 633 0.0005 0.0007
Assimmean 47 11 14 629 639 0.0005 0.0007

σ0 11 1.5 1.1 111 41 0.0005 0.0006
Wilkins ME (Gt yr−1) RU (Gt yr−1) SMB (Gt yr−1) ρ0.2m (kgm−3) ρ1m (kgm−3) LWC0.2m (kg kg−1) LWC1m (kg kg−1)
MAR 5.9 1.4 5.8 564 605 0.0002 0.0002

Assimref 8.6 3.7 3.5 626 675 0.0002 0.0002
Assimmean 10 4.1 3.1 634 678 0.0002 0.0002

σ0 2.7 1.4 1.4 82 80 0.0002 0.0002
Georges VI ME (Gt yr−1) RU (Gt yr−1) SMB (Gt yr−1) ρ0.2m (kgm−3) ρ1m (kgm−3) LWC0.2m (kg kg−1) LWC1m (kg kg−1)

MAR 10 1.9 11 592 590 0.0003 0.0004
Assimref 13 3.4 10 624 627 0.0003 0.0004
Assimmean 15 3.5 10 620 621 0.0003 0.0004

σ0 3.2 3.5 0.7 87 66 0.0003 0.0003
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Table B.03: Comparison between the melt season length and number of melt days
modelled for the three studied ice shelves for MARref and the assimilations for the 2020-
2021 melt season.

Larsen C Melt season length (days) Number of melt days modelled
MARref 209 113
α = 0.1 % 208 116
α = 0.2 % 209 127
Wilkins Melt season length (days) Number of melt days modelled
MARref 200 99
α = 0.1 % 201 119
α = 0.2 % 207 132
GeorgesVI Melt season length (days) Number of melt days modelled
MARref 200 98
α = 0.1 % 200 95
α = 0.2 % 200 113
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