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IMPACT OF USING OBSERVED LAND-USE PROPERTIES
ON THE REPRESENTATION OF HEATWAVES IN
ALARO-SURFEX IN BELGIUM

SUMMARY

Accurate simulation of the thermal characteristics of heatwaves forms the basis of
climate adaptation and risk management, particularly because heat extremes are
increasing under global warming. This thesis analyzes the impact of refreshing land-
use property values—more specifically Leaf Area Index (LAI), albedo, and surface
roughness—on the performance of the ALARO-Surfex regional climate model in
simulating heatwaves over Belgium for the summers of 2018 and 2019. Two versions
of the model were compared: a reference setup using default Ecoclimap-1 inputs and
an updated setup using observationally based, spatially distributed parameters obtained
from MODIS remote sensing data products.

The analysis used both model output and gridded observational climate data regridded
onto a 5 km common resolution. Surface energy fluxes and temperature variables
(Average temperature, Maximum temperature, Minimum temperature) of main
interest were evaluated using Mean Absolute Error (MAE) and Mean Absolute Bias
(MAB) over the entire domain and within dominant cropland classes (Ecoclimap-I
land covers 166 and 182). Results showed that the updated model improved the
simulation of mean and minimum temperature, particularly for the 2018 heatwave, by
reducing MAB by up to 1.44 °C for Minimum temperature over cropland surfaces.
These improvements are crucial for accurately representing nighttime cooling
processes, which play a vital role in mitigating heat stress during extreme heat events.

However, the updated model exhibited challenges in simulating maximum
temperatures, with MAB increasing by more than 1 °C in both years. Surface energy
balance analysis revealed that reductions in albedo and LAI led to increased net
radiation and sensible heat fluxes, enhancing daytime heating. At the same time,
reduced latent heat fluxes limited evaporative cooling, contributing to the
overestimation of maximum temperatures. Evaluation against surface energy balance
measurements from eddy covariance data within the domain further supported these
findings: the novel model improved Minimum temperature simulation but degraded
Maximum temperature performance significantly.

These results highlight the complex trade-offs introduced by newer land surface
characteristics and the importance of land-atmosphere interactions for regional
heatwave simulations. The study concludes that while the incorporation of
observational land-use updates enhances model realism and improves the simulation
of certain temperature components, further improvements, perhaps through land-
cover-specific parameterizations, are required to introduce a more balanced energy
flux representation and avoid unintentional biases in extreme temperature simulations.
This research contributes to the ongoing refinement of regional climate modeling
approaches and identifies the need for improved model accuracy to enhance
confidence in climate projections. By improving the accuracy of heatwave simulations,
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this study supports disaster risk reduction efforts and informs climate adaptation
strategies, such as urban planning, agricultural optimization, and early warning
systems. Ultimately, the findings emphasize the need for continued advancements in
regional climate modeling to better anticipate and mitigate the impacts of future
heatwave events.

The findings of this study have significant implications for climate adaptation policy
and disaster risk management, particularly in nations like Belgium, which are
increasingly exposed to heatwaves due to climate change. Heatwaves are a multi-
dimensional threat that impacts human health, agricultural production, energy systems,
and urban infrastructure. Realistic modeling of heatwave behavior, as demonstrated in
the current study, is thus essential to develop early warning systems and targeted
interventions to mitigate related risks. For instance, the advanced simulation of
nighttime thermal cooling processes (minimums) can be applied to inform public
health policy, e.g., to ascertain locales where vulnerable populations may be placed at
higher risk under prolonged heat episodes. Similarly, the traded-off simulations of
daytime highs suggest the need for further parameterized improvements in an effort to
better simulate daytime heating trends, which are critical to urban planning strategy
aimed at reducing exposure to extreme heat. Urban heat island effect, wherein cities,
particularly, are subject to the exaggeration of temperature extremes in urban cities, is
minimized by incorporating observationally derived land-use data into regional
climate models. Urban planners are then able to design heat-resilient cities through
augmenting vegetation cover, applying reflective surfaces, and optimizing water
consumption. These measures not only enhance urban heatwave resilience but also
contribute to wider sustainability goals such as reducing carbon emissions and
conserving water resources. Furthermore, the study emphasizes the importance of
integrating climate science with disaster risk reduction programs like the Sendai
Framework for Disaster Risk Reduction (2015-2030), which emphasizes upgraded
risk analysis, early warning, and interventions in community resilience development.
By bridging the gap between technological innovation and real-world applications, this
research opens doors to stronger societies and ecosystems when it comes to increasing
climate challenges.

Although this study demonstrates potential from employing satellite-derived land-use
properties, further research needs to be done to enhance the accuracy of the model.
Significant areas consist of parameterizing land cover to adjust biases in the simulation
of maximum temperature and timescales and climatic zones. Incorporating regional
climate models with hydrological and socioeconomic models would also be a more
complete method of appreciating heatwave impacts. Besides, mitigating uncertainties
with sensitivity analyses and ensemble modeling is still crucial. These tasks can
capitalize on this thesis for enhancing the representation of heatwaves in climate
models and facilitating evidence-based decision-making for a sustainable future.

Beyond the Belgian case study, the methodological insights from this thesis hold
broader relevance for regions facing recurrent or intensifying heatwaves. By
demonstrating how satellite-derived land-use properties can improve regional climate
model performance, this research provides a transferable framework that can be
applied in other European contexts and globally. Integrating high-resolution land
surface data into climate modeling not only enhances hazard assessment but also
strengthens the foundation for transboundary adaptation initiatives, such as those
coordinated under the European Green Deal and international disaster risk
frameworks. Thus, the outcomes of this study extend beyond academic advancement
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to inform practical strategies for climate resilience, aligning scientific innovation with
urgent policy needs in an era of accelerating climate extremes.
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GOZLEMLENEN ARAZI KULLANIM OZEL LiKLERININ
KULLANILMASININ BELCIKA'DAKI ALARO-SURFEX'TE ISI
DALGALARININ TEMSILI UZERINDEKI ETKIiSi

OZET

Sicak dalgalarinin termal 6zelliklerinin dogru simiilasyonu, 6zellikle kiiresel 1sinma
nedeniyle asir1 sicakliklarin artmasi nedeniyle, iklim adaptasyonu ve risk yonetiminin
temelini olusturmaktadir. Bu tez, arazi kullanim Ozelliklerinin degerlerinin (daha
spesifik olarak Yaprak Alan Indeksi (LAI), albedo ve yiizey piiriizliiliigii) 2018 ve
2019 yazlarinda Belgika iizerinde sicak dalgalarini simiile eden ALARO-Surfex
bolgesel iklim modelinin performansi {izerindeki etkisini analiz etmektedir. Modelin
iki versiyonu karsilastirilmistir: varsayilan Ecoclimap-l girdilerini kullanan bir
referans kurulum ve MODIS uzaktan algilama veri {irlinlerinden elde edilen, gézlem
tabanli, uzamsal olarak dagilimli parametreleri kullanan giincellenmis bir kurulum.

Analizde, hem model ¢iktis1 hem de 5 km ortak ¢oziiniirliige yeniden i1zgaralanmig
1zgaral1 gozlem iklim verileri kullanilmistir. Ana ilgi konusu olan yiizey enerji akislari
ve sicaklik degiskenleri (ortalama sicaklik, maksimum sicaklik, minimum sicaklik),
tim alan ve baskin tarim arazisi siniflart (Ecoclimap-l arazi ortusi 166 ve 182)
Uzerinde Ortalama Mutlak Hata (MAE) ve Ortalama Mutlak Sapma (MAB)
kullanilarak degerlendirildi. Sonuglar, giincellenen modelin, 6zellikle 2018 sicak
dalgas1 icin, tarim arazileri iizerindeki minimum sicaklik icin MAB'yi 1,44 °C'ye kadar
azaltarak ortalama ve minimum sicaklik simiilasyonunu iyilestirdigini gdstermistir. Bu
tyilestirmeler, asir1 sicak olaylar sirasinda 1s1 stresini hafifletmede hayati bir rol
oynayan gece soguma siireglerini dogru bir sekilde temsil etmek igin ¢cok dnemlidir.

Ancak, giincellenen model, her iki yilda da MAB'nin 1 °C'den fazla artmasiyla
maksimum sicakliklarin simiilasyonunda zorluklar sergiledi. Yiizey enerji dengesi
analizi, albedo ve LAI'deki azalmalarin net radyasyon ve hissedilebilir 1s1 akislarinin
artmasia yol acarak giindiiz 1sinmasmi artirdigimi ortaya koydu. Ayni zamanda,
azalan gizli 1s1 akiglar1 buharlagsmali sogutmay1 simirlayarak maksimum sicakliklarin
fazla tahmin edilmesine katkida bulundu. Alan i¢indeki girdap kovaryans verilerinden
elde edilen ylizey enerji dengesi dl¢iimlerine gore yapilan degerlendirme, bu bulgular
daha da destekledi: yeni model, minimum sicaklik simiilasyonunu iyilestirdi, ancak
maksimum sicaklik performansini 6nemli dl¢iide diisiirdii.

Bu sonuglar, yeni kara yiizeyi Ozelliklerinin getirdigi karmasik odiinlesimleri ve
bolgesel sicak dalgasi simiilasyonlar1 i¢in kara-atmosfer etkilesimlerinin 6nemini
vurgulamaktadir. Calisma, gozlemsel arazi kullanimi giincellemelerinin dahil
edilmesinin  model gergekgiligini artirdigt ve belirli sicaklik bilesenlerinin
simiilasyonunu iyilestirdigi, ancak daha dengeli bir enerji akis1 temsili sunmak ve agiri
sicaklik simiilasyonlarinda istenmeyen oOnyargilari onlemek ig¢in, belki de arazi
ortistne 0zgu parametrelemeler yoluyla daha fazla iyilestirme yapilmasi gerektigi
sonucuna varmistir. Bu arastirma, bolgesel iklim modelleme yaklagimlarinin siirekli
tyilestirilmesine katkida bulunmakta ve iklim tahminlerine olan giiveni artirmak igin
model dogrulugunun iyilestirilmesi gerektigini ortaya koymaktadir. Sicak dalgasi
simiilasyonlarinin dogrulugunu artirarak, bu ¢alisma afet riskini azaltma cabalarinm
desteklemekte ve kentsel planlama, tarimsal optimizasyon ve erken uyar1 sistemleri
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gibi iklim adaptasyon stratejilerine bilgi saglamaktadir. Sonug¢ olarak, bulgular
gelecekteki sicak dalgasi olaylarmin etkilerini daha iyi tahmin etmek ve hafifletmek
icin  bolgesel iklim modellemesinde siirekli ilerlemelerin  gerekliligini
vurgulamaktadir.

Bu ¢alismanin bulgulari, 6zellikle iklim degisikligi nedeniyle sicak dalgalarina giderek
daha fazla maruz kalan Belgika gibi iilkelerde, iklim adaptasyon politikas1 ve afet risk
yonetimi i¢in onemli sonuglar dogurmaktadir. Sicak dalgalari, insan sagligini, tarimsal
iiretimi, enerji sistemlerini ve kentsel altyapiy1 etkileyen ¢ok boyutlu bir tehdittir.
Dolayisiyla, mevcut calismada gosterildigi gibi, sicak dalgalarinin davraniginin
gercekei bir sekilde modellenmesi, ilgili riskleri azaltmak i¢in erken uyari sistemleri
ve hedefli miidahaleler gelistirmek acisindan ¢ok 6nemlidir. Ornegin, gece termal
soguma siireclerinin (minimumlar) gelismis simiilasyonu, halk saglig1 politikasina
bilgi saglamak i¢in kullanilabilir, 6rnegin, uzun siireli sicaklik dalgalar1 sirasinda
savunmasiz niifuslarin daha yiiksek risk altinda olabilecegi yerleri belirlemek icin.
Benzer sekilde, giindiiz yiiksek sicakliklarinin simiilasyonlari, asirt sicaga maruz
kalmay1 azaltmay1 amaclayan kentsel planlama stratejisi igin kritik 6neme sahip
giindliz 1sinma egilimlerini daha iyi simiile etmek icin parametrelerin daha da
iyilestirilmesi gerektigini gostermektedir. Ozellikle sehirlerin asirt sicakliklarin
etkisine maruz kaldig1 kentsel 1s1 adasi etkisi, gozlemlerden elde edilen arazi kullanim
verilerinin bolgesel iklim modellerine dahil edilmesiyle en aza indirgenir. Boylece
sehir planlamacilari, bitki Ortiisiinii artirarak, yansitici yiizeyler uygulayarak ve su
tilketimini optimize ederek 1siya dayanikli sehirler tasarlayabilirler. Bu 6nlemler,
kentsel sicak dalgalarina kars1 dayaniklilig1 artirmakla kalmaz, ayn1 zamanda karbon
emisyonlarinin azaltilmast ve su kaynaklarinin korunmasi gibi daha genis
stirdiirtilebilirlik hedeflerine de katkida bulunur. Ayrica, ¢alisma, iklim biliminin, risk
analizinin iyilestirilmesi, erken uyar1 ve topluluk direncinin gelistirilmesine yonelik
mudahaleleri vurgulayan Sendai Afet Riskini Azaltma Cercevesi (2015-2030) gibi afet
riskini azaltma programlariyla entegre edilmesinin Onemini vurgulamaktadir.
Teknolojik yenilikler ile gergek diinya uygulamalari arasindaki boslugu dolduran bu
arastirma, artan iklim sorunlar1 karsisinda daha giiclii toplumlar ve ekosistemler i¢in
yeni kapilar agmaktadir.

Bu c¢alisma, uydu verilerinden elde edilen arazi kullanim 6zelliklerinin kullaniminin
potansiyelini gosterse de, modelin dogrulugunu artirmak i¢in daha fazla arastirma
yapilmasi gerekmektedir. Onemli alanlar, maksimum sicaklik ve zaman dlgekleri ile
iklim bolgelerinin  simiilasyonundaki sapmalar1 diizeltmek icin arazi Ortiistiniin
parametrelendirilmesinden olugmaktadir. Bolgesel iklim modellerini hidrolojik ve
sosyoekonomik modellerle birlestirmek de sicak dalgalarinin  etkilerini
degerlendirmek i¢in daha eksiksiz bir yontem olacaktir. Ayrica, duyarlilik analizleri
ve topluluk modellemesi ile belirsizlikleri azaltmak hala ¢ok 6nemlidir. Bu gorevler,
iklim modellerinde sicak dalgalarinin temsilini gelistirmek ve siirdiirtilebilir bir
gelecek icin kanita dayali karar vermeyi kolaylastirmak icin bu tezden yararlanabilir.

Belcika vaka c¢alismasinin Otesinde, bu tezden elde edilen metodolojik bilgiler,
tekrarlayan veya yogunlasan sicak dalgalariyla karsi karsiya olan bdolgeler icin daha
genis bir 6neme sahiptir. Uydu verilerinden elde edilen arazi kullanim 6zelliklerinin
bolgesel iklim modeli performansini nasil iyilestirebilecegini gosteren bu arastirma,
diger Avrupa baglamlarinda ve kiiresel olarak uygulanabilecek aktarilabilir bir ¢cergeve
sunmaktadir. Yiiksek ¢oziintirliiklii arazi ylizeyi verilerinin iklim modellemesine
entegre edilmesi, sadece tehlike degerlendirmesini iyilestirmekle kalmaz, ayni
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zamanda Avrupa Yesil Anlagmasi ve uluslararasi afet riski ¢ergeveleri kapsaminda
koordine edilenler gibi sinir 6tesi uyum girisimlerinin temelini de giiclendirir. Bu
nedenle, bu calismanin sonuglar1 akademik ilerlemenin Otesine gegerek, iklim
direncine yonelik pratik stratejilere bilgi saglar ve iklim asiriliklarinin hizlandig: bir
donemde bilimsel yenilikleri acil politika ihtiyaglariyla uyumlu hale getirir.
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1. INTRODUCTION

1.1 Background and Motivation

Heatwaves are among the most intense climate hazards to impact Europe,
with extensive effects on public health, agriculture, energy use, and
infrastructure. The past decades have witnessed the rising frequency,
persistence, and intensity of anthropogenic climatic change-induced
heatwaves (Giorgi & Gutowski, 2015; IPCC, 2021). These heatwaves are
increasingly menacing densely populated cities and densely productive
farming regions like Belgium, worsening pre-existing water resource, crop
yield, and human health vulnerabilities (Caluwaerts et al., 2020). It is
therefore essential to understand and well model heatwave behavior in order
to inform adaptation, enhance climate resilience, and facilitate evidence-

based policy-making.

