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Abstract

This thesis studies the anticipated impact of climate change on wildfire danger in
Greece, using meteorological variables and both atmospheric and land modelling
techniques. The combined insights from this thesis underline the multifaceted
challenges posed by climate change and wildfires in Mediterranean regions, and
particularly in Greece. The projected increase in fire danger due to climate change
necessitates robust fire management strategies and adaptive policies. Integrating
advanced atmospheric and land modeling simulations, such as with WRF-Chem and
JULES-INFERNO, can provide valuable predictions and guide effective interventions. As
climate conditions continue to evolve, continuous monitoring and adaptive
management will be essential to mitigate the adverse impacts of wildfires on
ecosystems, human health, and economies.

The first paper “Future climate change impact on wildfire danger over the
Mediterranean: the case of Greece” focuses on three Representative Concentration
Pathways (RCPs): RCP2.6 (optimistic), RCP4.5 (moderate), and RCP8.5 (pessimistic) to
study their effect on future fire danger. Findings indicate a significant increase in fire
danger across Greece, particularly in high-risk areas such as Crete, the Aegean Islands,
the Attica region, and parts of the Peloponnese. Projections show that, under the
RCP8.5 scenario, these regions could experience up to 40 additional days of critical fire
danger by the late 21st century compared to the late 20th century. The study highlights
the importance of localized FWI thresholds due to varying climatic conditions across
regions. The extension of the fire season is also anticipated, with some areas
experiencing an increase of up to one month under the worst-case scenario. This could
lead to higher frequencies of wildfires and associated health impacts from particulate
emissions.

The second study "Wildfire Aerosols and Their Impact on Weather: A Case Study of the
August 2021 Fires in Greece Using the WRF-Chem Model" investigates the impact of
aerosols emitted from the August 2021 catastrophic wildfires in Greece on local
weather patterns using the Weather Research and Forecasting model coupled with
Chemistry (WRF-Chem). The study focuses on how wildfire aerosols affect temperature
amongst other atmospheric variables. The results demonstrate that wildfire aerosols
significantly modify atmospheric conditions, leading to decreased solar radiation
reaching the surface, which in turn reduces surface temperatures. Moreover, the study
finds that aerosols in the smoke plume can absorb solar radiation leading to the
creation of rising air movement as well as a remote atmospheric circulation feedback
away from the plume where pressure increases to counteract the lower pressure above
the smoke plume, resulting in higher surface temperatures. The study underscores the
importance of integrating aerosol data into weather forecasting models to improve the



accuracy of weather predictions during wildfire events and enhance emergency
response strategies.

Connecting the first two studies, the third one titled “Automatic smoke plume
detection using satellites” investigates the detection and analysis of aerosols released
by wildfires in Greece using satellite products such as thermal anomalies and aerosol
optical depth (AOD), in addition to the Canadian Fire Weather Index (FWI) that is
produced from the widely used MERRA reanalysis weather data. This dataset was used
as it provides long-term continues high temporal and spatial resolution essential for
regional climate studies. It also incorporates obseravations from satellites and ground
stations resulting in a reliable dataset that uses a consistent methodology essential for
capturing climate data trends. The research attempts to separate fire-related aerosols
and establish a relationship between AOD levels and wildfire activity by utilizing a
variety of filtering techniques. The findings show that a dependable technique for
tracking wildfire emissions is to combine thermal anomaly detection with AOD filtering
based on the 99" percentile of readings. The results highlight how integrating satellite
data might enhance air quality monitoring and wildfire identification, especially in areas
where fires occur often.

The forth research titled "Estimating future burnt area changes over Greece using the
JULES-INFERNO model" explores the role of changing climate conditions as well as the
evolution of different types of vegetation cover to examine future burnt area trends
over Greece using the Joint UK Land Environment Simulator (JULES) combined with the
INteractive Fire and Emission algoRithm for Natural envirOnments (INFERNO) wildfire
scheme. The study highlights that when keeping a static vegetation cover, burnt area
is projected to increase everywhere in Greece in response to dryer climatological
conditions. When the vegetation is allowed to change dynamicaly, however, the overall
burning is overall smaller, with the main agricultural areas of the country actually
experiencing a reduction in burned area. With the potential for up to 1000 additional
big burnt area incidents in a future period of 20 years (2080-2090) when compared
with the period (2030-2040) across Greece, high emission scenarios greatly raised the
probability of wildfires, with eastern continental Greece being especially susceptible.
Future predictions using static vegetation resulted in an average increase of 0.8 km?in
burnt area over Greece. On the other hand, because burnt areas were less likely to burn
again, dynamic vegetation simulations projected a lesser increase of 0.3 km?,
showcasing that vegetation dynamics have a substantial impact on the future of
wildfire activity.