From a disaster management perspective, heatwaves represent a significant
natural hazard with cascading impacts on ecosystems, economies, and
societies. The Sendai Framework for Disaster Risk Reduction (2015-2030)
emphasizes the importance of understanding and addressing risks posed by
climate-related disasters, including heatwaves, through improved risk
assessments, early warning systems, and community resilience-building
measures (UNDRR, 2015). Accurate simulations of heatwaves play a
pivotal role in this context, as they enable stakeholders to develop targeted
strategies for prevention, preparedness, response, and recovery. For
instance, high-resolution temperature projections can support urban
planning decisions, such as increasing vegetation cover or implementing
cool roofs, to mitigate urban heat island effects and reduce exposure to

extreme heat (Oleson et al., 2015).

Regional Climate Models (RCMs) such as ALARO in conjunction with
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SURFEX land surface scheme are capable of downscaling global climate
data to higher resolution suitable for local scale analysis (Berckmans et al.,
2017; Giot et al., 2014). Simulation of heatwaves by RCMs relies, however,
on their description of land surface processes. A group of most important
parameters such as albedo, Leaf Area Index (LAI), and surface roughness
control the energy, water, and momentum exchanges between the Earth's
surface and atmosphere. These variables directly influence the surface
energy budget, which in turn modulates near-surface temperatures during

extreme heat events (Seneviratne et al., 2010; Napoly et al., 2017).

Despite their importance, most RCMs use static or climatological land
surface conditions that do not properly account for interannual or seasonal
variability of land cover and vegetation. These might create significant
climate simulation biases, especially for heatwaves during those instances
of maximal land-atmosphere interactions (Berckmans et al., 2017; Giot et
al., 2014). To address this gap, recent advancements have explored the
integration of satellite-derived observations—such as those from the
MODIS platform—to update model input parameters (Didan, 2015; Myneni
et al., 2015; Schaaf & Wang, 2015). By combining measured LA, albedo,
and roughness values, models can realistically simulate the dynamic
characteristic of land surface properties and reduce temperature-simulation
uncertainty (Berckmans, 2018; Cui et al., 2023).

Incorporating observed land-use properties into regional climate models not
only enhances the accuracy of heatwave simulations but also supports
disaster management efforts by providing actionable insights for
policymakers and practitioners. For example, improved simulations can
inform agricultural adaptation strategies, such as optimizing irrigation
practices and adjusting planting cycles, to mitigate the impacts of heatwaves
on crop yields (Lobell et al., 2014). Similarly, urban planners can use these
findings to design heat-resilient cities by prioritizing green infrastructure
and reflective surfaces. By bridging the gap between technical modeling
advancements and real-world applications, this study contributes to building
more resilient societies and ecosystems in the face of escalating climate

risks.



1.2 Research Problem and Thesis Context

The fundamental challenge in regional climate modeling is the inadequate
representation of extreme temperature conditions, especially during heat
waves—due to outdated or overly simplified surface parameterizations
(Christensen et al., 2007; Kotlarski et al., 2014). Traditional model settings
are often based on coarse or outdated land surface parameterizations that fail
to reflect the high-resolution temporal and spatial variation of vegetation
and surface characteristics. This may lead to extreme simulated temperature
errors, undermining climate forecast accuracy and hampering effective

decision-making.

This thesis analyzes the impact of land surface parameter updates on
ALARO-Surfex regional climate model performance in simulating
heatwave dynamics across Belgium in July 2018 and July 2019. The study
region comprises Belgium and the surrounding areas, with a concentrated
focus on cropland regions, which are ubiquitous in the terrain and exhibit

distinct thermal responses to alterations in surface characteristics.

This study addresses the problem of inadequate heatwave representation by
examining whether the addition of observed, time-varying land-use
properties—such as LAI, albedo, and roughness—can enhance the
simulation of heatwave events in Belgium. The primary objective of this
study is to ascertain whether the updating of land-use properties improves
the model's ability to simulate heatwave conditions for different land cover
classes. Specifically, we examine how such updates impact temperature
biases (Average temperature, Maximum temperature, Minimum
temperature) during two critical heatwave seasons, July 2018 and July 2019,
and evaluate land cover-specific responses, specifically agricultural

croplands.

The new parameters were derived from satellite data (MODIS) and were
used to overwrite the default land surface properties in the model. We

conducted several experiments with the ALARO-Surfex model driven by
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ERAS reanalysis data, which provides high-resolution initial and lateral
boundary conditions (Hersbach et al., 2020). A comparison was made with
gridded observation-based climate datasets to measure the performance of
the baseline (default) and updated model settings, allowing an overall
evaluation of the improvements within the models. Independent verification
has also been made with high-resolution ground-based weather observations
from ICOS station at Lonzée. This approach allows a detailed assessment of
how observed land surface characteristics affect temperature simulations
during extreme heat events, providing insights into model sensitivity to

surface energy balance processes.

1.3 Objectives

This study investigates the impact of incorporating satellite-derived land-use
features into the ALARO-Surfex model on heatwave simulation over
Belgium. The research objectives are to:
1) Enhance the reliability of regional climate models for disaster
management and adaptation strategies.
2) Evaluate the effect of updating Leaf Area Index (LAI), albedo, and
roughness with satellite-derived information on temperature biases in
the ALARO-Surfex model.
3) Evaluate the influence of these revisions of land-use on average,
maximum, and minimum temperature simulation across heatwave
conditions.
4) To examine the spatial patterns of temperature biases over prevailing
land cover categories, particularly agricultural cropland (Ecoclimap-I
classes 166 and 182).
5) Explain how differences in land surface parameters affect surface

energy fluxes and soil moisture processes.

1.4 Importance of Study

This study contributes to the enhanced understanding of dynamic surface
properties and their influence on the performance of regional climate models

by simulating intense heatwaves. Through the comparison of model behavior



for various years with contrasting heatwave intensity (2018 and 2019) and the
attribution of effects to land cover, the study addresses the substantial
uncertainties involved in heatwave simulation. The findings are of more
direct relevance for improving simulation of land-atmosphere exchange in
climate models to make more precise predictions of the impacts of heatwaves
on cities, agriculture, and public health.

Accurate simulation of heatwave behavior is not only crucial to Belgium but
also of global interest, particularly to densely populated urban areas and
intensely agricultural regions. By reducing the biases of land-use features, this
research aids in laying the groundwork for improved climate resilience and
policy-making choice in city expansion, water planning, and environmentally
friendly agriculture. Furthermore, these advancements support disaster
management frameworks by enhancing the reliability of early warning
systems, risk assessments, and adaptation strategies tailored to heatwave
vulnerabilities.

Lastly, the research lingers on the demand for observational data use of top
quality to promote regional climate forecasting precision within schemes in
climate models. While accurate heatwave simulations are crucial for scientific
understanding, their integration into disaster management frameworks is
equally important for mitigating risks and enhancing resilience. The
following chapter explores heatwaves as a climate-related disaster and
discusses their implications for disaster risk reduction and climate adaptation

strategies

1.5 Structure of The Thesis

The remaining parts of this thesis follow the pattern as below:

Chapter 2 — Disaster Management and Heatwaves : Provides a conceptual
framework for disaster management and positions heatwaves as a climate-
related disaster, highlighting the role of climate models in preparedness.
Chapter 3 — Literature Review: Provides an inclusive review of relevant
literature of regional climate modeling, land surface depiction, and how land
surface renewal influences regional climate simulations.

Chapter 4 — Methodology: Describes study area, sources of data, model



configuration, preprocessing techniques, and analytic methodology used.
Chapter 5 — Results: Displays the model performance, spatial and temporal
bias diagnostics, energy balance diagnostics, and correlation studies.
Chapter 6 — Discussion: Describes the results in terms of model sensitivity
and land surface feedback.

Chapter 7 — Conclusion and Future Work: Summarizes findings and suggests

recommendations for future improvements in regional climate modeling



2. DISASTER MANAGEMENT AND HEATWAVES

2.1 Introduction to Disaster Management

Disaster management consists of a procedure of managing the risks of natural and man-
made hazards. It is typically divided into four stages: prevention, preparedness,
response, and recovery (UNDRR, 2015). Prevention involves measures to reduce or
terminate the causes of disasters, whereas preparedness deals with planning and
capacity development to prevent their effects. Response is the immediate response in
and following a disaster to save lives and reduce suffering, and recovery is the
reconstruction of infrastructure, livelihoods, and communities to pre-disaster levels or
better.

Heatwaves are being increasingly recognized as a significant natural hazard, affecting
human health, agriculture, infrastructure, and energy production (Caluwaerts et al.,
2020; IPCC, 2021). Heatwave duration, intensity, and frequency have grown
exponentially due to anthropogenic climate change and are therefore a significant issue
for disaster management policy (Giorgi & Gutowski, 2015). Accurate prediction of
heat event occurrences is essential in providing early warning systems, emergency
planning, and resource management. For instance, simulations of high-resolution
heatwaves can be employed to inform public health intervention, including setting

cooling centers within urban areas, and farming practices to avoid crop damage.

The use of future-generation regional climate models, such as ALARO-Surfex, in
disaster risk management has the potential to increase greenhouse gas emissions-
driven heatwave projection accuracy. The models allow for high-spatial and temporal
resolution examination of hot-weather extremes, which empowers actors with the
respective information to tailor adaptation and mitigation actions (Seneviratne et al.,
2010). With the enhancement of land-use parameterization, such as Leaf Area Index
(LAI) and albedo, these models become better equipped to accurately represent the



intricate interdependencies between land surface properties and atmospheric processes
and hence become more valuable tools for disaster planning.

2.2 Heatwaves as a Climate-Related Disaster

Heatwaves are not merely extreme weather events but also disasters with cascading
effects that threaten ecosystems, economies, and societies. They are characterized by
prolonged spells of unusually high temperatures, typically with high humidity, which
enhance their impact (Perkins-Kirkpatrick & Lewis, 2020). The impacts of heatwaves
are diverse and range from high mortality rates, particularly among vulnerable
populations such as the elderly and people with underlying medical conditions (WHO,
2023). In addition, heatwaves are enormous agricultural threats in the guise of reducing
crop yields, stressing livestock, and depleting water supplies (Lobell et al., 2011).
Heatwaves also lead to a rise in energy consumption from enhanced air-conditioning
usage, which consequently puts additional pressures on power grids and potential
blackouts (Davis & Gertler, 2015).

At the international level, frameworks such as the Sendai Framework for Disaster Risk
Reduction (2015-2030) demand a more effective understanding and addressing of
climate-related disaster risks, including heatwaves (UNDRR, 2015). The framework
refers to the needs for improved risk analysis, early warning systems, and community
resilience building. At the regional level, initiatives such as the European Climate
Adaptation Platform (Climate-ADAPT) work to enhance preparedness for heatwaves
through the provision of toolkits and policy guidance to policymakers and practitioners
(EEA, 2021). Despite these efforts, significant gaps remain in our ability to anticipate
and mitigate the effects of heatwaves, particularly at the local scales at which their

effects are most keenly felt.

It is essential to comprehend the dynamics of heatwaves to mitigate risks and enhance
resilience. For example, densely populated cities and productive agricultural areas,
such as those in Belgium, are particularly vulnerable to heatwaves due to underlying
problems with water availability, crop yields, and human health (Caluwaerts et al.,

2020). By integrating high-resolution climate modeling into disaster management
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systems, decision-makers are able to prepare for and respond to the cascading effects
of heatwaves, thus reducing their social and economic fallout.

2.3 Role of Regional Climate Models in Disaster Management

Regional climate models (RCMs), such as ALARO-Surfex, play a significant role in
disaster management by providing high-resolution simulations of heatwaves and other
extreme weather events. As opposed to global climate models, which employ coarse
resolutions, RCMs can simulate fine-scale processes, as well as local variations in
temperature, precipitation, and other meteorological variables (Giorgi & Gutowski,
2015). This capability is particularly valuable in assessing heatwave risk in specific
places, such as Belgium, where site-specific features such as land cover, terrain, and

urban heat islands significantly influence temperature extremes.

One of the greatest strengths of RCMs is the fact that they can be run with observed
land-use parameters, e.g., LAI, albedo, and soil moisture. These are necessary in order
to accurately simulate land-atmosphere interactions, which are the ones that determine
the heatwave intensity and duration (Seneviratne et al., 2010). For example, vegetation
cover variability (e.g., reduced LAI) can influence sensible to latent heat flux
partitioning and hence modulate surface temperatures. Similarly, albedo variability
can dictate the magnitude of solar radiation absorption by the Earth's surface and
further condition heatwave processes.

Accurate parameterization of land use is particularly useful for disaster preparedness
because it enables stakeholders to identify where vulnerability is high and direct
interventions there. As an example, simulations conducted using updated land-use data
can help urban planners design heat-resilient cities by optimizing vegetation cover,
surface reflectance, and irrigation schemes (Oleson et al., 2015). In agricultural
regions, such models may inform adaptive measures such as altering planting dates,
cultivating drought-tolerant varieties, and optimizing water use in order to minimize

the impact of heatwaves on crops (Lobell et al., 2011).

Though promising, RCMs have fallen behind in representing heatwaves as accurately
as possible because of various issues such as representation uncertainties of land

surfaces and dynamical modeling techniques (Seneviratne et al., 2010). Overcoming
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these requires further model parameterization improvement and verification against
observation. For example, this study shows how employing satellite-retrieved land-use
properties improves the modeling of two important heatwave events in Belgium and
highlights thereby the importance of realistic representation of the land surface for
disaster management. As such, improving the representation of land surface properties
in RCMs not only promotes scientific understanding but also lays the groundwork for

the application of disaster risk reduction strategies.

2.4 Risk Analysis Frameworks

Risk analysis is a central component of disaster management, providing a structured
process for risk identification, estimation, and prioritization. Heatwave risk may be
conceptualized in terms of three primary components: hazard, exposure, and
vulnerability (IPCC, 2021). Hazard defines the heat extreme event, and exposure
encompasses the population, infrastructure, and ecosystems exposed to the hazard.
Vulnerability takes place through age structures, socioeconomic situations, and

substandard cooling facilities.

Within heatwaves, risk assessment models can be employed to identify populations
and locations that are at greatest risk. For example, urban areas with high levels of
impervious cover, such as asphalt and concrete, are susceptible to the urban heat island
effect, which prolongs the impact of heatwaves (Oleson et al., 2015). Similarly,
agricultural regions may have higher risks from diminished soil moisture and enhanced
evapotranspiration during heatwaves (Seneviratne et al., 2010). High-resolution
climate model results can be incorporated into risk assessment schemes to provide
more accurate and localized estimates of heatwave risks, enabling interventions in

targeted areas.

2.5 Adaptation and Mitigation Strategies

Adaptation and mitigation are central aspects of managing disasters, whose purpose is
to reduce populations' and ecosystems' exposure to heatwaves. Adaptation is reacting
to occurring and predicted impacts of heatwaves, while mitigation seeks to address the

reasons for climate change through reducing the emissions of greenhouse gases.
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Among the promising adaptation measures is the embracing of nature-based solutions,
such as increasing green cover in urban areas to mitigate the urban heat island effect
(Oleson et al., 2015). Vegetation is a canopy provider that also enhances evaporative
cooling, hence reducing surface temperatures and thermal comfort. Similarly, efficient
irrigation in agricultural regions can maintain soil water content, reducing the impact

of heatwaves on agriculture production (Lobell et al., 2011).

Mitigation measures, though, seek to reduce greenhouse gases from policy
interventions, technology, and behavior change. An example is a transition to clean
energy, which reduces the carbon intensity of energy-consuming operations, for
example, air conditioners causing the urban heat island effect (Davis & Gertler, 2015).
International agreements, like the Paris Agreement, also have an important role to play

in coordinating global actions towards climate change adaptation and mitigation.

The value of regional climate models such as ALARO-Surfex in informing adaptation
and mitigation planning has been highlighted by this study. Through the improvement
of heatwave simulation credibility, these models are able to enable evidence-based

decision-making and therefore contribute to more resilient ecosystems and societies.

2.6 Urban Planning and the Effects of Heatwaves

Urban planning is key in mitigating heatwave impacts, particularly in densely
populated urban areas where the urban heat island (UHI) phenomenon increases
temperature extremes. Urban heat island (UHI) effect, meaning higher temperatures
over urbanized spaces compared to the surrounding rural spaces, results from human
activities, reduced vegetation cover, and the high utilization of heat-conductive
materials such as asphalt and concrete (Stewart & Oke, 2012; Redon et al., 2020). With
the growing frequency and intensity of heatwaves due to climate change, integrating

heatwave resilience into city planning is now a necessary requirement.