NepiAndn

Auti n SLaTpLPr) HEAETA TOV QVOLEVOUEVO QVTIKTUTIO TNG KALLATIKAG oAAQyAG oToV
kivbuvo mupkaylag otnv EAANASQ, XpNOLUOTIOLWVTAG UETEWPOAOYLKOUC SelKTEG Kal
TEXVIKEG POVTEAOTIONONG TNG aTpdodapag Kat TG ynG. Ta amoTteAéopata and authv
™ Slatplfr) unoypappilouvv Tig MOAUSLACTATEG TPOKANOELS TTIOU BETOUV N KALLATIKA
aAAayr) Kal Ol TIUPKOYLEG OTLG UECOYELOKEG TEPLOXEG Kal Wolaitepa otnv EAAGSa. H
TipoPAenopevn avénon Tou KvEUVOU TIUPKAYLAG AOYW TNG KALUATIKAS aAAayn ¢ amattel
LOXUPEG OTPATNYIKEG SLaXEPLONG TIUPKAYLWY KOL TIPOCAPUOOTIKEG TIOALTIKEG. H
EVOWHATWON HovTeAOTIONONG TNG ATUOoDALPAG KAL TNG YNG, OTWG WE Ta povteha WRF-
Chem kot JULES-INFERNO, pmopel va mapéxel moAUTIHEC TIPOBAEP LS kal va kaBodnyetl
anoteAeopatikég mapepBaocels. Kabwg ol KALWOTIKEG ouvOrkeg ouvexilouv va
efellooovtal, n ouvexng mapakoAouBnon kal mpooappootiky Staxeiplon Ba eival
AMAPAITNTEG Yl TOV HPETPLAOHUO TWV APVNTIKWY ETUTTWOEWY TWV TIUPKOAYLWY 0T
olKOoUOTHMATA, TNV avBpwTlVn LYELX KAl TNV olkovopla.

H mpwtn epyaocia "Future climate change impact on wildfire danger over the
Mediterranean: the case of Greece" emkevtpwvetal o€ Tpla  Zevapla
AVTITPOOWTEUTIKAG 2Zuykévipwonc (RCPs): RCP2.6 (alolodofo), RCP4.5 (uétplo) kat
RCP8.5 (amalolddofo) yla tn HeAETn TNG enidpacn¢ toug otov UEANOVTIKO Kivouvo
mupkaylwy. Ta eupruata Selxvouv onuavtikh avénon tou KvdUvou TUPKayYLAC O OAN
v EANGSa, blaitepa oe meploxec uPnAou kvduvou onwe n Kpntn, Ta vnold tou
Awyaiou, n meploxn tNG ATTIKAG Kol TUApata tng Melomovvioou. Ol mpoPAEPeELg
Selyvouv 0TI, ocupdwva pe To oevaplo RCP8.5, auTEC oL TEPLOXEG elval TBavo va
UTIOOTOUV €wG Kat 40 emuTAEoV NUEPEC KPOLOU KLVOUVOU TIUPKayLAG WG T TEAN TOU
21ou awwva o cLYKpLon KE Ta TEAN Tou 2000 alwva. H peAétn Tovilel Tn onuaoio Twy
TOTUKWV opiwv emikivduvotntag tou Asiktn Katpikwy 2uvenkwv Mupkaylag (FWI) Aoyw
TWV SLAPOPETIKWY KALLATIKWY OUVONKWY ava TePLoXN. AVAUEVETAL ETILONG N ETEKTAON
NG TEPLOSOU TIUPKAYLAG, LE OPLOPEVEG TIEPLOXEC VA UTIOOTOUV avénon €wg kat 40
NUEPWV OTO XELPOTEPO Oevaplo. Autd Ba pmopovoe va obnynoel oe unAdtepn
OUXVOTNTA TIUPKOAYLWY KABWC KL O€ ETIMTWOELG TNV UYELQ a0 EKMOUTTEC CWHATLS (WV.

H deutepn peAétn "Wildfire Aerosols and Their Impact on Weather: A Case Study of the
August 2021 Fires in Greece Using the WRF-Chem Model" §tepeuva Tov avtiktumo twy
AEPOAULATWY TIOU EKAUBNKAV armo TIC KATAoTpodIKES TTUPKAYLEC Tou Auyouotou 2021
otnv EAAGSa ota TOTUKA Kaplkd dpatvopeva, XpNoLLOTOLWVTAC TO LOVTEAD Epeuvag Kal
Mpoyvwonc Katpou pe Xnuela (WRF-Chem). H HEAETN EMIKEVTIPWVETOL OTO WG TA
OEPOAVHOTA  TWV TUPKAylWV emnpealouv  tn Beppokpaocia, PeETAEL AANAWV
ATUOOPALPIKWY UETAPANTWY. Ta amoteAéouata Selyvouv OTL auTA Ta agpoAlpata
TPOTOTIOLOUV ONUAVTIKA TIG aTUOOodALPIKEC OUVONKeES, odnywvtag o pelwon TG
NALOKAG akTvoBoAlag mou dtdavel otnv emiPAvELa, N OO UE TN OELPA TNG UELWVEL TLG



empavelakeg Beppokpaaoiec. EMUTAEoV, N LEAETN SLATILOTWVEL OTL T AEPOAUOTO OTOV
Karmvo pmopolV va amoppodolv nAlakn aktvoBoAia, odnywvtag otn dnuloupyia
avollkAG kivnong tou aépa kabBwg Kal O€ QmMOpAKPUOUEVN avatpododotnon
atpoodalplkng kKukAodoplag pakpld and Tov Kamvo, Omou n Tieon auéavetal yla va
avtlotabuioel tn xapunAotepn mieon mavw amd TNV TEPLOXH HUE TOV KATVO, WE
QmoTEAECHA TNV avEnon Twv embAVELOKWY BEPUOKPACLWY OE QUTEG TIG TIEPLOXEC. H
HEAETN uToypappilel T onuoacia ¢ evowpdtwong 6eSoUéVWY AEPOAVUATWY OTA
HOVTEAQ TpOYyVWong katpou yla tn BeAtiwon tng akpifelag twv mpofAeewv Kalpou
KQTA TN SLAPKELD YEYOVOTWY TIUPKAYLAG KAl TNV EVIOXUON TWV OTPATNYLKWY AmoOKPLoNg
EKTAKTOU aVAyKNG.

Yuvdéovtag TIC OUO MPWTEC UEAETEC, N TPltn n omola €xetl TitAo “Automatic smoke
plume detection using satellites” dlepeuva tnv aviyveuon kat avaAuon aEPOAUUATWY
TIOU €KAUOVTAL QIO TUPKAYLEG oTnv EAAGSa xpnolponolwvtag Sopudoplkad mpoiovia
OTWG BepUKEG avwUaAleg kat omTiko BabBog agpoAlpatog (AOD), oe ocuvduaouo Ue
tov Kavadiko Aeiktn Kawpol Mupkaylag (FWI) mou mapdxBnke amd Ta €UPEWC
xpnowdomotnuéva  katpltkd  Sedopéva MERRA reanalysis. Avtd ta Sedouéva
xpnoLdomotonkav Kabwe MopEXOUV HAKPOTIPOBEOUN ouvexn UWNAR XPOVIKA Kol
XWPLKA avdAluon amapaitntn  ywa  TIC TEPLDEPELAKES  KALLATIKEG  UEAETEG.
Evowpatwvouv eniong mapatnpnoelg amd Sopudopouc Kal emiyelouc otaBuoug
SNUOLPEYWVTAG €va afloToto oUVOAO OeSOUEVWY TIOU XPNOLUOTIOLEL LAl CUVETH
uebBodoloyia amapaitntn yla TNV Kataypadr Twy TACEWY TwV KALLATIKWY 6eSOUEVWV.
H épeuva emixelpel va Slaxwploel kal va eMAEEEL T agpOAV AT TTOU OXETlovVTaL UE
™ dwTLA Kal va SnLoUPYnoEL pla oxéon UETaEL Twv emumédwv AOD kal Twv SaoLKwV
TIUPKOYLWY XPNOLLOTIOLWVTAS Mla TToKIAla Texvikwy dATpapiopatoc. Ta supnuata
Selyvouv OTL Lol a€LOTILOTN TEXVLKA YLla TNV topakoAouBnon twv ekmounwy Saolkwy
MupKaylwyv elvat o ouvbuaoudc Tng avixveuong OepUikwWV OVWUOALWY HE TO
bW tpdplopa AOD pe Baon to 99° eKATOOTNUOPLO TWV PETPROEWY. Ta AMOTEAECUATA
uToypappilouv mwe n evowpatwon dopudoplkwy dedopuévwy umopet va BEATLIWOEL TNV
TIAPAKOAOUONGCN TNC TOLOTNTAG TOU AEPQ KOL TOV EVTOTILOUO TWV SACIKWY TTUPKAYLWY,
€LOLKA O€ TIEPLOXEC OTIoU epdavilovTal cUXVA TIUPKAYLEC.

H tétaptn €peuva "Estimating future burnt area changes over Greece using the JULES-
INFERNO model" e€etaletl Tov poAo TwV KALLATIKWY cuVONKWY KaBwg Kat TNV eEEALEN
TwV SLadopeTKWY TUTIWV BAAOTNONG YlO TNV EKTIUNON TWV HEANOVIIKWY TAOEWV
KaEVNC €ktaong otnv EAAASQ, xpnotlpomolwvtac tov Npocopolwwth MeptBaAAovTtog
NG tou Hvwuévou Baaolleiou (JULES). H peAétn e€dyel To cUUMEPACUA OTL, UE OTATLKNA
kaAun BAGotnong, n Kauévn éktaon mpoPAEnetal va auénBel mavtou otnv EANGSa
AOYW TIC UTIAPENG TILO ENPWV KALLATOAOYLKWY cuvBnkwv oto péAov. Qotdoo, otav n
BAdotnon opiletal va aAAalel Suvaulkd, n CUVOALKH KAPEvn €KTaon elval oXeTIKA
HLKPOTEPN, LE TIC KUPLEC AYPOTLKEC TIEPLOXEC TNE XWPAC VA TAPoUoLAlouV akoOua Katl
hwelwon otnv kapévn exktaon. Ta oevapla UPnAwy ekmopmwy Selyvouv onuavTiKh

Vi



avénon Tng mBavoTnTac MUPKAYLWY, HE EKTIUNCN Yo €wc kal 1000 emumAgov peyaia
TIEPLOTATIKA TUPKAYLWY O€ pia peAovtikn mepiodo 20 etwv (2030-2040) and (2080-
2090) oe OAn tnv EANGSQ, pe TNV avatoAlkn nrmelpwtik EAAMGSa va eivat Slaitepa
evaioBntn meployn, tovilovtag TNV enelyouca avAayKn HETPLACMOU TNG KALUATIKAG
aMaync. Ot PEANOVTIKEG TIPOPAEYELS UE OTATIKEC TIPOCOMUOLWOELS PBAACTNONC
odnynoav oe péon avénon 0,8 km? oOTIC KOpEVEC €KTAOELS. Evw oL SUVOULKEG
TPooOoUOLWOoEeLS BAaotnong mpogPAedav avénon katd 0,3 km?, kabwg os auUTECG oL
KQUEVEG TIEPLOXEC elval Alyotepo miBavo va kaouv fava, Selxvovtag To onpavTKO
avtiktumo ¢ e€EAENG TNG BAAOTNONG OTOV TIPOCSLOPLOUO TWV UEANOVTIKWY KAPEVWY
EKTAOEWV.
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Figure 1.1. The different impacts of wildfires on the atmosphere, land and ocean (D. S. Ward
etal. 2012)..

Figure 1.2. The air quality component is represented by black, the climate component by blue,
and the wildfire component by red in the conceptual space-time diagram of the climate-
wildfire-air quality system. Additionally, this graphic shows the impacts (single-pointed
arrows) and feedback loops (double-pointed arrows) of the climate-wildfire-air quality system
at various scales. (Stavros, Mckenzie, and Larkin 2014).