Integrating green infrastructure in the form of parks, green roofs, and tree-lined
avenues is one of the most critical steps to mitigate heatwave impacts in cities. These
features not only reduce surface and air temperatures through shading and
evapotranspiration but also partake in the quality of urban living overall by cleaning

the air and providing recreational spaces (Oleson et al., 2015). For example, studies
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have determined that increased Leaf Area Index (LAI) values in cities can significantly
reduce surface temperatures, thereby relieving the UHI effect and mitigating the health

hazards due to heat (Caluwaerts et al., 2020).

Another important urban planning aspect is the use of reflective materials, which are
generally referred to as "cool roofs" and "cool pavements." These materials are
specifically designed to maximize surface albedo and reduce solar radiation absorption
by urban structures (Wang et al., 2021). Detailed land cover data, as seen in the case
of Ghent, Belgium, has been important to model the effect of such interventions on
UHI processes (Top, 2018). By the integration of observed land-use features within
regional climate models (RCMs), planners are able to better estimate the possible

returns for these approaches and direct investments accordingly.

Besides physical measures, urban planning must address the social exposure to
heatwaves as well. Low-income communities, older adults, and people with pre-
existing medical conditions are disproportionately affected by heat stress due to
limited availability of cooling centers and access to healthcare (WHO, 2023). Urban
planning systems must therefore incorporate equitable strategies, such as the
establishment of cooling centers in at-risk neighborhoods and promoting energy-
efficient building design.

The integration of dynamic land surface data in RCMs provides a strong potential to
enhance urban planning processes. Studies like Sara Top (2018) have emphasized the
real benefits of using high-resolution simulations to inform heat risk management
policies. For instance, by identifying urban grids with greater sensible heat flux (SHF)
during heatwaves, planners can target those specific areas selectively for intervention,
such as increased vegetation cover or cool roof initiatives. This approach not just
enhances the resilience of urban areas but also advances broader sustainability goals,

such as reducing carbon emissions and safeguarding water resources.

Forward, urban development has to take into account projected changes in land cover,
vegetation patterns, and anthropogenic utilization under different climate change
conditions. This calls for a transdisciplinary effort that combines results from
climatology, urban development, and public health to develop adaptive actions
optimized for local environments. Urban planners can be at the forefront in reducing
the social and economic impacts of heatwaves, thereby producing more sustainable

and resilient cities.
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The next chapter synthesizes recent literature on regional climate modeling and land-
surface coupling, which is the foundation of the technical work of this research.
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3. LITERATURE REVIEW

3.1 Heatwaves, Energy Balance, and Land-Atmosphere Feedback

Heatwaves—defined as prolonged periods of highly elevated temperature relative to
climatological norms—are one of the most important climate extremes to affect
Europe (Perkins-Kirkpatrick & Lewis, 2020). When coupled with droughts, heatwaves
produce compound extremes that can severely strain ecosystems, agriculture, and
human health (Zscheischler et al., 2018). These compound events are characterized by

feedback among high temperatures, deficient rainfall, and dry ground.

The balance of surface energy is key in the onset and intensity of heatwaves. Incoming
shortwave radiation is partitioned into ground heat flux, latent heat flux (LHF),
sensible heat flux (SHF), and longwave radiation. VVegetation dictates this partitioning
by regulating evapotranspiration, surface albedo, and roughness (Seneviratne et al.,
2010; Teuling et al., 2010). During droughts, soil moisture limitations reduce LHF,
which enhances SHF and leads to increased conditions—a concept referred to as soil

moisture-temperature coupling.

These processes must be replicated in climate models by means of physically
meaningful representations of land surface characteristics. Regional Climate Models
(RCMs) are capable of delivering the spatial resolution required to resolve
heterogeneity in vegetation physics, topography, and land cover. Coupled extremes
are however still hard to simulate, especially under future climate projection. State-of-
the-art modeling frameworks currently more and more examine multi-model
ensembles and data assimilation approaches in order to better constrain simulations
(Kornhuber et al., 2019; Seneviratne et al., 2021).

This study builds on earlier studies focused on enhancing RCM heatwave simulations
by including satellite-retrieved observations of those key land surface properties—
albedo, LAI, and roughness—in the ALARO-Surfex model, a widely used high-

resolution RCM for Europe.
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3.2 Regional Climate Modeling and Downscaling

Simulation of regional climate, especially the frequency of extreme events like
heatwaves, has significantly been enhanced with the development of dynamical
downscaling techniques. Dynamical downscaling enables high-resolution simulation
by nesting Regional Climate Models (RCMs) into Global Climate Models (GCMs) or
reanalysis data (Giorgi & Gutowski, 2015; Xue et al., 2014). Such a strategy is required
for the simulation of fine-scale atmospheric processes such as land-atmosphere
coupling and local topography effects, which cannot be resolved by low-resolution
GCMs. Particularly the ALARO model, developed in the ALADIN-HIRLAM
consortium and coupled with the SURFEX surface scheme land surface model, has
been widely used in Europe and Belgium to perform dynamical downscaling analyses
(Berckmans et al., 2017; Termonia et al., 2018). This combined model simulates in
high fidelity the interaction of exchanges of energy, water, and carbon across land
surface and atmosphere, thereby enhancing the realism of regional climate simulation.

The most notable upgrade in boundary condition quality is the use of reanalysis data
such as ERA-Interim (Dee et al., 2011) and its successor ERA5 (Hersbach et al., 2020).
ERADS has higher temporal and spatial resolution than ERA-Interim and incorporates
a broader array of observational data using better data assimilation schemes. It delivers
hourly outputs at a horizontal resolution of approximately 31 km, which enables RCMs
to simulate historic events in a realistic manner. These sorts of "perfect boundary
conditions" are required for studies that aim to isolate model response to actual weather
conditions, as in the present analysis of the July 2018 and 2019 heatwaves over
Belgium.

Large-scale initiatives such as the Coordinated Regional Downscaling Experiment
(CORDEX) and projects like PRUDENCE have resulted in standardized protocols for
regional modeling and model inter-comparison (Christensen et al., 2007). Evaluation
studies, such as Kotlarski et al. (2014) for EURO-CORDEX, demonstrated that while
RCMs in general simulate the seasonal temperature cycle extremely well, systematic
biases remain, for example, in the simulation of precipitation patterns. Such projects
highlight the pressing necessity for continued improvements in model physical

schemes, including surface representations.
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3.3 Land Surface Representation and Land-Atmosphere Feedback

One of the most important sources of uncertainty in regional climate simulations arises
from the representation of land surface processes. Parameters such as albedo, Leaf
Area Index (LAI), surface roughness, and soil moisture availability have large effects
on surface energy fluxes and near-surface temperatures (Seneviratne et al., 2010).
Land-atmosphere interactions are particularly important during heatwaves, where
partitioning between sensible and latent heat flux is critical. For instance, in the 2003
European heatwave, Fischer et al. (2007) found that low soil moisture considerably
amplified near-surface temperatures by enhancing them through feedback processes,
demonstrating that surface properties can profoundly alter the scale of extreme events.

Despite the recognized importance of land surface properties, the majority of RCMs,
including ALARO-Surfex, in the past have relied on static information such as
Ecoclimap-I. While such information is comprehensive, it may not capture the
interannual or seasonal range of surface conditions. As a means of overcoming this
deficiency, satellite-derived dynamic surface parameters, such as those from the
MODIS platform, have been increasingly investigated (e.g., Schaaf et al., 2002; Jin et
al., 2003; Roman et al., 2010). Observational information such as MODIS LAl,
broadband albedo, and NDVI products enables models to mimic actual vegetation
processes, improving simulation of surface energy balances and climate feedback
(Berckmans, 2018).

3.4 Impact of Land Surface Updates on Regional Simulations

Several studies have identified satellite-derived land surface parameter updating—
especially using MODIS LAI and albedo—as a decisive factor in improving regional
climate model performance (Li et al., 2016; Napoly et al., 2017; Wilson et al., 2012).
LAI changes affect evapotranspiration rates and surface cooling, while surface albedo
changes regulate the fraction of absorbed solar radiation, both directly altering surface
energy balance components such as sensible heat, latent heat, and ground heat fluxes
(Wilson et al., 2012; Li et al., 2016). These, in turn, affect the temperature and

humidity simulations.
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Wilson et al. (2012) demonstrated that surface litter and vegetation cover can have a
substantial impact on the partitioning of energy fluxes between sensible and latent heat
and on local climate conditions. Napoly et al. (2017) also demonstrated that improved
soil and canopy parameterizations in the SURFEX model enhanced the simulation of
ground heat fluxes and total energy partitioning. Validation of these land surface
parameters remains demanding, involving high-quality observation data sets, e.g., flux

tower observations and remote sensing products, to undergo rigorous model testing.

Urban settings present unique challenges to climate modeling. Studies by Zsebehazi et
al. (2020) and Zsebehazi & Maho (2021) emphasized the importance of accurate urban
surface representation in SURFEX. Improved urban parameterizations, typically with
the use of urban canopy models (UCMSs), more accurately represent urban heat islands
(UHI) and temperature extremes in cities like Budapest. UCMs play a crucial role in
capturing the distinctive energy and water balance characteristics of cities (Stewart &
Oke, 2012; Redon et al., 2020; Wang et al., 2021). The same has been found in the
case of Ghent, Belgium, where high-resolution land cover data had a substantial effect
on UHI simulations (Caluwaerts et al., 2020; Top, 2018). This recent Beijing study by
Cui et al. (2023) further underscores the character of urban expansion and land cover
change interactions with the dynamics of heatwaves, and the necessity of integrating

observed land-use features into RCM configurations.

3.5 Challenges and Opportunities for Improving Heatwave Simulations

In general, more accurate simulation of heatwaves in RCMs such as ALARO-Surfex
requires both boundary conditions refreshed with newer reanalysis datasets (e.g.,
ERAS5) and dynamically observation-guided updates of land surface parameters.
Satellite product-based observational constraints improve better representation of
significant drivers such as LAI, albedo, and roughness, reducing biases in surface
energy budgets. Furthermore, knowledge of land-atmosphere feedback, e.g., soil
moisture (Seneviratne et al., 2010; Fischer et al., 2007), is central to the realistic

simulation of heatwave persistence and intensity.

Given the growing exposure of European regions to the impacts of heatwaves,

particularly in urban and agricultural land, the addition of dynamic land surface data
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to RCMs is an important step forward. Studies like Sara Top (2018), have shown the

practical benefits of such improvements for urban planning and heat risk management.

In summary, while major progress has been made, the simulation of heatwaves in
regional climate models remains a complex challenge that must be continually refined
by both land surface representation and dynamical modeling techniques. This thesis
contributes to this field of research by thoroughly examining the impact of newly
observed land surface characteristics on the simulation of two major heatwave events

in Belgium.
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4. MATERIALS AND METHODS

4.1 Study Area and Period

This study focuses on Belgium and its surrounding area, spanning the geographic
region of approximately 49.35°N to 52.105°N latitude and 2.0°E to 6.6°E longitude
(Figure 4.1). The model domain was selected so that the regional atmospheric processes
and land processes governing Belgium are included in its entirety, leaving a suitable
buffer region to prevent boundary condition impacts. The experiments were carried
out at 1.5 km horizontal resolution, enabling high-fidelity simulation of fine land cover

structures, topography, and neighborhood-scale land-atmosphere interactions.

Belgium, which is situated in Western Europe, has a temperate maritime climate with
quite mild summers, moderate total annual precipitation, and regular weather
variability due to Atlantic influences. The area is characterized by a diverse landscape
like agricultural croplands, urban areas, and mixed forests, and all of these contribute

differently to surface energy fluxes and heatwave behavior.

The selected study time frame includes two significant heatwaves in July 2018 and
July 2019. These two months witnessed extreme temperature departures, both with
widespread influences on agriculture, public health, and energy supply systems.
During July 2018, it was dominated by a persistent drought and high temperatures,
while record-breaking maximum temperature values were reached in the majority of
Belgian territories during July 2019. These contrasting but extreme occurrences offer
an ideal laboratory for the evaluation of the sensitivity of the ALARO-Surfex model
to new land surface parameters and for assessing the model ability to reproduce

observed heatwave behavior under various climatic conditions.
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Figure 4.1: Study area, the Map taking from mapsofworld.com.

4.1.1 Water bodies in Belgium

Water bodies are a contributing factor in local climate mechanisms due to their high
heat capacity, thermal inertia, and contribution to regional humidity through
evaporation. The Scheldt and the Meuse rivers, reservoirs, canals, and numerous small
lakes are all substantial hydrological features in Belgium that are able to influence
mesoscale atmospheric processes (Batelaan et al., 2003), figure 4.2 shows the water
bodies of Belgium. The presence of such water bodies is generally thought to moderate
temperatures by bringing localized cooling during heatwaves through enhanced latent
heat fluxes (van Heerwaarden et al., 2010). In regional climate models such as
ALARO-Surfex, surface waters are simulated as an extra category of land cover within
Ecoclimap-1 with specific surface energy balance characteristics compared to
vegetated or urban surfaces (Masson et al., 2013).

However, because of the relatively limited geographical coverage of Belgian inland
water bodies compared to arable land and urbanization, their impact would most likely
be localized, with a particular concentration on the microclimate of adjacent grid cells.
Nevertheless, they have to be represented correctly to ensure correct surface—
atmosphere coupling and especially so over densely hydrologically networked regions

such as Flanders.
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Figure 4.2: Water bodies map of Belgium.

4.2 Model Data

Regional climate simulations in the current study were performed using the ALARO-
Surfex model, whose atmospheric scheme is the ALARO atmospheric scheme (default
configuration of the ALADIN system) and SURFEX land surface model. ALARO is
part of the ALADIN-HIRLAM consortium for numerical weather prediction and has
been widely used to perform limited-area climate modeling over Europe (Termonia et
al., 2018). It is especially designed to resolve fine-scale atmospheric processes such as
convection, radiation, and turbulence, hence suitable for high-resolution regional

climate modeling.

SURFEX (Surface Externalisée) is the land surface model coupled with ALARO. It
has been developed by Météo-France along with the ALADIN consortium and is
capable of simulating exchanges of energy, water, carbon, and momentum between
the atmosphere and ground surface (Masson et al., 2013). SURFEX operates on a tiling
scheme that splits the ground surface into four main components: nature, town, inland
water, and sea. Each cell of the grid is a mosaic of such tiles, and each tile is given

specific physical and biophysical characteristics.

Under the nature tile, vegetation is also simulated through 19 Plant Functional Types

(PFTs) with prescribed seasonal profiles for surface albedo, Leaf Area Index (LAI),
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surface roughness, and root depth. These parameters regulate the partitioning of net
radiation into ground heat flux, sensible heat flux (SHF), and latent heat flux (LHF),
and so play a critical role in regulating surface temperature and evapotranspiration.
SURFEX possesses a climatological seasonal cycle for all PFTs in the default case,

which may not capture interannual variability such as vegetation drought stress.

The baseline simulations used the Ecoclimap-I land cover database (Masson et al.,
2003), which provides fractional cover of the 19 PFTs per grid cell at 1 km resolution
over Europe. This static land cover map is used to assign fixed biophysical parameter
values to each tile based on dominant vegetation type and associated seasonal profiles.
In the control configuration of this study, LAI, albedo, and roughness were thus
prescribed using default monthly climatologies defined by Ecoclimap-1 for each

vegetation class.

To isolate the impact of dynamic vegetation properties, experiment configuration was
conducted in which satellite-derived MODIS data were used to update LAI, white- and
black-sky albedo, and roughness for July 2018 and July 2019. These replaced the
default Ecoclimap-I values and allowed the model to reflect observed surface changes

during heatwave events. Figure 4.3 shows the methodology flowchart.

Both model configurations were driven by ERA5S reanalysis data, which provides
hourly atmospheric initial and boundary conditions at 0.25° resolution (Hersbach et
al., 2020). ERA5 combines a broad spectrum of atmospheric observations using an
advanced 4D-Var data assimilation system, and as a result, it is a high-quality data
source to evaluate the responses of regional models to realistic weather conditions.

Simulations began on April 1st for 2018 and 2019, and the first three months (April—
June) were considered a spin-up period. Spin-up is extremely crucial for regional
climate modeling to allow the coupled land-atmosphere system to reach
thermodynamic and hydrologic balance, thereby minimizing the impact of arbitrary
initial conditions. A three-month period is also applied in similar studies and has been
sufficient in achieving balance between the atmosphere and land surface, particularly
in high-resolution models driven with realistic boundary conditions (Giorgi & Mearns,
1999; Lucas-Picher et al., 2013; Rummukainen, 2010).

The decision to start simulations in April was taken so that the model would be able to

simulate the spring replenishment of soil moisture following the winter dormant
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season. This is a critical time to represent the land-atmosphere coupling under
following heatwave conditions in Belgium, where spring soil moisture strongly
controls summer temperature extremes (Hirschi et al., 2018; Seneviratne et al., 2010).
Initiating the simulations in April ensures that the soil and vegetation states are well

stabilized and realistic prior to the assessment period in July.

In baseline configuration, the model operated with default land surface parameters of
the Ecoclimap-I database, which provides climatological fractional cover of vegetation
types. In the updated configuration, the default parameters were replaced with satellite-
retrieved Leaf Area Index (LAI), albedo, and surface roughness. MODIS datasets were
used to obtain new parameters, which were aggregated to monthly means for July 2018
and July 2019 to simulate realistic land surface conditions for the corresponding

heatwave episodes.

The model was constrained with ERA5 reanalysis data, where lateral and initial
boundary conditions were continuously updated for the atmospheric state realism.
Daily sea surface temperature (SST) was also updated to incorporate large-scale
interactions among the atmosphere and the ocean. Model output was regridded to a 5
km resolution using Climate Data Operators (CDO) for spatial compatibility with the
observational climate grid to compare with observational data.

Methodology

Reasearch
Problem

Pre-processing
reprojection, regriding to
5 Km

Data Collection
MODIS LA, Albedo,
Roughness 500 m

Definition

Integration into

ALARD-Surfex Model Simulations
(control vs. (July 2018 & 2019
Ecoclimap-| Experiment models) heatwaves)

database 1 Km

Belgian Climate Grid
5km

ICOS Lonzée station |

Validation
(IcOs Lonzee station)

Analysis ; .
(Temperature, Ener ZETEESE
perature, Energy Conclusions
Balance, Soil Moisture)

Figure 4.3: Methodology flow chart.
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4.3 Satellite-Derived Land Surface Parameters

To improve the representation of land surface processes in the ALARO-Surfex model,
new land-use parameters—including leaf area index (LAI), surface albedo (visible and
near-infrared), and roughness length—were derived from MODIS satellite products
using the Google Earth Engine (GEE) platform (Table 4.1). MODIS data offer high
temporal resolution (8-day composites for LAl and 8-day or 16-day for albedo) and a

native spatial resolution of 500 meters.

Monthly mean values of LAl were computed by averaging the available 8-day
composite images for each month from April to August for the years 2018 and 2019.
Similarly, the surface albedo was calculated as the weighted average of MODIS black-
sky and white-sky albedo in the visible and near-infrared bands, also aggregated to
monthly means. Roughness length was estimated indirectly based on vegetation type
and structure inferred from MODIS vegetation indices.

After downloading monthly composites as GeoTIFFs, the data were preprocessed and
regridded to meet the resolution of the ALARO-Surfex model grid (5 km) through
bilinear interpolation, which provides a smoother representation of subgrid variability.
MODIS's native sinusoidal projection was first reprojected to WGS84 (EPSG:4326)
to meet the model's coordinate system. Then, the spatial resampling was conducted,
and the values were reformatted into ASCII, according to the model's required input

format.

Through ensuring consistent spatial and temporal co-alignment, and through applying
appropriate resampling techniques, we aimed to remove biases introduced during
translation of satellite-derived parameters into model-input. These pre-processed land
surface parameters are now substitutes for the default climatological values used in the
original ALARO-Surfex configuration and allow for more realistic heatwave

mechanism simulations in Belgium.
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Table 4.1: MODIS Data Products Used.

Dataset MODIS Product Description
Blue-Sky MODIS/006/MCD43A3 Surface Albedo (Visible Band) derived
Albedo VIS using black-sky and white-sky albedo in
the visible spectrum.
Blue-Sky MODIS/006/MCD43A3 Surface Albedo (Near-Infrared Band)
Albedo NIR derived using black-sky and white-sky

albedo in the NIR spectrum.
Leaf Area Index MODIS/006/MOD15A3H  Leaf Area Index (8-day LAI composites)
(LAD)

Roughness MODIS/006/MODI13A2  Vegetation Indices (16-day composite, 1
km resolution.

4.3.1 MODIS lai dataset (MODIS/006/MCD15A3H)

The Moderate Resolution Imaging Spectroradiometer (MODIS)
MODIS/006/MCD15A3H product was utilised in order to extract Leaf Area Index
(LAI) data for input into the ALARO-Surfex model. The data set provides global 500
m LAI and Fraction of Photosynthetically Active Radiation (FPAR) 4-day interval

estimates, from an 8-day composite period.

To depict the vegetation conditions over the heatwaves, the data for April through
August of 2018 and 2019 were processed. For every month, all the 8-day LAI
composites available were included in the analysis. The invalid-flagged pixels were
screened out to ensure data reliability. However, explicit filtering using the MODIS

quality assurance (QA) flags was not performed.

Monthly average LAI values were computed as the mean of all 8-day composites
available in each month. This contrasts with the default maximum FPAR compositing
technique in MODIS Collection 6, which prioritizes the highest quality retrievals
(Myneni et al., 2015; Didan, 2015). While this method sacrifices temporal resolution
in order to get improved quality data, it might be capable of smoothing the fast

vegetation variations within heatwaves (Fang et al., 2013; Ma et al., 2024).
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The resulting monthly composites were exported as GeoTIFF and converted to ASCII
format to match the Surfex model input format. These new maps of LAI replace the
prescribed default values in the control simulations, in an effort to more realistically
represent surface processes in the model for heatwave events. Visual inspection bore

witness to the realism of the derived LAI fields (Figure 4.2).

Table 4.2: Monthly spatial averages, minimum, and maximum values of MODIS LAI
(MCD15A3H) over Belgium for April-July of 2018 and 2019. April-June are spin-up

months, July is the simulation month.

Date Average Value Minimum Value = Maximum Value
2018-04 1.415 0.071 6.071
2018-05 2413 0.1 6.562
2018-06 2.161 0.087 6.562
2018-07 1.769 0.1 6.542
2019-04 1.619 0.085 6.585
2019-05 1.869 0.087 6.437
2019-06 2.324 0.075 6.637
2019-07 1.759 0.1 6.614
a) b)

Map of LAl from LAI_Monthly_2018_7.txt Map of LAI from LAI_Monthly_2019_7.txt

Figure 4. 4: a) Leaf Area Index dataset distribution monthly average 2018 July and
b) Leaf Area Index dataset distribution monthly average 2019 July
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4.3.2 MODIS albedo dataset (MODIS/006/MCD43A3)

Albedo, as a surface reflectivity parameter, plays a key role in the energy balance of
Earth. Albedo data was obtained from MODIS/006/MCD43A3. It provides Black-sky
albedo and white-sky albedo bands across different ranges of spectral measures such
as VIS and NIR wavelengths. Similar to LAI data, the region of interest (ROI) was set
to encompass Belgium and its environment, and the time of interest was April-August
for 2018 and 2019 (Tables 4.3 and 4.4).

Surface albedo, or the fraction of reflected solar to incident solar radiation, is a simple
surface energy balance parameter with significant influences on atmospheric processes
and near-surface temperature (Ma et al., 2024; Andres-Anaya et al., 2024). In regional
climate models such as ALARO-Surfex, the accurate modeling of albedo is essential
to reproduce the surface-atmosphere energy exchanges and to simulate temperature

extremes such as heatwaves (Napoly et al., 2017; Berckmans et al., 2017).

The total surface albedo under actual sky conditions—referred to as blue-sky albedo—
is influenced by both the directional reflectance properties of the surface and the
angular distribution of incoming solar radiation. This radiation consists of direct beam
and diffuses skylight components. Accordingly, blue-sky albedo (a_bs) can be
expressed as a weighted average of black-sky albedo (a_bsa) and white-sky albedo

(a_wsa), using the equation:
abs(A) = (1 = fdiff) - absa(A) + fdif f - awsa(A) (4.2)

where fdif f represents the diffuse skylight fraction and A denotes the spectral band

(visible or near-infrared).

Black-sky albedo (directional-hemispherical reflectance) is for exclusively direct solar
illumination at the given solar zenith angle, and white-sky albedo (bi-hemispherical
reflectance) is for albedo under completely diffuse illumination. Both are provided by
the MODIS BRDF/Albedo product (MCD43A3), which uses a kernel-driven BRDF
model in order to determine spectrally resolved albedo estimates (Schaaf et al., 2002;
Jinetal., 2003).

Although fdif f varies dynamically with aerosol optical depth, cloud cover, and solar
geometry (Roman et al., 2010), this study applies a fixed diffuse fraction of 0.15—

reflecting typical summer sky conditions in Belgium, where direct sunlight dominates
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with intermittent diffuse radiation. This corresponds to a white-sky weight of
0.15 and black-sky weight of 0.85. The broadband blue-sky albedo in the ALARO-

Surfex simulations was therefore calculated for every spectral band as:

Blue — Sky Albedo (VIS)

= 0.85 X Black — Sky Albedo (VIS) + 0.15 x White — Sky Albedo (VIS) (4.2)
Blue — Sky Albedo (NIR)

= 0.85 X Black — Sky Albedo (NIR) + 0.15 x White — Sky Albedo (NIR) (4.3)

The Blue-Sky Albedo for VIS and NIR for each month was exported separately as
GeoTIFF files to further analyze. Visualization of the data are shown in figures 4.3
and 4.4.

This approach offers a practical balance between computational simplicity and
physical realism for the heatwave-focused simulations in this study. While more
dynamic aerosol- or time-specific weightings could further improve accuracy, the
adopted scheme is consistent with methods used in similar land surface and remote
sensing studies (Roman et al., 2010; Ma et al., 2024). Future work may consider
applying location-specific diffuse fractions using available atmospheric radiation
products to refine this parameterization.

a) b)

Map of BlueSky_NIR from BlueSky_Albedo_NIR_2019_7.txt

Map of BlueSky_NIR from BlueSky_Albedo_NIR_2018_7.txt
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Figure 4.5: a) BlueSky NIR dataset distribution monthly average 2018 July and
b) BlueSky Albedo NIR dataset distribution monthly average 2019 _ July.
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Table 4.3: Monthly spatial mean, minimum, and maximum blue-sky albedo values in
the near-infrared (NIR) band, derived from MODIS MCD43A3 over Belgium for
April-July of 2018 and 2019. April-June are spin-up months, July is the simulation

month.
Date Average Value Minimum Value Maximum Value
2018-04 0.199 0.01 0.427
2018-05 0.213 0.01 0.405
2018-06 0.207 0.01 0.371
2018-07 0.202 0.01 0.378
2019-04 0.209 0.01 0.46
2019-05 0.209 0.01 0.419
2019-06 0.207 0.01 0.382
2019-07 0.203 0.01 0.399

Table 4.4: Monthly spatial mean, minimum, and maximum blue-sky albedo values in
the near-infrared (VIS) band, derived from MODIS MCD43A3 over Belgium for
April-July of 2018 and 2019. April-June are spin-up months, July is the simulation
month.

Date Average Value Minimum Value Maximum Value
2018-04 0.047 0.01 0.171
2018-05 0.045 0.01 0.181
2018-06 0.041 0.01 0.179
2018-07 0.05 0.01 0.175
2019-04 0.047 0.01 0.215
2019-05 0.043 0.01 0.306
2019-06 0.041 0.01 0.174
2019-07 0.048 0.01 0.174
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a) b)

Map of BlueSky_VIS from BlueSky_Albedo_VIS_2019_7.txt

Map of BlueSky_VIS from BlueSky_Albedo_VIS_2018_7.txt

Figure 4.6: a) BlueSky Albedo VIS dataset distribution monthly average 2018 July
and b) BlueSky Albedo VIS dataset distribution monthly average 2019 July.

4.3.3 MODIS NDVI dataset (MODIS/006/MOD13A2)

The Normalized Difference Vegetation Index (NDVI) is an index most commonly
used to measure vegetation health, density, and greenness. It is a reflectance in the red

and near-infrared (NIR) bands and can be calculated as:
NDVI = (NIR — RED) / (NIR + RED) (4.4)

NDVI values are between -1 and 1, with greater values representing healthier and
denser vegetation. For this research, the MODIS/006/MOD13A2 data product was
utilized to retrieve NDVI composites for a 16-day period. The initial data storage
NDVI as scaled integers (x10,000) to preserve precision; we therefore normalized
values by dividing by 10,000 to gain actual NDVI values, as documented in the
MODIS VI User Guide (Didan, 2015) and within LP DAAC documentation (NASA
LP DAAC, 2023).

NDVI was used here as a vegetation structure surrogate, to provide an estimate of
spatial variability in surface roughness length. While NDVI is not aerodynamic
roughness (zo) itself, it has previously been used as an estimator of relative surface
roughness in other research when there are no high-resolution land surface data
available (e.g., Ma et al., 2024).The rationale is that denser, taller vegetation typically

corresponds to higher NDVI and greater aerodynamic resistance.
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For each month from April to August in 2018 and 2019, NDVI data over Belgium and

surrounding regions were averaged and resampled to the model domain (Table 4.5).

The processed monthly roughness proxy layers were exported as GeoTIFF and ASCII

files and subsequently used to update the roughness length parameter in the modified

ALARO-Surfex simulations. Visualizations of these processed NDVI-derived layers

are presented in figure 4.5.

Table 4.5: Monthly spatial statistics of NDVI-derived surface roughness proxy over

Belgium for April-July in 2018 and 2019. Values represent average, minimum, and

maximum proxy roughness lengths (unitless) estimated from MODIS MOD13A2

NDVI. April-June were spin-up months; July was used for the heatwave simulations.

Date Average Value = Minimum Value Maximum Value
2018-04 0.645 0.01 0.905
2018-05 0.701 0.01 0.93
2018-06 0.676 0.01 0.931
2018-07 0.574 0.01 0.91
2019-04 0.667 0.01 0.91
2019-05 0.698 0.01 0.917
2019-06 0.706 0.01 0.92
2019-07 0.612 0.01 0.915
a) b)

Map of Roughness from Roughness_Monthly_2018_7.txt

Map of Roughness from Roughness_Monthly 2019 _7.txt

Figure 4.7: a) Roughness dataset distribution of July monthly average 2018 and b) Roughness
dataset distribution of July monthly average 2019.
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4.4 Land Cover Data

Land cover data were obtained from the Ecoclimap-I database, which provides global
land surface classification at a spatial resolution of 1 km (figure 4.6). Ecoclimap-1 is
used within the SURFEX model to assign land surface parameter values for 19 plant
functional types (PFTs), each with fixed seasonal cycles of LAI, albedo, and
roughness length. For this study, two dominant vegetation types over Belgium were
selected: type 166 (Temperate Crops) and type 182 (Temperate Pastures), based on
the SURFEX land cover classification (SURFEX documentation, 2024).

The decision to focus on pasture and cropland was driven by their extensive coverage
across the Belgian landscape and their known sensitivity to heat and drought
extremes. Both land cover types possess distinct phenological and biophysical
responses to climate stressors (Seneviratne et al., 2010) that make them well-suited
to be used to examine the implications of dynamic Land Surface Parameter updates.
Their thermal response throughout the 2018 and 2019 heatwaves also exhibited

varying temperature responses in initial analyses.

To assess land cover-specific temperature biases, spatial masks were developed for
each land cover type. These masks were applied to both model outputs and gridded
observational datasets to isolate areas dominated by each type (figure 4.7). This
approach enabled a more targeted comparison between the control configuration
(default SURFEX parameters from Ecoclimap-1) and the experiment configuration
(updated LA, albedo, and roughness from MODIS). The spatial masks facilitated
quantification of how land surface updates affected heatwave simulation

performance across different vegetation regimes.
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I Cover 1:Sea and ocean (14152)
W Cover 2:Inland waters (657)
I Cover 3:Rivers (620)
W Cover 4:Bare land (144)
Cover 151:Dense urban (2191)
Cover 153:Temperate sub-urban (9752)
Cover 155:Industries and commercial areas (1490)
Cover 156:Road and rail netwarks (172)
Cover 157:Port facilities (206)
Cover 158:Airport (219)

[0 Cover 159:Mineral extraction, construction sites (610)
0 Cover 160:Urban parks (136)
I Cover 161:Sport facilities (519)
Cover 166:Temperate crops (33122)
Cover 180:Temperate fruit trees (308)
B Cover 182:Temperate pastures (15111)
Cover 180:Temperate complex cultivation pat. (18762)
Cover 193:Craps and woodland (3586)
Cover 203:Temperate broad-leaved forest (4193)
[ Cover 211:Temperate coniferous forest (4173)

I Cover 218:Mountain mixed forest (4631)

B Cover 221:Atlantic coast GR (109)

Cover 228:Mountain moors & heath lands (446)

Cover 235:Temperate woodland (207)
I Cover 236:5parsely vegetated areas (2)
Cover 238:Temperate wetlands (264)

Cover 240:Peat bags (79)
! Cover 241:5alines and salt marshes (46)
Cover 242:Intertidal flats (12)

W Cover 243:Coastal lagoons (2)

Figure 4.8: ECOCLIMAP-I Land Cove classes for the study area.