Figure 1.3. The figure illustrates the mean radiative forcing throughout an 80-year fire cycle in
Alaska's interior boreal forest. The percentage of the total net radiative force from each
component is shown by the numbers. Negative numbers indicate decreased forcing, whereas
positive numbers indicate increased forcing, which results in a positive feedback on climate
change. The feedback loop is closed by the dashed line, which represents the change in the
climatic driving of fire regimes. (Stavros, Mckenzie, and Larkin 2014).

Figure 1.4. The main components of the INteractive Fire and Emission Algorithm for Natural
Environments (INFERNO) (Mangeon et al. 2016).

Figure 1.5. Structure of the Canadian Forest Fire Weather Index System FW!I (B. Stocks et al.
1989)

Figure 2.1. Panel (a) represents the annual ensemble mean total number of days (NOD) with
FWI>30 for the reference period (1970-2000). Panel (b) is the (NOD)>30 for the fire season
only of the same ensemble mean and time period as panel (a). Panels (c, d, e, f, g, h) showcase
the difference in the annual ensemble mean (NOD) with FWI>30 for every RCP scenario
separately between the future periods and the reference period. The left column corresponds
to the difference for the near future period [(2021-2050) — (1971-2000)] and the right column
to the difference for the distant future [(2069-2098) — (1971-2000)].

Figure 2.2. Panel (a) is a comparison of spatially averaged yearly FWI fire season values of all
RCP scenarios and time periods against the EFFIS fire danger classes shown on the right-hand
side of the y axis of panel (a). Panel (b) shows the average fire season FWI values from all
models together with the extreme FWI>150 as depicted by the cross hatched regions,
whereas maps (c, d, e, f, g, h) representing the 30-year ensemble average FWI change based
on the average of all 3 different GCM simulations during the fire season months (May-
September) between the two future time periods from the reference period, for all RCP
scenarios. Hatched regions depict the values that are higher than the 90th percentile of the
SN ratio for the corresponding time period.

Figure 2.3. All model average fire season length change between the future periods (for all
future scenarios) and the reference. Subplots (a, b, ¢, d, e, and f) represent the 30-year average
difference whereas subplot (g) represent the entire Greek domain averaged fire season length
change for every RCP scenario and time period.

Figure 2.4. Seasonal variability change between near future and reference period in sub-figure
(a) and distant future and reference period in sub-figure (b) for each of the three climate
models for the entire Greek domain, under all the tested RCP scenarios.



Figure 3.1. Panel (a): Study area in blue colour corresponding to the non-affected areas and
the entire simulation domain in grey colour. Orange stripes inside the blue study area
represent the wildfire smoke plume affected areas that were selected based on the
methodology explained in subsection 3.2.3 in the South-eastern part of Greece. Comparison
of WRF-Chem AOD output to MODIS observations. Panel (b1) shows a MODIS AOD snapshot
for 8/8/2021 8:40 AM. Panel (b2) is a snapshot for the same day at 9:00 AM from WRF-Chem
ensemble mean output. Panel (c) shows comparison for all days, spatially averaged for the fire
smoke affected areas in the Greek domain, for MODIS and for the two WRF-Chem simulations
(averaged over all 10 ensemble members). The bars on top of the boxes represent the total
spread of all 10 ensemble members for each of the 2 WRF-Chem simulations whereas the
boxes indicate the spread of the middle 50% of the 10 ensemble members. Panel (d) shows
the error improvement between the two WRF-Chem simulations (w/ minus w/o fire) when
compared with the MODIS observations.

Figure 3.2. Time evolution of the spatially averaged Black Carbon emissions over the fire
smoke affected areas in the Greek domain during the first 10 days of August.

Figure 3.3. Comparison of WRF-Chem surface temperature output to ERAS5 reanalysis and to
ground station data. Panels (a) and (b) show the correlation between ERA5 and WRF-Chem
2m temperature, for the two simulations. Stippled regions are those with no significant
difference between observed and simulated data as defined by the p-values < 0.05 (i.e. good
agreement with observations). Panel (c) shows the difference between the two correlations
in panel (a) and (b). Hatching indicates areas with differences that are not significant, using
standard error propagation of the results from panels (a) and (b). Panel (d) shows the
comparison of WRF-Chem simulations (averaged over all 10 ensemble members) with ERA5
data, spatially averaged for the wildfire smoke affected areas and for all days. The bars on top
of the boxes represent the total spread of all 10 ensemble members for each of the 2 WRF-
Chem simulations, whereas the boxes indicate the spread of the middle 50% of the 10
ensemble members. Panel (e) shows the error improvement in temperature of the two WRF-
Chem simulations relative to ERAS.

Figure 3.4. Ensemble mean differences in the longwave and shortwave radiation budget over
the fire smoke affected areas in the Greek domain, between the WRF-Chem simulations with
and without fire emissions:

Figure 3.5. Ensemble mean differences in temperature, aerosol abundances and associated
meteorological variables, between the WRF-Chem simulations with and without fire
emissions: Panel (a): surface temperature difference at 14:00 (°C). Panel (b): AOD difference
at 14:00. Panel (c): net downward shortwave radiation difference at the surface (W/m?). Panel
(d): surface water vapour difference (kg/kg). Panel (e): total cloud fraction difference
expressed as areas with less cloud coverage during fire simulations (-0.1 - 0) and higher cloud
coverage (0 - 0.1). Panel (f): difference in geopotential height and in the wind vector at 850
hPa. Panel (g): vertical wind speed changes at 850 hPa. Blue areas experience rising air and
red areas sinking air.