-,

650 4

645 1,

640

¥ [m]

635

625

ck

1esDominant Regions for COVERLEE (>50%)

v

T T T T T T T
—150008100006-50000 © 50000 10000015000

x[m]

100

095

090

085

[=]
o
=

=
i
wn

070

065

Percentage

655 4
6.50 4

£.45 {

635 4
6.30 4

i
£.25 14"

1= Dominant Regions for COVER182 (>50%)

o T

L b

T T T
—150008100000-50000

0
®[m]

T R —
50000 100000 150000

Figure 4.9: Dominant Regions for Land Cover Type 166 and 182 (>50%)

35

100

0as

020

&S

(=]

=]

(=}
Percentage

=
=~
w

0To

065




4.5 Observational Data

To evaluate the performance of the ALARO-Surfex model configurations, we used
two independent observational datasets: the Belgian Climate Grid and in-situ
measurements from the Integrated Carbon Observation System (ICOS) station at

Lonzée.

The Belgian Climate Grid is a high-resolution gridded observational dataset produced
by the Royal Meteorological Institute of Belgium (RMI), originally described in Smet
et al. (2012). It provides hourly values of average temperature (TEMP_AVG),
maximum temperature (TEMP_MAX), and minimum temperature (TEMP_MIN) at a
spatial resolution of 5 km, covering the territory of Belgium. The dataset is constructed
by spatial interpolation of observations from an extensive network of automatic and
synoptic weather stations operated by RMI and spans multiple decades (Figure 3.8).
In this study, gridded temperature data from April to July of 2018 and 2019 were used
to evaluate surface temperature outputs from both the control configuration and the

experiment configuration of the ALARO-Surfex simulations.

Additionally, we employed local-scale data from the ICOS station at Lonzée, part of
the Integrated Carbon Observation System (ICOS), a European research infrastructure
that provides high-precision, long-term greenhouse gas and meteorological
measurements (ICOS RI, 2023), (Figure 4.9). The Lonzée site is a Class-1 eddy
covariance flux tower, located in a mixed cropland region, and is equipped with
sensors that record air temperature, humidity, radiation, wind, and CO. fluxes. The
station provides hourly data, which were aggregated to daily averages to match the
model output. This local dataset was used to complement the gridded evaluation and
assess the model’s ability to reproduce the observed surface energy balance dynamics

at a representative agricultural site.
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4.6 Statistical analysis and bias assessment

Several statistical techniques were employed in the research to evaluate the
performance of the model, as well as the impact of the new land surface properties.
4.6.1 Mean absolute error (MAE)

Mean Absolute Error (MAE) was employed to estimate the average size of the model

simulation-observation errors. It gives an estimate of the general accuracy of the

model, without regard to the direction of the errors.
MAE = (1/n) * X |Yi — Xi| (4.5)
where:
e nisthe number of data points
e Yiis the model-simulated temperature.

o Xi is the observed temperature.

4.6.2 Mean absolute bias (MAB)

The Mean Absolute Bias (MAB) was used to quantify the systematic bias of the model

runs. It informs us whether the model overestimates or underestimates the temperature.
MAB = (1/n) * 2 (Yi — Xi) (4.6)
where:
e nisthe number of data points
e Yiisthe model-simulated temperature.

o Xi is the observed temperature.

4.6.3 Albedo, LAI and Temperature change analysis

To investigate the interaction between temperature responses and surface property
alterations during heatwaves, we conducted spatial regression analysis. We quantified,

in specific terms, the extent to which changes in albedo and Leaf Area Index (LAI)
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from experiment and control conditions were associated with changes in the surface
temperature variables TEMP_AVG, TEMP_MAX, and TEMP_MIN.

The July 2018 and July 2019 comparisons were performed pixel by pixel across all
cropland grid cells defined as class 166 or class 182. For each pixel, the LAI difference
and albedo difference (ALAI, Aalbedo) were calculated as:

AAlbedo = Albedo(experimental) - Albedo(control) 4.7)
ALAI = LAI (experimental) - LAI (control) (4.8)

Similarly, changes in temperature were computed for each variable:

ATEMP AVG = TEMP_AVG (experimental) - TEMP_AVG(control) (4.9)
ATEMP MAX = TEMP_MAX (experimental) - TEMP_MAX(control) (4.10)
ATEMP_MIN = TEMP_MIN (experimental) - TEMP_MIN(control) (4.11)

This regression approach allowed us to evaluate whether the observed surface
parameter updates (from MODIS) explain systematic differences in modeled

temperature behavior during heatwaves.

4.6.4 Surface energy balance analysis

The components of the surface energy balance, including shortwaves radiation, net
radiation, sensible heat flux, and latent heat flux, were analyzed to see how the new
land-use characteristics affected the energy fluxes at the ground surface. Old (control
simulation) model and new (experiment simulation) model setups comparisons were

calculated and compared spatially and statistically.

4.6.5 Soil moisture analysis

Soil moisture variations at 1 cm and 10 cm depths were analyzed to ascertain the
impact of the new land-use characteristics on soil moisture dynamics. Differences in
soil moisture between the old (control) and new (experiment) model configurations

were calculated and compared.

4.6.6 ICOS data validation
To evaluate the performance of the ALARO-Surfex model locally, model outputs were
compared with ICOS ecosystem station data in Lonzée, Belgium. The station provides

continuous high-resolution eddy covariance measurements of meteorological and
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surface energy balance parameters. It is classified as a Class 1 site in the European
ICOS network and is located in an agricultural region representative of cropland-type

surfaces.

Model near-surface temperature simulations were validated for TEMP_AVG,
TEMP_MAX, and TEMP_MIN. Mean Absolute Error (MAE) and Mean Absolute
Bias (MAB) for control and experiment runs were calculated in order to quantify
systematic difference from the observed. These measurements provided a sense of the
ability of the model to simulate day-to-day temperature variation under conditions of

extreme heat.
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5. RESULTS

5.1 Overview of Simulation Performance

The ALARO-Surfex model was applied to examine the impact of observed, spatially
variable land-use parameters on heatwave simulations for July 2018 and 2019 over
Belgium. The control setup based on default land surface properties from the
Ecoclimap-1 dataset and the experiment setup with satellite-derived parameters for
albedo, Leaf Area Index (LAI), and roughness length were compared. The key goal
was to see whether the new parameters had an added advantage on the capacity of the
model in simulating the most relevant temperature indices—mean (TEMP_AVG),
highest (TEMP_MAX), and lowest (TEMP_MIN) temperatures—across the different

land cover classes as well as for the entire domain.

At the domain level, results showed distinct patterns in performance differences
between the new and former model settings. The setup of the new model demonstrated
better simulation of TEMP_MIN and biases were reduced significantly over all
regions. Mean Absolute Bias (MAB) for TEMP_MIN decreased by about -1.67°C
during 2018 and -1.23°C during 2019.

However, the new parameters initiated an increase in the biases for daytime warming
(TEMP_MAX). MAB for TEMP_MAX declined by +0.74°C for 2018 and +0.67°C
for 2019, meaning that the new configuration was not able to recover large daytime
temperatures during heatwaves very well. This is more severe where crop type 166
had constrained areas because they suffered reduced LAI and greater soil drying

enhanced sensible heat fluxes to cause daytime warming stronger.

Performance of the mean temperature (TEMP_AVG) was also mixed. While the new
configuration of the model was better in some places, particularly over the central area
of Belgium, global biases varied little from those in the original configuration. That
suggests that offsetting effects of improved nighttime cooling and increased daytime

warming partially nullified each other when averaged diurnally.
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One of the dominant characteristics of the simulation output was variability in spatial
model bias. Regions with dense vegetation cover were generally better impacted by
the enhanced parameters, showing lower bias in both TEMP_AVG and TEMP_MIN
(Table 5.1 and 5.3). In cases of sparse vegetation cover and arid conditions, the models

had higher bias in TEMP_MAJX; indicating land surface sensitivity for the model.

These findings emphasize the complexity of land-atmosphere interaction processes
during heatwave events. While the updated land-use parameters improved some
aspects of the simulation, they also introduced additional complexity in reproducing
extreme daytime temperatures. The subsequent sections examine these findings in
greater detail, exploring the role played by albedo, LAI, soil moisture, and surface

energy fluxes in driving the observed biases.

5.2 Temperature Performance Evaluation
5.2.1 TEMP_AVG (Average Temperature)

5.2.1.1 Overall model performance

In 2018, the new model shows a notable improvement over the old model, with MAE
decreasing from 2.04°C to 1.74°C and MAB from 1.62°C to 1.24°C, indicating
improved accuracy. In 2019, the improvements are smaller but still present (MAE
reduced from 1.63°C to 1.56°C, MAB from 1.49°C to 1.40°C), showing marginal
improvement. The Mean Absolute Error (MAE) and Mean Absolute Bias (MAB) for
TEMP_AVG for the old model (control) and the new model (experiment)
configurations are presented in table 5.1. Visual confirmation of these trends is
presented in figures 5.1 and 5.2.

5.2.1.2 Model performance by land cover
Cropland 166

For land cover type 166, the updated parameters improved the simulation of average
temperature in both years. In 2018, the MAE decreased from 1.97 °C in the old model
(control) to 1.67 °C in the new model (experiment), and the MAB decreased from 1.58
°C to 1.30 °C. In 2019, the MAE decreased from 1.49 °C to 1.43 °C, and the MAB
decreased from 1.33 °C to 1.26 °C.
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Cropland 182

Similarly, for land cover type 182, the updated parameters improved the simulation of
average temperature. In 2018, the MAE decreased from 2.08 °C in the old model
(control) to 1.71 °C in the new model (experiment), and the MAB decreased from 1.38
°C to 0.81 °C. Notably, the reduction in MAB for land cover 182 in 2018 was
substantial. In 2019, the MAE decreased from 1.67 °C to 1.60 °C, and the MAB
decreased from 1.53 °C to 1.40 °C.

The new parameterizations (LAI, albedo, and roughness) lead to consistent
improvements in TEMP_AVG across all land covers, especially in 2018. The more
substantial performance gain in 2018 may be linked to more extreme heatwave events

during that year, where model updates had greater impact.

Table 5.1: Mean Absolute Error (MAE) and Mean Absolute Bias (MAB) for average
temperature (TEMP_AVG) in the ALARO-Surfex model for 2018 and 2019. The table
compares the performance of the old model (control), and the new model (experiment)
Values are presented for the overall model domain as well as for two dominant
cropland types: cropland 166 (temperate crops) and cropland 182 (temperate pastures).

Year Land Cover Model MAE (°C) MAB (°C)
2018 Old Model 2.04 1.62
2018 New Model 1.74 1.24
2018 166 Old Model 1.97 1.58
2018 166 New Model 1.67 1.3
2018 182 Old Model 2.08 1.38
2018 182 New Model 1.71 0.81
2019 Old Model 1.63 1.49
2019 New Model 1.56 1.4
2019 166 Old Model 1.49 1.33
2019 166 New Model 1.43 1.26
2019 182 Old Model 1.67 1.53
2019 182 New Model 1.6 1.4
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Figure 5.1: Domain-average Temperatures Time series for the Heatwave 2018.

Observed and Modeled Temperatures for Heatwave (TEMP_AVG July 2019)

325 Models & Observations
—e— Observed Temperature
3p.0{ ~®- Old Model

New Model

Temperature (°C)
ISt
0

Figure 5.2: Domain-average Temperatures Time series for the Heatwave 2019.

5.2.2 TEMP_MAX (Maximum Temperature)
5.2.2.1 Overall model performance

Contrary to TEMP_AVG, the new model worsens TEMP_MAX simulations. In 2018,
MAE increases from 1.79°C to 2.07°C, and MAB shifts from a modest overestimation
(0.22°C) to a substantial one (1.16°C) indicating a significant worsening of daytime
heating biases. A similar trend is observed in 2019, with MAE increasing from 1.83°C
to 2.23°C, and MAB from 0.51°C to 1.52°C, further exacerbating daytime warming
biases. The Mean Absolute Error (MAE) and Mean Absolute Bias (MAB) for
TEMP_MAX for the old model (control) and the new model (experiment)
configurations are presented in table 5.2, and figures 5.3 and 5.4 provide visual
confirmation of these trends.

44



5.2.2.2 Model performance by land cover
Cropland 166

For land cover type 166, the simulation of maximum temperature worsened with the
updated parameters, consistent with the overall model performance. In 2018, the MAE
increased from 1.81 °C in the old model (control) to 2.11 °C in the new model
(experiment), and the MAB increased from 0.30 °C to 1.37 °C. In 2019, the MAE
increased from 1.60 °C to 2.07 °C, and the MAB increased from 0.43 °C to 1.46 °C.

Cropland 182

For land cover type 182, the MAE showed a slight increase in 2018 (from 1.99 °C to
2.04 °C) but a substantial increase in MAB (from -0.22 °C to 0.63 °C). In 2019, the
MAE increased from 2.01 °C to 2.23 °C, and the MAB increased from 0.33 °C to 1.32
°C.

Table 5.2: Mean Absolute Error (MAE) and Mean Absolute Bias (MAB) for average
temperature (TEMP_MAX) in the ALARO-Surfex model for 2018 and 2019. The table
compares the performance of the old model (control), and the new model (experiment)
Values are presented for the overall model domain as well as for two dominant
cropland types: cropland 166 (temperate crops) and cropland 182 (temperate pastures).

Year Land Cover Model MAE (°C) MAB (°C)
2018 0Old Model 1.79 0.22
2018 New Model 2.07 1.16
2018 166 0Old Model 1.81 0.3
2018 166 New Model 2.11 1.37
2018 182 0Old Model 1.99 -0.22
2018 182 New Model 2.04 0.63
2019 0Old Model 1.83 0.51
2019 New Model 2.23 1.52
2019 166 0Old Model 1.6 0.43
2019 166 New Model 2.07 1.46
2019 182 0Old Model 2.01 0.33
2019 182 New Model 2.23 1.32
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Figure 5.3: Maximum Temperatures Time series for the Heatwave 2018.
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Figure 5.4: Maximum Temperatures Time series for the Heatwave 2019.
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5.2.3 TEMP_MIN (Minimum Temperature)

5.2.3.1 Overall model performance

The new model significantly improves TEMP_MIN simulations. In 2018, MAE is
reduced from 2.52°C to 1.54°C, and MAB from 2.27°C to 0.33°C. In 2019, MAE drops
from 2.21°C to 1.41°C, and MAB from 2.10°C to 0.74°C. The Mean Absolute Error
(MAE) and Mean Absolute Bias (MAB) for TEMP_MIN for the old model (control)
and the new model (experiment) configurations are presented table 5.3, and figures 5.5

and 5.6 provide visual confirmation of these trends.

5.2.3.2 Model performance by land cover

Cropland 166

For land cover type 166, the updated parameters significantly improved the simulation
of minimum temperature. In 2018, the MAE decreased from 2.33 °C in the old model
(control) to 1.48 °C in the new model (experiment), and the MAB decreased from 2.10
°C to0 0.28 °C. In 2019, the MAE decreased from 2.03 °C to 1.40 °C, and the MAB
decreased from 1.81 °C to 0.50 °C.

Cropland 182

For land cover type 182, the simulation of minimum temperature also improved with
the updated parameters. In 2018, the MAE decreased from 2.50 °C in the old model
(control) to 1.55 °C in the new model (experiment), and the MAB decreased from 2.04
°C to -0.39 °C. The change in MAB from a positive to a negative value indicates a
shift from overestimation to underestimation of minimum temperature for this land
cover type. In 2019, the MAE decreased from 2.28 °C to 1.35 °C, and the MAB
decreased from 2.22 °C to 0.63 °C.
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Table 5.3: Mean Absolute Error (MAE) and Mean Absolute Bias (MAB) for average
temperature (TEMP_MIN) in the ALARO-Surfex model for 2018 and 2019. The table
compares the performance of the old model (control), and the new model (experiment)
Values are presented for the overall model domain as well as for two dominant
cropland types: cropland 166 (temperate crops) and cropland 182 (temperate pastures).