Figure 3.6. Temperature regression against AOD in the simulation including fire emissions
and in observations. We find positive tendencies for areas in other parts of the country and
negative tendencies for areas collocated with the smoke plume.



Figure 4.1 Isolation and selection of smoke plume affected areas based on the 99th percentile
of the AOD values seen inside the red circles that are in close proximity to the thermal
anomalies data representing wildfire centers marked with the green circles.

Figure 4.2. Correlation between the different stages of fire related AOD isolation with the
corresponding FWI time steps. Subplot (a) is the original correlation between AOD (from
MODIS) and FWI. Subplot (b) is the same correlation as subplot (a) after selecting only the
days with potential fire hotspots using the Thermal Anomalies product. Subplot (c) is the same
correlation as subplot (b) after further removing the days with AOD < 99* percentile of the
entire domain of interest AOD values.

Figure 4.3. Correlations between different types of aerosol optical depth products with the
reanalysis FWI. Subplot (a) is the FWI correlation with the original AOD (from OMI). Subplot
(b) is the correlation between the AOD (from MODIS) and FWI filtered using the Thermal
Anomalies product. Subplot (c) is the correlation between AOD and FWI filtered with the 95t
percentile of the Al values whereas subplot (d) is the same concept correlation as subplot (c)
using the 95" percentile of the AAOD instead of the AOD. Subplots (e and f) are scatterplots
of two representative areas with high R values in Peloponnese.

Figure 4.4. Correlations between AOD (from MODIS) and relative humidity in subplot (a),
precipitation in subplot (b), wind speed in subplot (c) and temperature in subplot (d) filtered
using the Thermal Anomalies product.

Figure 4.5. Average regressions between AOD from the areas affected by fire plumes directly
and the corresponding FWI in subplot (a), wind speed in subplot (b), relative humidity in
subplot (c) and temperature in subplot (d). Red dots represent the consecutive days with the
2007 catastrophic wildfires.

Figure 5.1. Panels (a) and (b) show the correlation between GFED5 and JULES-INFERNO Burnt
Area, for the simulation with static vegetation cover and the one with dynamically changing,
respectively. Panel (c) shows the difference between the two correlations in panel (b) - (a).
Panel (d) shows comparison for all years for the domain-wide spatial average, between the
GFED observations and the simulated Burnt Areas with static and dynamically changing
vegetation cover.

Figure 5.2. Spatial distribution of the mean burned area (BA) in Greece from 2004 to 2019.
Each pair of panels compares the modelled BA (left) with the Global Fire Emissions Database
(GFED) observed BA (right). Panels (al, a2) Annual mean BA (b1, b2) Winter mean BA (c1, c2)
Spring mean BA (d1, d2) Summer mean BA (el, e2) Autumn mean BA (f1, f2) May mean BA
(g1, g2) June mean BA (h1, h2) July mean BA (i1, i2) August mean BA (j1, j2) September mean
BA.

Figure 5.3. Comparison of climatological condition differences for the 3 RCP scenarios
between near future and reference panels (al-l1). Burnt Area differences 1% row.
Temperature differences 2" row. Relative humidity differences 3™ row. Precipitation
differences 4™ row. Soil moisture differences 5% row.

Figure 5.4. Comparison of climatological condition differences for the 3 RCP scenarios
between distant future and reference panels (a2-12). Burnt Area differences 1% row.
Temperature differences 2" row. Relative humidity differences 3™ row. Precipitation
differences 4™ row. Soil moisture differences 5% row.

Figure 5.5 Distribution of Burnt Area size change under Different SSP Scenarios for future
Periods (2030-2040 and 2080-2090) compared to the historical period (1980-1990).
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Figure 5.6. Frequency of high Burned Area (BA) Events greater than the 99 percentile of the
historical period in Greece under Different SSP Scenarios. Panels a, b, and ¢ show the spatial
distribution of the frequency of high BA events for the periods 2030-2040 and 2080-2090
under SSP126, SSP370, and SSP585 scenarios, respectively. Panels (d) and (e) display the
temporal distribution of the frequency of high BA events per month aggregated for all of
Greece for the periods 2030-2040 and 2080-2090 respectively under the same SSP scenarios.

Figure 5.7. Boxplots showing the evolution of Burnt Area for the 3 RCP scenarios panel (a),
compared to the FWI for the same time periods as calculated from our previous study
(Rovithakis et al. 2022) panel (b).

Figure 5.8. Spatial correlations between burned area (BA) and various weather variables
during fire season months across Greece. Panels show comparisons between static (left
column) and dynamic vegetation (right column) conditions in the JULES-INFERNO model.
Panel a and b show the correlation between temperature and Burnt Area. Panel c and d show
the correlation between wind speed and Burnt Area. Panel e and f show the correlation
between relative humidity and Burnt Area. Panel g and h show the correlation between
precipitation and Burnt Area.

Figure 5.9. Burnt Area differences between distant future and near future from the simulation
with static vegetation for the 3 RCP scenarios panels (a-c). Burnt Area differences between
distant future and near future from the simulation with dynamic vegetation for the 3 RCP
scenarios panels (d-f). Panels (g-i) show Burnt Area differences between the simulation with
static and dynamic changing vegetation. We observe two areas (NG and SG) within the domain
with the highest and lowest differences respectively in panel (i).

Figure 5.10. To explain the highest and lowest differences respectively in Figure 4 panel (i) for
the areas NG and SG, panels (j-o0) show comparisons of Carbon Mass in Vegetation for the
years 2015-2100 and for the three RCP scenarios spatially averaged for NG (top row) and for
SG (bottom row).
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Digital Recreation with Actual Elevation Maps of the Entire Wildfire Scar in Rodopi, Greece 2023-08-22

1 Introduction

1.1 Understanding Wildfires

What are wildfires?

In the domain of non-urban areas, various terms are utilized internationally to depict
vegetation fires. In the United States, the expression "wildland fire" covers any non-
structure blaze in the wilderness. Australia uses the term "bushfire" for any vegetation
blaze, while the more general term "wildfire" includes unplanned vegetation fires, such
as grass, forest, and scrub fires. In their yearly report on fires in European countries,
the European Commission Joint Research Centre Institute for Environment and
Sustainability uses the term "forest fire," and in Canada, the Canadian Interagency
Forest Fire Centre defines them as "forest fire" and "wildfire" (Bento-Gongalves et al.
2012). Wildland fires are a pervasive and frequent issue, affecting overall more than
30% of the global land surface during the period 2000-2006 based on MODIS active fire
data (Chuvieco, Giglio, and Justice 2008).

Wildfires an integral part of nature

Fires hold a unique place among natural disasters because humans both start and
manage them, while also battling them. This "command and control" approach often
fails to recognize the ecological importance of fire for biodiversity and ecosystem
services. Without viewing fire as a natural process and planning accordingly, its impacts
on social and ecological systems will persist (Holling and Meffe 1996).

In recent times, wildfires have increasingly affected human lives, cultural heritage,
homes, infrastructure, air quality and carbon storage. These outcomes stem from a
variety of causes and have complex effects (Fernandes 2013). The frequency and size
of fires vary widely among ecosystems, and human activities have further altered fire
regimes through practices such as timber harvesting and fire suppression. While many
wildfire policies focus on reducing fuel, few address the underlying issue of community
planning and location (Driscoll et al. 2010).



As climate change is projected to increase fire activity, a new approach is needed.
Considering fire problems within the context of coupled socio-ecological systems
(SESs), can help us better understand the interaction between humans and their
environments. By synthesizing knowledge about fire's ecological role and human life in
fire-prone areas, we can identify vulnerabilities, trade-offs, and adaptation policies,
across diverse landscapes (Moritz et al. 2012).

The Earth's forests and vegetation play a crucial role as a substantial fuel source, with
fires consuming extensive amounts of biomass across diverse ecosystems, from tundra
to savannah and from boreal to tropical forests. Many ecosystems are fire dependent.
Fires are typically categorized based on their propagation height as ground, surface, or
crown fires (Buscarino et al. 2015).

Causes and Impacts of Wildfires

While some fires are natural in specific climates, the majority of wildfires result from
human activity, with only a minor portion attributed to environmental factors (FAO,
2001). Human actions have evidently altered fire patterns over time, particularly due
to recent population growth, economic influences, and land use practices (Pausas and
Keeley 2009). Specific fire behaviours can now be seen as driven by human activities
(Archibald et al., 2013). Furthermore, climate change is expected to change the
distribution of wildfires, a process influenced by environmental and spatial conditions
(Krawchuk et al. 2009).

Fires have a considerable impact on soil and air quality (Stavros, Mckenzie, and Larkin
2014). They can affect soil structure and temperature, influencing soil productivity and
making it more susceptible to runoff and erosion (Buxton et al. 2011). Soil heating can
also change soil chemical and biological properties, impacting nutrient cycling, and
water retention. When organic matter burns, nutrients are released, but they can also
be lost through leaching and runoff (Tsibart et al. 2015).

Wildfires and prescribed fires can have short and long-term air quality impacts, typically
seen as negative for environmental quality (Hyslop 2009). Wildfires can also cause
significant damage to infrastructure which can be exacerbated by post-fire floods
(Neary et al. 2012).

The connection between climate, wildfires, and air quality is of great social concern, as
the emissions from wildfires can directly impact human health (Langmann et al. 2009).
The emissions from wildfires as seen in Figure 1.1 can be quite harmful, consisting of
substances such as carbon monoxide (CO) and fine particulate matter (PMzs), along
with secondary pollutants such as tropospheric ozone (Os) (Pfister, Wiedinmyer, and
Emmons 2008). These pollutants can seriously affect human health, with CO able to
change pollution levels over a wide area, especially tropospheric Oz level, as it is an O3
precursor (ref). Additionally, wildfires can affect surface Os levels, sometimes even
above accepted health guidelines, in nearby and distant areas (D. E. Ward and Hardy



1991). Elevated surface tropospheric Os levels can lead to respiratory problems such as
irritation, reduced lung function, and worsened asthma symptoms. Fine particulate
matter, e.g. particles with diameters of less than 2.5 um (PMas) are also emitted from
wildfires, and are a concern due to their ability to penetrate deep into the lungs,
causing health issues or even mortality. Furthermore, particulate matter (PM) emitted
from wildfires is more harmful than an equivalent concentration from other sources.
Other pollutants like mercury, which can accumulate and be released into the air during
combustion, can also pose health risks (Bowman and Johnston 2005). Research has
shown that exposure to wildfire smoke correlates with increased hospital visits for
respiratory conditions such as asthma. While air pollutants can have multiple sources,
the amount emitted from wildfires can be substantial, especially during periods of
extensive biomass burning (Langmann et al. 2009).
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Figure 1.1. The different impacts of wildfires on the atmosphere, land and ocean (D. S. Ward
et al. 2012).

The composition of the atmosphere and climate are greatly influenced by two essential
components of wildfire emissions: organic carbon (OC) and black carbon (BC). BC is a
particulate matter that warms the atmosphere by absorbing sunlight and resulting from
incomplete combustion of carbonaceous materials. OC is made up of a range of organic
substances that have the ability to scatter sunlight and chill the atmosphere (Bond et
al. 2013). Both BC and OC have a substantial negative influence on health, increasing



the risk of cardiovascular and respiratory conditions (Bowman and Johnston 2005).
Understanding these carbonaceous aerosols' emissions from wildfires is crucial
because of the intricate interactions between them and their roles in climate forcing
(Bond et al. 2013).