Year Land Cover Model MAE (°C) MAB (°C)
2018 Old Model 2.52 2.27
2018 New Model 1.54 0.33
2018 166 Old Model 2.33 2.1
2018 166 New Model 1.48 0.28
2018 182 Old Model 2.5 2.04
2018 182 New Model 1.55 -0.39
2019 Old Model 2.21 2.1
2019 New Model 1.41 0.74
2019 166 Old Model 2.03 1.81
2019 166 New Model 1.4 0.5
2019 182 Old Model 2.28 2.22
2019 182 New Model 1.35 0.63
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Figure 5.5: Minimum Temperatures Time series for the Heatwave 2018.
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Figure 5.6: Minimum Temperatures Time series for the Heatwave 2019.

5.4 Model Validation Using ICOS Lonzée

To assess the performance of the model beyond the gridded domain analysis, an
independent validation was conducted using observational data from the ICOS station
at Lonzeée for the month of July in 2018 and 2019. The validation focuses on comparing
the performance of the old model (control) and the new model (experiment)
configurations for three temperature metrics: Average Temperature (TEMP_AVG),
Maximum Temperature (TEMP_MAX), and Minimum Temperature (TEMP_MIN).
The validation was quantified using two standard metrics: Mean Absolute Error

(MAE) and Mean Absolute Bias (MAB). The results are summarized in tables (5.4 to
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5.4.1 Interpretation of results for TEMP_AVG

For 2018, the new model (experiment) performs slightly better in MAE (2.11 °C vs.
2.15 °C) but performs worse in MAB (1.80 °C vs. 1.64 °C), which suggests an increase
in systematic bias even though overall error is reduced. For 2019, both MAE and MAB
are slightly worse with the new model, showing poorer performance. These results are
opposite to the domain-wide test in which the new model consistently improved
TEMP_AVG simulation. It would mean either that local circumstances at Lonzée
could be non-representative of the larger model area, or that site-specific influences
prevail. Figure 5.7 and 5.8 (Temperature Validation Against ICOS Lonzée Station —
Daily Average Temperature) illustrates the time evolution of TEMP_AVG.

Table 5.4: Validation Results for TEMP AVG - ICOS Lonzée Station.

Year Model MAE (°C) MAB (°C)
2018 Old Model 2.15 1.64
2018 New Model 2.11 1.8
2019 Old Model 22 2.09
2019 New Model 2.33 2.21

Temperature Validation Against ICOS Lonzée Station (July 2018) - Daily Average Temperature
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Figure 5.7: Temperature Validation Against ICOS Lonzée Station — Daily Average
Temperature 2018.
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Temperature Validation Against ICOS Lonzée Station (July 2019) - Daily Average Temperature
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Figure 5.8: Temperature Validation Against [COS Lonzée Station — Daily Average
Temperature 2019.

5.4.2 Interpretation of results for TEMP_MAX

For maximum temperature, the validation clearly indicates performance deterioration
with the new model (experiment) for both years. For 2018, MAE increased from 2.35
°C t0 3.38 °C, and the MAB doubled, from 1.59 °C to 3.21 °C. This trend also occurred
in 2019. These results support previous findings of the spatial bias analysis and
confirm a systematic overestimation of maximum temperatures using the new model
(experiment). This would mean that the new land surface parameters, most notably
reduced albedo and LAI, most likely augmented the model's heat uptake and sensible
heat flux and led to overheating during the day. Figure 5.9 and 5.10 (Temperature
Validation with ICOS Lonzée Station — Daily MAX Temperature) shows the extreme
daytime warming biases of the new model (experiment).

Table 5.5: Validation Results for TEMP_MAX - ICOS Lonzée Station.

Year Model MAE (°C) MAB (°C)
2018 Old Model 2.35 1.59
2018 New Model 3.38 3.21
2019 Old Model 2.21 1.52
2019 New Model 3.16 2.83
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Temperature Validation Against ICOS Lonzée Station (July 2018) - Daily MAX Temperature
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Figure 5.9: Temperature Validation Against ICOS Lonzée Station —
Daily MAX Temperature 2018.
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Figure 5.10: Temperature Validation Against ICOS Lonzée Station —
Daily MAX Temperature 2019.

5.4.3 Interpretation of results for TEMP_ MIN

In contrast, minimum temperature performance was significantly improved by the new
model (experiment). Both MAE and MAB decreased in both years. For instance, in
2018, MAE decreased from 2.28 °C to 1.77 °C, and MAB decreased significantly from
1.68 °C to 0.41 °C. This improvement is attributed to enhanced soil moisture

dynamics, LAI-driven evapotranspiration, and increased night surface cooling
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processes in the new model (experiment) configuration. These results are totally in line
with the domain-scale bias assessment, supporting the increased capture of nighttime
temperature variability by the model. Figure 5.11 and 5.12 (Temperature Validation
Against ICOS Lonzée Station — Daily MIN Temperature) shows that nighttime cooling
processes were accurately represented by the new model, particularly during 2018.
Differences did remain in 2019, which implies existing biases in evapotranspiration or
soil moisture processes.

Table 5.6: Validation Results for TEMP_MIN - ICOS Lonzée Station.

Year Model MAE (°C) MAB (°C)
2018 Old Model 2.28 1.68
2018 New Model 1.77 0.41
2019 Old Model 2.59 2.57
2019 New Model 1.91 1.67

Temperature Validation Against ICOS Lonzée Station (July 2018) - Daily MIN Temperature
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Figure 5.11: Temperature Validation Against ICOS Lonzée Station — Daily MIN
Temperature 2018.
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Temperature Validation Against ICOS Lonzee Station (July 2019) - Daily MIN Temperature
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Figure 5.12: Temperature Validation Against ICOS Lonzée Station — Daily MIN
Temperature 2019.

5.5 Albedo, LAI, and Temperature Relationships

This subsection presents the comparison of the differences in albedo and Leaf Area
Index (LAI) changes under the old model (control) and the new model (experiment)
configurations, and their relationship with changes in mean, maximum, and minimum
temperatures. These relationships are necessary to interpret the implications of new
land-use properties for the simulation of heatwave conditions by the model.

Table 5.7 summarizes the differences in albedo, LAI, and temperature (TEMP_AVG,
TEMP_MAX, TEMP_MIN) between the new (experiment) and old model (control)
configurations for the overall model domain and for land cover types 166 and 182, for
both 2018 and 2019. Spatial patterns of temperature differences are illustrated from
figure 5.13 through figure 5.15.
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Table 5.7: Summary of differences between variables of Albedo, LAI and

Temperatures.
Variable Difference Year Overall Model  Land Cover 166 Land Cover 182
Albedo 2018 -0.019 -0.024 -0.012
Albedo 2019 -0.004 -0.012 0.016
LAI 2018 -1.582 -1.601 -1.833
LAI 2019 -1.022 -0.824 -1.878
Temperature (AVG) 2018 -0.391 -0.267 -0.577
Temperature (AVQ) 2019 -0.211 -0.152 -0.184
Temperature (MAX) 2018 0.742 1.086 0.809
Temperature (MAX) 2019 0.67 0.887 0.798
Temperature (MIN) 2018 -1.673 -1.709 -2.307
Temperature (MIN) 2019 -1.227 -1.296 -1.487
a) b)
Temperature Difference 2018 (New Model - Old Model) I” Temperature Difference_2019 (New Model - Old Model) Izo
15 . o s
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Figure 5.13: a) Average temperature difference July 2018 and b) Average temperature difference
July 2019
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Figure 5.14: a) Maximum temperature difference 2018 for July and b) Maximum temperature
difference 2019 for July.
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Figure 5.15: a) Minimum temperature difference 2018 for July and b) Minimum temperature
difference 2019 for July.

5.5.1 Albedo-Temperature dynamics

Albedo, the fraction of solar radiation reflected by the surface, showed an overall
decrease in 2018 (-0.019) and a smaller decline in 2019 (-0.004). These reductions
suggest that more shortwave radiation was absorbed at the surface, likely contributing
to daytime heating. This effect was especially evident for land cover 166, where albedo
dropped significantly in both years (-0.024 in 2018 and -0.012 in 2019). Conversely,
land cover 182 experienced a modest albedo decline in 2018 (-0.012), followed by an
increase in 2019 (+0.016), reflecting year-to-year surface changes (Table 5.7).

Despite these reductions in reflectivity, the new model (experiment) results showed
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cooling in average temperature (TEMP_AVG): -0.391 °C in 2018 and -0.2112 °C in
2019 (Table 5.7). This pattern suggests that albedo alone does not fully explain the
thermal response, especially since decreases in albedo would typically be expected to
increase surface temperatures. The decoupling between albedo and TEMP_AVG
implies that other processes (e.g., soil moisture retention, evaporative cooling, or
changes in vegetation cover) may have compensated for the increased solar energy

absorption.

In terms of maximum temperature (TEMP_MAX), however, the expected relationship
between lower albedo and daytime warming was more evident. In 2018, TEMP_MAX
increased by +0.7427 °C overall, with larger increases for land cover 166 (+1.086 °C)
and 182 (+0.809 °C). In 2019, TEMP_MAX also increased across all land covers,
though slightly less than 2018. The increase in daytime temperatures, especially for
land cover 166 which experienced the sharpest albedo decline, supports the hypothesis
that reduced albedo contributed to amplified surface heating during peak hours.

5.5.2 LAI-Temperature interactions

The Leaf Area Index (LAI), representing the amount of leaf surface area per unit
ground area, also decreased notably in the new model (experiment). These reductions
were consistent throughout both years, with a domain-wide drop of -1.58 in 2018 and
-1.02 in 2019. The decreases were particularly pronounced for land cover 182 (-1.83
in 2018, -1.87 in 2019), while land cover 166 experienced slightly smaller LAI

reductions.

Reductions in LAI may reduce shading and evapotranspiration, two key mechanisms
for surface cooling, especially during the daytime. This shift could have contributed to
the observed increase in TEMP_MAX in the experiment simulation compared to the
control. However, when examined alongside the significant decrease in minimum
temperatures (TEMP_MIN), it becomes clear that LAI changes influenced both
daytime and nighttime thermal behavior. For instance, the reduction in LAI did not
prevent substantial nighttime cooling: TEMP_MIN decreased by -1.67 °C in 2018 and
-1.22 °C in 2019. The drop was most significant for land cover 182 in the year 2018 (-
2.3074 °C). The extreme temperature decrease for land cover 182 in 2018 is reasonable

keeping in mind its maximum LAI decrease of -1.8336 in the year 2018, indicating a
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maximum decrease in density of vegetation and, hence, canopy insulation. Though
LAI decline for land cover 182 was also as large in 2019 (-1.8786), the smaller marked
TEMP_MIN decline (-1.4876 °C) from 2018 is attributed to inter-annual variability of
energy partitioning. Specifically, the sensible heat flux decline for land cover 182 was
smaller in 2019 (9.0767 W/m?) compared to 2018 (13.6599 W/m?), indicating less
transport of heat away from the surface and thus less nocturnal cooling intensity (Table
5.8). It can be attributed that the 2018-2019 disparity is caused by interannual
vegetation fluctuation and differing intensities of drought, with spring 2018 being

significantly drier.

5.5.3 Combined effects and spatial variability

Jointly, the simultaneous decrease in both albedo and LAI appears to have opposite
effects on temperature extremes. In the daytime, decreased albedo and LAI decrease
reflection and transpiration and therefore may have increased TEMP_MAX. At night,

reduced LAI allows more radiative cooling and therefore lower TEMP_MIN.

The same result is also supported by the spatial differentiation between cropland types.
Land cover 182, which had higher increases in albedo and more significant decreases
in LAI in 2019, had smaller increases in TEMP_MAX but also less significant
decreases in TEMP_MIN, compared to land cover 166.

These results highlight the nonlinear, complex interactions between land surface
processes and temperature dynamics, particularly during heatwaves. Neither the
magnitude nor the direction of temperature changes can be attributed to a single factor
but instead are the outcome of interacting processes like radiation balance, vegetation

structure, and soil moisture processes.

5.6 Surface Energy Balance Analysis

Surface energy balance is of utmost significance in the management of land—
atmosphere interactions, specifically under extreme heat conditions. Alterations in
land surface properties—albedo, LAI, and roughness—govern the partitioning of
surface energy directly. This section explores the impact of these updates through
intercomparisons of old (control) and new (experiment) model simulations to the
major components of energy balance: shortwave radiation, net radiation, sensible heat
flux, and latent heat flux, by land cover classes of both for the whole domain and
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cropland-specific classes (166 and 182). The following table 4.8 presents a summary
of the differences among the components of surface energy balance between old model
(control) and the new model (experiment) configurations for the entire model domain

and for land cover classes 166 and 182 for years 2018 and 2019.

Table 5.8: Differences in Surface Energy Balance Components between Experiment
and Control Simulations for July 2018 and July 2019. The values represent the change
in simulated energy fluxes (in W/m?) when using updated MODIS-derived parameters
(experiment) compared to the default Ecoclimap-I values (control) in the ALARO-
Surfex model. Results are shown for the full domain (no land cover mask) and for
regions dominated by Ecoclimap-I land cover types 166 and 182. Positive values
indicate an increase in the experiment relative to the control.

Variable_ Difference Year Overall Land Cover Land Cover
Model 166 182
Shortwave absorbed (W/m?) 2018 2.26 2.08 -0.33
Shortwave absorbed (W/m?) 2019 1.28 3.39 -2.57
Shortwave radiation down 2018 -4.79 -6.05 -4.67
(W/m?)
Shortwave radiation_down 2019 0.35 0.02 2.25
(W/m?)
Shortwave radiation_up 2018 -5.75 -7.57 -4.03
(W/m?)
Shortwave radiation_up 2019 -1.01 -3.03 4.77
(W/m?)
Net Radiation (W/m?) 2018 5.12 6.65 5.06
Net Radiation (W/m?) 2019 0.58 2.19 -8.68
Sensible Heat flux (W/m?) 2018 13.14 21.65 13.66
Sensible Heat flux (W/m?) 2019 10.34 16.84 9.07
Latent Heat flux (W/m?) 2018 -8.20 -14.27 -7.69
Latent Heat flux (W/m?) 2019 -11.04 -15.31 -18.52
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5.6.1 Shortwave radiation balance
5.6.1.1 Shortwave radiation absorbed

For both years, the new surface parameters induced changes in shortwave radiation
absorption that compare well with the observed albedo differences. Since surface
albedo is directly regulating the fraction of incoming solar radiation that is returned to
the atmosphere, smaller albedo means increased absorption of shortwave radiation,

and vice versa.

In 2018, the simulation of the experiment showed an increase in absorbed shortwave
radiation over the domain (+2.26 W/m2) and for land cover type 166 (+2.08 W/m2),
Both are in line with the significant reduction in albedo for cropland 166 (—0.024) as
shown in table 5.8, and it is implied that the updated parameters reduced surface
reflectivity and increased absorption of solar energy. In contrast, for land cover type
182, the shortwave radiation absorbed reduced by a small amount (—0.33 W/m?2) and
is in line with smaller albedo reduction (—0.012) as showing in table 4.7, representing

more cautious surface reflectivity behavior.

During 2019, absorbed shortwave radiation over domains increased by +1.28 W/m?
with increased positive change over land cover 166 (+3.39 W/m?) and a considerable
decrease over land cover 182 (—2.57 W/m?). Such variable behavior again indicates
alterations in surface albedo: there was a moderate reduction (—0.012) in cropland 166,
while albedo over land cover 182 increased (+0.016), meaning that more solar

radiation is reflected and less is absorbed.

5.6.1.2 Shortwave radiation downward

For 2018, the experiment simulation showed a systematic decrease in downward
shortwave radiation for the control setup over the simulation, by —4.79 W/m? at the
domain level, and similarly larger values over land cover 166 (—6.05 W/m?) and 182
(—4.67 W/m?). Though of modest amplitude, these reductions signal for possible
indirect land surface-altered feedback mechanisms like enhanced surface warming that
stabilizes the atmosphere or minimal boundary layer evolution changes that could

impact cloud production and radiation transport.
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In 2019, heterogeneities decreased. There was a small increase of +0.35 W/m? at the
domain scale with very negligible variation by type 166 (+0.02 W/m?) and a slightly
higher gain over type 182 (+2.25 W/m?2). These small variations can be an indicator of
interactions between changed land surface properties and locally prevailing
atmospheric conditions. Although the physical settings of the model were not modified
in terms of radiative forcing, the novel biophysical parameters (e.g., albedo, LAI,
roughness) may alter cloud cover and radiative transfer indirectly by modifying land-

atmosphere coupling processes.

5.6.1.3 Shortwave radiation upward

For 2018, the updated land surface parameters resulted in a net decline in upward
shortwave radiation throughout the domain (-5.75 W/m2) primarily over land cover
category 166 (-7.57 W/m?). This reduction is a direct consequence of the reduction in
surface albedo described above, because reducing albedo leads to reduced reflectance
and, consequently, reduced outgoing shortwave radiation. The decline was smaller in

land cover category 182 (-4.03 W/m?2), which is less severe albedo loss for this class.

In 2019, the overall model still displayed a loss of upward shortwave radiation (-1.01
W/m?), with land cover type 166 still decreasing (-3.03 W/m?), consistent with its
continued albedo decline. In contrast, land cover 182 also showed a distinct
enhancement of upward shortwave radiation (+4.77 W/m?), which is in very good
agreement with the observed increase in albedo of this land cover type in 2019. These
observations reflect the direct and intimate relationship between surface albedo and
surface albedo-aspect related reflected shortwave radiation in the surface energy

balance.

5.6.1.4 Net radiation

Net radiation, the net of incoming and outgoing radiation, generally increased in 2018
for the whole model (5.12 W/m?) and for each of the land cover categories (166: 6.65
W/imz, 182: 5.06 W/m2). It is largely because of the decrease in upward shortwave

radiation due to lower albedo.

In 2019, the net radiation overall increased slightly (0.58 W/m?), and land cover type
166 increased as well (2.19 W/m?). Land cover type 182 decreased greatly in net

radiation (-8.68 W/m?), showing the complex interaction of changes in shortwave and
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longwave radiation for this land cover type.

5.6.2 Sensible heat flux

Sensible heat flux, or the exchange of heat between the ground surface and the
atmosphere, rose dramatically with the revised parameters during both years,

compared to the control simulation.

During the year 2018, the sensible heat flux increased by 13.14 W/mz2, noticeably in
land cover type 166 (21.65 W/m?2) and land cover type 182 (13.66 W/m?). In 2019,
sensible heat flux increased by 10.34 W/m? with increases for land cover category 166
(16.85 W/m?2) and land cover category 182 (9.07 W/m?). Sensible heat flux increase
suggests further energy was emitted as heat into the atmosphere, which likely

contributed to the increase in the highest temperatures outlined in the last section.
5.6.3 Latent heat flux

Latent heat flux, which is the transfer of heat through evapotranspiration, decreased
with the updated parameters in both years. A reduction in latent heat flux often signals
drier surface conditions and contributes to warming. In 2018, the overall latent heat
flux decreased by -8.2 W/m?2, with decreases for land cover type 166 (-14.27 W/m?)
and land cover type 182 (-7.69 W/m?2).

During 2019, the overall latent heat flux decreased by -11.04 W/m2 with land cover
type 166 and land cover type 182 reductions by -15.31 W/m? and -18.52 W/m?,
respectively. Decrease in latent heat flux indicates diminishing evapotranspiration that
is likely related to LAI decline resulting in a decline in vegetation cover and

transpiration.

5.6.4 Energy budget component analysis

To further visualize the impact of the updated land-use parameters on the surface
energy balance for monthly averages (July 2018 and 2019), figure 5.16, illustrates the
differences (New Model (experiment) - Old Model (control)) in key energy budget
components for the overall model domain during the heatwave periods of 2018 and
2019.
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Energy Budget Component Differences (New Model - Old Model)
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Figure 5.16: Different numbering from previous Energy Budget Component.

As shown in figure 5.16, shortwave radiation components have varied differently in
terms of patterns. Downward shortwave radiation (SW_down) increased slightly
during 2019 (approximately 0.3 W/m?) in the experiment compared to the control but,
contrary to this, decreased very sharply during 2018 (approximately -4.8 W/m2).
Upward shortwave radiation (SW_up) decreased in both years but decreased more
sharply during 2018 (approximately -5.8 W/m?) than 2019 (approximately -1.0 W/m?2).
The absorbed shortwave radiation (SW_absorbed), one of the important factors for
surface warming, showed an increase in both years (about 2.3 W/m? in 2018 and 1.3
W/mz2 in 2019), consistent with the overall decrease of albedo from the new model

configuration.

Net radiation, the balance between incoming and outgoing radiation, also increased in
the two years (by approximately 5.1 W/m2in 2018 and 0.6 W/m2in 2019). The increase

means that the surface took in more net energy with the new land-use parameters.

Partitioning of this net radiation into different energy fluxes at the surface suggests
extreme changes. Sensible heat flux, the heat that was transferred to the atmosphere,
went up importantly in both the years (about 13.2 W/m?2 in 2018 and 10.3 W/mZ in
2019). This rise implies that more of the net energy was being used to heat the air near

the surface in the new model configuration.

Conversely, latent heat flux, that is, energy used for evapotranspiration, showed a
decrease in both years (by about -8.2 W/m2 for 2018 and -11.1 W/m?2 for 2019). This
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fall in latent heat flux suggests a decrease in rates of evapotranspiration within the new
model, which might be due to the decreased values of LAI brought about by the new

parameters of land-use.

The cancelling changes in sensible and latent heat fluxes are significant in
understanding the impact on surface temperatures. Increased sensible heat flux likely
contributed to increased maximum temperatures in the new model simulation and

decreased latent heat flux implies decreased evaporative cooling from the surface.

5.7 Soil Moisture Analysis

Soil moisture plays a critical role in land-atmosphere interactions by influencing
evapotranspiration, surface energy fluxes, and ultimately near-surface air
temperatures. To assess the impact of updated land surface parameters in the new
model (experiment), differences in soil moisture at two depths—1 cm (surface) and 10
cm (subsurface)—were analyzed for July 2018 and July 2019, across the entire domain

and for two dominant cropland land cover types (Ecoclimapl-1 classes 166 and 182).

The following table 5.9 summarizes the differences in soil moisture (New Model

(experiment) - Old Model (control)) at 1 cm and 10 cm depths.

Table 5.9: Comparison variables differences result for the soil moisture.

Variable Difference Year Overall Land Cover Land Cover
Model 166 182

Soil Moisture (1 cm) 2018 -0.0021 -0.0088 0.0011
(m*/m?)

Soil Moisture (1 cm) 2019 -0.0048 -0.0126 -0.003
(m*/m?)

Soil Moisture (10 cm) 2018 0.0043 0.0037 0.0002
(m*/m?)

Soil Moisture (10 cm) 2019 0.0012 -0.0009 -0.0024
(m?*/m?)
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5.7.1 Surface soil moisture (1 cm Depth)

In 2018, the total change in 1 cm depth soil moisture from previous to current models
was a marginal decline by -0.0021 m3/m3. Land cover type 166 decreased even more
by -0.0088 m3/m3, and land cover type 182 increased by 0.0011 m3/m3. In 2019, decline
in soil moisture at 1 cm depth was larger overall (-0.0048 m3/m3). Land cover type 166
again had the highest reduction (-0.0126 m3/mg3), and land cover type 182 also
decreased (-0.003 m3/mg3). These trends suggest that LAI declines were the dominant
factor in controlling surface soil moisture trends, particularly at 1 cm depth.
Transpiration and shading reductions increase surface drying and sensible heat flux by
reducing it. This effect is more pronounced at shallow depths like 1 cm, where soil
moisture responds highly to short-term meteorological conditions and

evapotranspiration rates.

Figure 5.17 illustrates the temporal evolution of soil moisture at 1 cm and 10 cm depths
for the overall model domain during July 2018. The shaded areas represent the
difference between the old model (control) and the new model (experiment) model
configurations. At the 1 cm depth, the new model generally shows slightly lower soil
moisture content throughout the month compared to the old model. Figure 5.18 shows
the same for July 2019. Similar to 2018, the new model tends to simulate lower soil
moisture at 1 cm depth for most of the heatwave period in 2019. The magnitude of the
difference varies over time, suggesting a dynamic response to the evolving

meteorological conditions and land surface interactions.

Soil Moisture Changes Between Old and New Models (July 2018)
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Figure 5.17: Temporal evolution of soil moisture at 1 cm and 10 cm
depths for 2018.
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Soil Moisture Changes Between Old and New Models (july 2019)
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Figure 5.18: Temporal evolution of soil moisture at 1 cm and 10 cm
depths for 2019.

These trends are visually confirmed in figure 5.19, which depict time series of soil
moisture changes at 1 cm depth for July 2018 and 2019. In both years, the new model
(experiment) consistently simulated lower shallow soil moisture compared to the old
model (control). This drying effect contributed to reduced evapotranspiration and
exacerbated daytime heating biases (TEMP_MAX).
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Figure 5.19: a) Soil moisture (1 cm) (m?*/m?) difference_2018 July and b) Soil moisture (1 cm)
(m3/m?) difference 2019 July.
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a)

5.7.2 Subsurface soil moisture (10 cm Depth)

At the 10 cm depth, the changes in soil moisture between the two model configurations
show a different pattern. In 2018, the overall change was a slight increase by 0.0043
m3/m3. Land cover type 166 also saw a slight increase (0.0037 m3/m3), whereas land
cover type 182 saw an extremely slight change (0.0002 m3/m3). In 2019, the overall
change at 10 cm depth was a slight increase (0.0012 m3/m3). However, land cover type
166 reduced a little bit (-0.0009 m3/m?3), and land cover type 182 reduced too (-0.0024

m3/m3),

Referring back to figures 5.17 and 5.18, variations at the 10 cm depth are generally
less pronounced than at the 1 cm depth. At this depth, the new model in 2018 simulates
somewhat greater soil moisture for most of the month, indicating that deeper soil layers
retained more moisture despite surface drying. This suggests that the updated land-use
parameters may have improved the representation of soil moisture dynamics at deeper
layers, particularly during heatwave conditions. For 2019, the 10 cm depth variation is
less regular in sign and magnitude throughout the month. This variability may result
from more dynamic precipitation and atmospheric conditions that year or possibly due

to differences in initial soil moisture and vegetation activity early in the season.

Soil moisture variations in spatial patterns at depth 10 cm are illustrated in figure 5.20.
The figure illustrate that increased deeper soil moisture holding was greater in central
Belgium in 2018. However, in 2019, local drying trends occurred, as an indication of

interannual changes in soil water patterns.
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Figure 5.20: a) Soil moisture (10 cm) (m?*/m?) difference 2018 July and b) Soil moisture (10 cm)

(m?*/m?) difference 2019 July.
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6. DISCUSSION

This study analyzed the impact of incorporating observed land-use properties in the
ALARO-Surfex model on heatwave simulation in Belgium in July 2018 and 2019. The
result highlights the complex relationship between land surface parameters (LAI,
albedo, roughness), surface energy balance components (sensible heat flux, latent heat
flux, net radiation), soil moisture status, and their combined influences on temperature
processes during heatwaves. The assessment verifies that revision of land-use
parameters has significant implications for model performance, with significant

improvements in some areas and unexpected degradations in others.

6.1 Impact of Land-Use Updates on Temperature Biases
6.1.1 Improvements in average temperatures (TEMP_AVG)

The new model demonstrated a significant improvement in the simulation of mean
temperatures (TEMP_AVG), particularly in reducing random as well as systematic
errors. Domain-average Mean Absolute Error (MAE) decreased from 2.04 °C in 2018
to 1.74 °C, while Mean Absolute Bias (MAB) improved from 1.62 °C to 1.24 °C.
Similar, but less extreme, decreases were observed in 2019. All of these are evidence
that the updated land-use parameterization is a better reflection of the overall thermal

conditions during heatwaves.

The faster advance in 2018 over 2019 can be ascribed in part to differences in the
nature of the two heatwaves. While 2018 was marked by protracted dryness and
intense solar radiation, the 2019 heatwave was shorter in duration but more intense in
maximum temperature (van der Wiel et al., 2020). This would have caused differences
in the sensitivity of the surface energy balance to variations in land surface properties.
At heatwave conditions, accurate simulation of vegetation cover (LAI) and surface
reflectance (albedo) is required for accurate partitioning of the energy fluxes into
sensible and latent heat. The new parameters, derived from satellite observations, must
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have been assisting in simulating these processes realistically, highlighting the
significance of realistic land surface description at heatwaves. Minor variations in
surface qualities can create enormous imbalances in thermal dynamics, especially

under conditions of extremity.

These upgrades were particularly robust in land cover types dominated by agriculture
(166 and 182). This highlights the importance of incorporating observed land-use
properties into regional climate models, especially over agricultural areas, which are
relatively dynamic and prone to abrupt alterations by human activity such as irrigation
and crop rotation. Previous studies have shown that regions of crops are under-sampled
in climate models due to heterogeneity and sensitivity to short-term change (e.g.,
Seneviratne et al., 2010). Our findings align with this literature and emphasize the need

for more detailed and dynamic parameterization of crop regions.

6.1.2 Degradation in maximum temperatures (TEMP_MAX)

Although average temperatures improved, TEMP_MAX performance worsened in
2018 and 2019, particularly over cropland pixels. MAE worsened from 1.79 °C to
2.07°C in 2018, with a shift in Mean Absolute Bias from 0.22°C to 1.16 °C—a

consistent overestimation of daytime highs.

This decline is likely linked to surface energy partitioning shifts. Reduced albedo in
croplands (—0.024 in 2018 for class 166) resulted in higher shortwave absorption. In
combination with reduced LAI (—1.60), which lowered evaporative cooling, the model
simulated increased sensible heat flux (+21.65 W/m? for class 166) and reduced latent
heat flux (-14.27 W/m?). These findings agree with Wilson et al. (2012), where they
demonstrated that reduced vegetation and increased solar absorption can contribute to

increased daytime temperatures.

This overestimaiton suggests that while realism is added by observed land-use inputs,
they can also compound errors unless they are coupled with adaptive surface resistance
or irrigation schemes. The severe heatwave conditions in both years—especially 2019,

further stress-test the model's capacity to simulate extremes.
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6.1.3 Improvements in minimum temperatures (TEMP_MIN)

In contrast to the performance for TEMP_MAX, the new model significantly enhanced
its simulation of nighttime minimum temperatures (TEMP_MIN). In 2018, domain-
average MAE decreased from 2.52 °C to 1.54 °C, and MAB dropped from 2.27 °C to
0.33 °C. Similar upgrades were observed in 2019. These results suggest that the new
model better captures nocturnal land-atmosphere coupling processes, which are
essential to accurately estimate the effects of heat stress. Some parameters most likely
accounted for the upgrades, the improved simulation of soil moisture in the new model,
particularly at the deeper layers (SM_3, +0.0043 m3/m3 in 2018 for crop type 166),
most likely increased soil heat capacity. This allows the soil to store more daytime heat
and release it more slowly during the night, moderating nighttime cooling and
improving TEMP_MIN simulations. Besides, correlation analysis showed a moderate
positive correlation between TEMP_MIN and 10 cm depth soil moisture (SM_3),
which supports this explanation. These findings refer to the enhanced ability of the
new model to capture nocturnal cooling procedures that are of crucial relevance to the
assessment of heatwave impacts on vulnerable individuals. Previous studies
emphasized the role of nighttime temperatures to enhance heat stress, particularly for

elderly and urban populations (e.g., Fischer & Schar, 2010).

6.2 Surface Energy Balance Response to Land Surface Updates

The updated land surface characteristics induced substantial alterations in the surface

energy balance, as evidenced by significant changes in radiative and turbulent fluxes.

6.2.1 Albedo and shortwave radiation absorption

Satellite-retrieved albedo values input produced a reduction in surface reflectivity,
primarily in 2018 (-0.019), that led to an enhancement in absorbed shortwave radiation
(+2.26 W/m?). This negative relationship is strong and forms a fundamental part of the
land surface energy budget (Wilson et al., 2012; Li et al., 2016). However, the thermal

response to albedo perturbation was not uniformly warming across the domain.

Although the diminution in albedo typically translates to more solar energy absorption

and subsequently more surface warming, the observed changes in temperature,
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especially TEMP_MIN, were less apparent. In other cases, minimum temperatures
declined despite higher energy absorption, which suggests a buffer by other variables
such as evapotranspiration and available soil moisture. These results highlight the
complexity of land-atmosphere interactions, where the feedback to a single variable
like albedo is buffered by coupling with vegetation and hydrology (Seneviratne et al.,
2010).

Surprisingly, in 2019 albedo increased above type 182 land cover and decreased above
type 166. Although the two opposite trends occurred, temperature biases still existed
in the two cases, particularly for TEMP_MAX. This indicates that albedo alone cannot
account for the observed thermal changes. Instead, the effect of meteorological
conditions such as cloud cover, radiation regimes, and phenology of vegetation comes

into play in regulating the net available energy at the surface (Ma et al., 2024).

6.2.2 Sensible and latent heat flux

The partitioning of net radiation into sensible and latent heat fluxes differed greatly in
the new simulations. The 2018 simulation had a +13.14 W/m?2 increase in sensible heat
flux, indicating more energy was being transferred into the atmosphere as heat. This
likely contributed to the daytime temperature (TEMP_MAX) overprediction,
especially in cropland areas where reduced LAI and drier soils diminished evaporative

cooling.