Fire and ecosystems

The role of fire in ecosystems varies based on human alteration compared to natural
or historical conditions. In semi-wilderness areas such as the western US and Australia,
preserving or restoring specific fire patterns is crucial for maintaining habitats and
ecosystem functions, emphasizing the link between fire characteristics and ecological
impacts. Conversely, in regions such as the Mediterranean basin with significant human
influence, defining what is "natural" is challenging. Fire have always been a part of the
Mediterranean ecosystems making the local vegetation well adapted as many types of
trees need fire to resproute (Riva et al. 2016;Pausas and Keeley 2009). Some
ecosystems are primarily influenced by climate factors such as drought frequency,
while others are shaped by local elements such as terrain and fuel availability (Moritz
et al. 2014).

Resilience and climate change

Fire patterns in naturally fire-prone ecosystems are primarily dictated by broader
climate trends. Local factors such as ignition rates and fuel accumulation play a greater
role in less intense fires. However, this simplification requires management strategies
to address the ensuing complexity (Schoennagel, Veblen, and Romme 2004).

Climate change introduces additional hurdles, as it may create unprecedented
environmental conditions. While the goal is to maintain fire regimes that reduce
biodiversity loss, uncertainty surrounding future climates and environmental processes
complicates adaptation efforts. A suggested approach is to bolster ecosystem resilience
through diversifying vegetation and stand structures. Varied topography also plays a
role, creating microclimates that can serve as refuges and impact fire behaviour in
mountainous terrain (Krawchuk and Moritz 2011).

Climate change is expected to have a major impact on fire patterns, potentially
overshadowing the direct effects of global warming on species distribution and
productivity.

Fire patterns are influenced by climate change, changes in natural ignition rates, the
spread of non-native plants affecting fuels, the distribution changes of native plants
and fuels, and changes in human populations affecting land use, fragmentation, and
the frequency of human-caused ignitions (Tsibart et al. 2015).

In ecosystems with a limited history of fire, encouraging burning under different
circumstances can foster diversity and limit fuel build up (Millar, Stephenson, and
Stephens 2007).



Socioecological systems and fire

Sustainable resolution of environmental issues hinges on understanding the intricate
connections between humans and ecosystems (Chapin et al. 2008). While there's
extensive research on the impact of climate change on boreal forests and rural
indigenous communities, comprehending the densely populated Wildland-Urban
Interface (WUI), where most wildfire fatalities and property losses occur, remains a
challenge (Chapin et al. 2006). Given the complexity of wildfires across ecosystems and
human interactions with them, a coupled socio-ecological systems (SES) approach is
vital. By redefining the issue to mitigate climate-induced risks in fire-prone areas, an
integrated SES perspective can be forged (Moritz et al. 2012). This perspective
recognizes the role of geographic context in shaping wildfire impacts across the SES.
The features of the WUI largely determine how fires are handled and their
consequences for communities (Paveglio et al. 2009).

Sustainable coexistence with wildfires necessitates cooperative efforts among
governments and at-risk communities. This entails integrating building, planning, fuel
management, and fire suppression capacities at various scales. Sustainable coexistence
should enable environmentally fitting fire regimes to function close to or far from the
WUI, reducing hazards to people, property, and resources., and enhancing ecosystem
services. This strategy should reduce firefighting costs and diminish risks for firefighters
(Chapin et al. 2006).

In the natural world, wildfires can be seen as a significant and sometimes necessary
disruption to the environment (Littell et al. 2010). They often act as a catalyst for
changes in plant life, particularly in areas where the climate is shifting. This process,
known as vegetation succession, is crucial for the evolution of plant species. In some
cases, wildfires are even used as a means of maintaining and restoring ecosystems,
especially when it comes to managing the gaps left by fire for new growth. This not only
impacts the structure, composition, and age of plant life but also affects the overall
disturbance pattern of an area. Rejuvenating the landscape following a fire is crucial
because it contributes to key ecosystem services including nitrogen cycling and carbon
sequestration and directly affects biodiversity, soil fertility, and wood resources (G. D.
Peterson 2002). Nevertheless, the advantages of wildfires may be outweighed by their
effects on air quality, especially when the emissions from the flames have an adverse
effect on the ecosystems nearby. This may lead to reduced forest growth, a rise in tree
death rate, increased disease susceptibility, and the extinction of vulnerable species,
while also leading to the invasion of non-native species.

To address these challenges, we need to take a holistic approach that considers climate,
wildfires, and air quality as interrelated elements of a larger system (Littell et al. 2010).
By doing so, we can better understand how to meet air-quality standards and develop
strategies for managing and mitigating the effects of wildfires. This includes both direct
and indirect management strategies (Van Der Werf et al. 2006). Direct strategies may
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involve controlled burning during specific seasons and conditions, mechanical thinning
of fuel to reduce emissions, and fire suppression when necessary to protect health.
Indirect strategies, on the other hand, may involve limiting emissions from other
sources, such as pollution from anthropogenic activities, to reduce the overall impact
on air quality (Hyslop 2009).