The contribution of soil moisture constraints in augmenting SHF cannot be overstated.
Soil moisture at 1 cm depth (SM_1) reduced by -0.0021 m3/m?3 during the 2018
heatwave, which intensified the latent-to-sensible heat flux transition. This is
consistent with studies by Fischer et al. (2007), where they concluded that soil moisture
deficits experienced during heatwaves enhance surface warming through reduced
evaporative cooling. For cropland 166, where soils are loamy with intermediate water-
holding capacities, the combined low LAI and high soil moisture led to +21.65 W/m?
SHF increases further exacerbating TEMP_MAX biases. In contrast, at the opposite
extreme, for cropland 182, with higher clay content and deeper root zones, there was
enhanced retention of moisture (+0.0011 m3/m3) that dampened SHF increases to
+13.66 W/m2. This identifies the influence of vegetation cover type and soil texture in
modulating land-atmosphere feedback during heatwaves.
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Simultaneously, latent heat flux decreased by -8.20 W/m2, indicating less energy used
by evapotranspiration processes. This decline can partially be attributed to lower LAI
values, which reduce canopy transpiration, and by restricted soil moisture availability
during heatwave periods. These findings agree with previous research showing that
lower vegetation cover and dry soils have the consequence of elevating sensible heat
fluxes, thereby enhancing surface warming (Fischer et al., 2007; Li et al., 2016).

Soil moisture also controls this partitioning by imposing a boundary condition on the
energy availability. Surface soils dry rapidly under heatwaves, suppressing latent heat

flux and increasing the proportion of energy to sensible heating.

The observed increases in sensible heat flux and reductions in latent heat flux highlight
the critical role of land surface properties in modulating near-surface temperatures.
These findings underscore the importance of accurate land-use parameterization for
developing heatwave mitigation strategies, such as urban cooling initiatives and

irrigation planning.

6.3 Impact of Land Surface Updates on Cropland Types 166 and 182

It exhibited various responses to new land surface parameters between the two
predominant cropland classes in Belgium: Ecoclimap-l classes 182 (temperate
pastures) and 166 (temperate crops). They express alterations in crop phenology,
farming management practices, and soil properties governing land-atmosphere

interaction during heatwaves.

6.3.1 Definitions and characteristics of cropland types

Cropland 166 (Temperate Crops), which typically includes annual crops such as
wheat, barley, and maize, which are intensively tilled with alternating planting and
harvesting seasons. These crops have shallow rooting depths (0.5-1.5 m) and are also
subject to soil water stress, particularly in flowering and grain-filling stages (Faggian,
2015). The soils in such a location are loamy with moderate water retention capacity.
While cropland 182 (Temperate Pastures), the land cover type comprises perennial
pastures and mixed forage crops, less intensively managed and with deeper root
systems (1-2 m depth). Pastures possess higher leaf area index (LAI) during the

summer as a result of growth throughout the year, enhancing evapotranspiration and
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soil water storage (Seneviratne et al., 2010). The soils are rich in clay, which has higher
water-holding capacity compared to cropland 166.

6.3.2 Mechanistic explanations for observed differences

6.3.2.1 Albedo and energy partitioning

166 Cropland had a larger albedo reduction (-0.024 in 2018) compared to Cropland
182 (-0.012), leading to higher absorption of shortwave radiation and solar heating
during daytime (Table 9). This is in agreement with studies by Wilson et al. (2012),
who found that bare soil exposure after harvest in annual crops lowers albedo and
increases sensible heat flux. Cropland (182) had higher cover levels, which minimized

the fluctuations in albedo.

6.3.2.2 LAI and evaporative cooling

The reduction in LAl was more pronounced in cropland 182 (-1.83 in 2018), while this
class showed better nighttime cooling (TEMP_MIN reduced by -2.31°C) due to higher
residual soil moisture (SM_1: +0.0011 m3/m3) and latent heat flux (LHF: -7.70 W/m2),
This suggests that deeper-rooted pasture sustained evapotranspiration longer during
drought periods, as also found by Hirschi et al. (2011). 166 Cropland, having lower
LAI and soil water, experienced increased daytime warming (TEMP_MAX increased

by +1.09°C) due to reduced shading and evaporative cooling.

6.3.2.3 Soil moisture dynamics

The 10 cm cropland 166 soil layer contained slightly more water (+0.0037 m3/mg3) in
2018, perhaps due to reduced evapotranspiration from the preceding crop senescence.
This was not sufficient to negate day heating as shallow-rooted crops could not access
deeper soil reserves. Cropland (182) utilized deeper soil water, buffering temperature

extremes (Table 11).

6.3.3 Crop-Specific responses to heat and drought

The overestimation of maximum temperatures (TEMP_MAX) in cropland 166 aligns
with findings by Li et al. (2016), which highlight how heatwaves amplify temperature

biases in regions characterized by low Leaf Area Index (LAI) and soil moisture. In
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such areas, the lack of plant cover and low ground moisture decrease evaporative
cooling and consequently increase daytime warming. Irrigation, but not replicated in
this study, might be able to mitigate such effects, as Cui et al. (2023) demonstrated.
On the other hand, the increased simulation of minimum temperatures (TEMP_MIN)
for field 182 is due to the "buffering” effect of permanent vegetation, having greater
humidity and soil moisture content. This trend, to which Napoly et al. (2017) referred,
indicates the effect of vegetation structure on night-time cooling as well as the

importance of land cover type in temperature dynamics during heatwaves.

6.4 Disaster Risk Reduction and Climate Adaptation Strategies

Heatwaves are increasingly recognized as one of the most significant climate-related
hazards, posing risks to human health, agricultural productivity, energy systems, and
urban infrastructure (IPCC, 2021; Caluwaerts et al., 2020). The findings of this study
demonstrate the potential of incorporating observed land-use properties into regional
climate models like ALARO-SURFEX to improve the accuracy of heatwave
simulations. These advancements have direct implications for disaster risk reduction
(DRR) and climate adaptation strategies, particularly in densely populated urban areas

and agriculturally productive regions such as Belgium.

6.4.1 Heatwave risk Assessment and early warning Systems

Effective disaster risk reduction begins with good risk estimation, founded on good
climate models to predict extreme heat events. New land-use parameter advances in
minimum temperature (TEMP_MIN) simulation highlight the importance of upper-
level modeling in calculating exposed populations and areas. For instance, model
outputs' high-resolution heat maps can be utilized to inform early warning systems by
enabling stakeholders to issue timely warnings during heatwaves (UNDRR, 2015).
Early warning systems play a critical role in reducing exposure and vulnerability,
particularly among elderly people, individuals with existing illnesses, and low-income
households who are likely to lack access to cooling facilities (WHO, 2023).

Moreover, the deterioration in maximum temperature (TEMP_MAX) simulations
observed is further evidence that there is a need for further advancements in modeling

techniques to assist in ensuring that all aspects of heatwaves' dynamics are represented
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well. Enhancing these constraints would enhance early warning systems, with the
potential to save lives and assist in reducing economic losses over episodes of extreme

heat.

6.4.2 Urban planning and infrastructure resilience

Cities are most susceptible to heatwaves due to the urban heat island (UHI) effect,
which enhances intense temperatures in cities (Oleson et al., 2015). The findings of
this study are useful for urban planners to use in decision-making on planning heat-
resilient cities. For example, increasing vegetative cover—represented by higher Leaf
Area Index (LAI) values—can alleviate surface temperatures through promoting
shading and evapotranspiration. Similarly, applying reflective surfaces (higher albedo)
over pavements and rooftops can potentially reduce solar radiation absorption and
thereby mitigate the impacts of UHI (Wang et al., 2021).

The advanced simulation of dynamics of sensible heat flux (SHF) further emphasizes
the integration of land surface features in urban planning models. Identification of
urban grids with SHF can help planners aim interventions such as planting green cover,
efficient water use, and developing energy-efficient infrastructure. Such interventions,
apart from enhancing urban heatwave resilience, also contribute to overall
sustainability goals, including reducing carbon emissions and conserving water

resources.

6.4.3 Agricultural adaptation and water resource management

Agricultural crops are particularly susceptible to heatwaves, which can lead to crop
failure, yield loss, and water requirement for irrigation (Lobell et al., 2011). The
findings of this study, particularly the enhanced representation of soil moisture
dynamics, have practical implications for agricultural adaptation strategies. For
instance, the presence of adequate root zone moisture (as represented by the vertical
agreement between SM_1 and SM_3) plays a significant role in preventing heat stress

for crops during excessive heat (heatwaves).

Still another sector that would need improved heatwave simulations is water resources
management. The decrease in TEMP_MAX simulations, linked to improved sensible
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heat flux, makes integrated water resources management plans more essential.
Decision-makers could then make informed decisions on water-saving infrastructure
investments, promote efficient irrigation, and develop drought-resistant crops. These
are initial steps towards food security and reducing heatwave-associated

socioeconomic impacts on rural communities.

6.4.4 Policy implications and stakeholder engagement

The inclusion of observed land use data into regional climate models has enormous
policy impacts for disaster risk reduction and climate adaptation. Policymakers can
utilize the improved model outputs to guide evidence-based policy formulation for
investment in early warning, community resilience, and cooling infrastructure. For
example, precise temperature maps can be utilized to guide the siting of cooling centers

to vulnerable and exposed urban communities.

Stakeholder engagement is key in translating scientific findings into successful
policies. Multistakeholder forums, such as the European Climate Adaptation Platform
(Climate-ADAPT), facilitate the sharing of knowledge between researchers,
policymakers, and practitioners to ensure that adaptation is founded on up-to-date
scientific insight (EEA, 2021). This study points towards the importance of including
observed land-use data in regional climate models, highlighting the need for sustained

investment in Earth observation systems and data-exchange initiatives.
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7. CONCLUSION

7.1 Conclusion

This study investigated the impact of incorporating satellite-retrieved land-use
properties into the ALARO-Surfex model on the simulation of heatwaves in Belgium
during July 2018 and 2019. The study sought to examine how the updation of
significant land surface parameters—Leaf Area Index (LAI), albedo, and roughness—
impacts the ability of the model to simulate temperature dynamics, surface energy

balance, and soil moisture variations during extreme heat events.

The results of this study depict the complex and sometimes counterintuitive effect of
the revision of land-use parameters in regional climate models. While the
incorporation of satellite-derived data resulted in improvement in the simulation of
mean (TEMP_AVG) and minimum (TEMP_MIN) temperatures, it also resulted in the

degradation of simulations of maximum temperature (TEMP_MAX).

Especially, the new scheme resulted in a reduction in Mean Absolute Error (MAE) and
Mean Absolute Bias (MAB) of mean temperatures and thus enhanced overall thermal
representation. Enhanced minimum temperature simulations result in greater precision
in representing nighttime cooling processes, which is needed to represent heatwave-
related heat stress. Such improvements are due to soil moisture, LAI, and radiative

flux being represented better within the new scheme.

The study, however, showed a strong overestimation of maximum temperatures in the
updated model. The bias was caused by changes in surface energy balance due to
increased sensible heat flux and reduced latent heat flux resulting from reduced albedo
and LAl in some areas. These changes reveal that the revised model, while it improved
some features of the simulation, introduced biases in the surface partitioning of energy,

which led to an overestimation of daytime warming.

The analysis of spatial and land cover change emphasized the importance of land cover

heterogeneity in climate modeling at the regional scale. The different types of land
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cover, i.e., dominant crop fields (type 166) and crop types (type 182), reacted
differently to the land-use parameter updates. This necessitates accurate and high-
resolution data for land cover and parameterizations capable of capturing the unique

behaviors and dynamics of different surface types.

Cross-validation with observation data at the ICOS Lonzée station overall
supplemented the results on the entire domain, demonstrating improved simulation of
minimum temperatures and the deterioration in simulation of the maximum
temperatures. These discrepancies among station-specific outputs and the entire-
domain means reinforce challenges in the process of validation for models as well as

effects due to the vicinity of site conditions on performance in models.

Finally, this study illustrates that incorporating land-use features from satellite
observations in regional climate models can fortify and destabilize different aspects of
heatwave simulation. The outcome highlights adopting an equitable approach in model
design relative to the optimal simulation of land surface processes, energy balance,
and land surface heterogeneity for the enhancement of overall credibility and

reliability of regional climate models for simulating severe weather conditions.

7.2 Implications for Disaster Management and Risk Reduction

The findings of this study have significant implications for disaster management,
particularly concerning heatwave risk mitigation and climate adaptation policy. Sound
heatwave simulations play a vital role in facilitating early warning systems, emergency
preparedness planning, and urban planning strategies to reduce exposure and
vulnerability to severe heat.

Improved minimum temperature (TEMP_MIN) simulations provide actionable insight
to guide public health responses to heatwaves. For example, reliable overnight cooling
forecasts can be utilized to target locations where the elderly and chronically sick may
be at higher risk. Similarly, better representations of soil moisture dynamics provide
valuable information for agricultural adaptation planning, including planning

irrigation and planting drought-tolerant crop varieties.

Simultaneously, the overestimation of extreme temperatures (TEMP_MAX)
highlights the need for further model sophistication to the extent that every aspect of

heatwave mechanisms is adequately captured. Addressing these deficiencies would
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render the early warning system more reliable and allow anticipatory actions such as

the provision of cooling centers and public health warnings to be taken.

Urban planners can apply the results of research in designing heat-resilient cities using

practices such as increased vegetation, reflective surfaces, and water efficiency. For

instance, higher Leaf Area Index (LAI) levels can lower surface temperatures by

causing shading and evapotranspiration, and reflective materials (higher albedo) can

reduce absorption of solar radiation, thereby alleviating urban heat island effects.

7.3 Future Work

Based on the findings of this study, several avenues for future research can be pursued
to further improve the accuracy of heatwave simulations in regional climate models:

Improved Land Surface Parameterizations:

Improved land surface parameterization is needed to represent the dynamic
interaction among vegetation, soil water content, and atmospheric fields. Improved
simulations of heatwaves can be more credible through such improvements, thus
facilitating disaster management interventions. For instance, high-fidelity
descriptions of crop response to heat and dryness can be applied to inform
agricultural adaptation, e.g., by optimizing the timing of irrigation and the planting

of drought-resistant crops.

Long-Term Climate Change Projections:

This study focused on heatwave simulations for two specific years (2018 and
2019). Future research could extend the analysis to longer time periods and
investigate the impact of land-use change on heatwave trends under future climate
change scenarios. This would involve integrating projected changes in land cover,
vegetation dynamics, and anthropogenic activities into the model to assess their

combined effects on heatwave intensity and frequency.

Coupled Modeling:

A more comprehensive approach would involve coupling the regional climate
model with other Earth system components, such as the hydrological model and

the urban canopy model. This would allow for a more integrated representation of
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the interactions between the land surface, atmosphere, and urban areas, potentially
leading to more accurate simulations of heatwave dynamics. For instance,
hydrological models can improve predictions of water scarcity during heatwaves,

while urban canopy models can enhance assessments of urban heat island effects.
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Figure A.1: Average Temperatures °C Time series Applying Land
Cover Type 166 for the Heatwave 2018.
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Figure A.2: Average Temperatures °C Time series Applying Land
Cover Type 166 for the Heatwave 2019.
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Figure A.3: Average Temperatures °C Time series Applying Land Cover
Type 182 for the Heatwave 2018.
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Figure A.4: Average Temperatures °C Time series Applying Land Cover
Type 182 for the Heatwave 2018.
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Figure A.5: Maximum Temperatures °C Time series Applying Land Cover
Type 182 for the Heatwave 2018.
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Observed and Modeled Temperatures for Heatwave (TEMP_MAX July 2019)
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Figure A.6: Maximum Temperatures °C Time series Applying Land
Cover Type 182 for the Heatwave 2019.
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Figure A.7: Maximum Temperatures °C Time series Applying Land
Cover Type 166 for the Heatwave 2018.
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Figure A.8: Maximum Temperatures °C Time series Applying Land

Cover Type 166 for the Heatwave 2019.
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Observed and Modeled Temperatures for Heatwave (TEMP_MIN July 2018)
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Figure A.9: Minimum Temperatures °C Time series Applying Land Cover
Type 166 for the Heatwave 2018.
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Figure A.10: Minimum Temperatures °C Time series Applying Land Cover
Type 166 for the Heatwave 2018.
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Figure A.11: Minimum Temperatures °C Time series Applying Land Cover
Type 182 for the Heatwave 2018.
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Figure A.12: Minimum Temperatures °C Time series Applying Land
Cover Type 182 for the Heatwave 2019.
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