There are also other, less obvious ways in which human activity can influence the
system. For example, land management practices can impact the frequency and
intensity of fires, while urban development can create barriers to fire spread
(Bytnerowicz et al. 2010). These factors should also be considered when developing
management strategies (Hurteau, Koch, and Hungate 2008). Furthermore,
understanding how human activity can influence the climate-wildfire-air quality system
can help us develop better models for predicting and managing these events (Jaffe et
al. 2008). By studying this system, we can also gain valuable insights into the larger
carbon cycle and how it interacts with the climate system. This, in turn, can help us
develop more accurate models for predicting climate change and its impacts on air
quality (Stavros, Mckenzie, and Larkin 2014)

Achieving sustainable coexistence with wildfire

The intricacies of coupled wildfire socio-ecological systems (SESs) result in different
thresholds for action during different stages of wildfires. Societal pressures often
influence the extent to which scientific discoveries guide adaptive responses (Moritz et
al. 2014).

Context-specific and place-based techniques are necessary to address the many SES
challenges related to wildfires. This is because different institutional and social contexts
impact people's abilities to reduce risk, and some fire regimes are inherently
manageable (Moritz et al. 2014).

The long-term evolution of WUI and its influence on transboundary hazards are
significantly influenced by governments. As a result, it is crucial to give land-use
development more consideration (Holling and Meffe 1996). Important measures for
regulating the coupling in a wildfire SES include land-use regulations, such as building
laws linked to fire safety or construction limitations in regions that are prone to
wildfires (Buxton et al. 2011).

Effective risk mitigation inside projects and long-term control of fire regimes across
landscapes depend on addressing hazard at the WUI. While compromises and trade-
offs are unavoidable in order to balance conflicting demands, focusing risk mitigation
management efforts on the WUI reduces the likelihood of unfavourable effects on
environmental assets in those areas. Assessing these trade-offs requires improved
maps of ecosystem services, fire dangers, and the consequences of climate change
(Moritz et al. 2014).



Improved planning, management, and policies in all areas of the linked wildfire SES
issue are supported by a wealth of research. Finding solutions that consider fire's
advantages and disadvantages for human and ecological systems requires
acknowledging fire as a natural and inescapable danger (Moritz et al. 2014).

Wildland-Urban interface

The Wildland-Urban Interface (WUI) is a crucial zone where human development meets
fire-prone landscapes, crucial for understanding and managing wildfire risks as
urbanization encroaches on previously undeveloped areas. The WUI is expanding
globally, intensifying wildfire socio-ecological systems (SESs) (Moritz et al. 2014).

In the western US, the WUI grew significantly since 1970, especially in fire-prone,
privately-owned areas. Although much remains undeveloped, fire risk increases with
population growth. Similar patterns are seen in Mediterranean Europe and Australia
(Moritz et al. 2014).

Global studies are needed to understand human settlements in fire-prone zones, as
population density affects fire vulnerability. Some regions are more fire-prone
irrespective of forest cover. In the Mediterranean basin, high-density areas often see
extensive fires despite low forest cover (Bar-Massada, Radeloff, and Stewart 2014).

Recognizing diverse fire-prone environments and resident vegetation is vital for
effective fuel treatments and resource allocation (Paveglio et al. 2009). Communities
vary in their mitigation capabilities, influenced by social and institutional factors (Calkin
et al. 2014).

Mediterranean basin

The Mediterranean landscape is characterized by a mix of shrublands, oak, and pine
forests, along with pastures, cultivated areas, and abandoned agricultural fields. The
historical use of fire has significantly shaped this landscape for rangeland. On the other
hand, the dynamics of fire and vegetation have changed in recent years. Due to overuse
of land and decreased plant cover, the southern and eastern areas are experiencing
desertification and a loss of ecosystem services. Meanwhile, the northern region
experiences increased fire hazards and losses due to socioeconomic factors, with dense
shrublands and woodlands supporting high-intensity "crown" fires driven by climate
change (Pausas and Fernandez-Mufioz 2012).

European Union countries have forest policies addressing wildfires, but there is no
consensus on fire and ecosystem management. Despite investments in firefighting
capabilities and preparedness, devastating fires have still occurred in several
Mediterranean countries due to extreme fire-weather conditions. A new framework is
being proposed to promote traditional fire practices and adapt to different territorial
contexts. Prescribed burning, primarily managed at the local level, is on the rise across
Europe to moderate fuel loads and the risk of high-intensity fires. However, regional,



and national wildfire policies still focus on temporary suppression actions, raising
concerns about the environmental impacts of current fire patterns. Human-cantered
fire exclusion remains the dominant approach across most Mediterranean landscapes
(Moritz et al. 2014).

1.2 Preventing Wildfires

Various strategies and methods are being implemented to mitigate the impact of
wildfires. For example, the construction of ZIFs (Forest Intervention zones) can
incorporate prescribed fire, a common technique for controlling fuel loads in
rangelands and forests (Carreiras et al. 2014). The ZIF approach, aims to improve forest
management by addressing current constraints, improving fire protection, ensuring
coordinated interventions, and promoting sustainability (Martins and Borges 2007).
Forest owners and producers developing the Forest Management Plan are responsible
for implementing it. Funding is from a shared fund and public sources. Active
landowner participation is crucial for ZIF's success, requiring multiple information
sessions for recruitment (Valente et al. 2013).

Grazing activities in forest and rangeland areas are sometimes encouraged. In
mountainous regions, goats, are employed to manage underlying vegetation and
minimize wildfire risk. The promotion of grazing can foster landscape and economic
diversity, creating conditions conducive to increased human population (Carreiras et al.
2014).

Fire suppression infrastructure consists of equipment and systems deployed across
landscapes to assist in fire control. This includes lookout towers, initial intervention
brigades, and a road network for fast response. The infrastructure also features water
tanks and firebreaks (Carreiras et al. 2014).

Prescribed fire, a controversial technique, was first used to lower fire risk by reducing
organic matter and increasing landscape diversity. However, in recent decades, it has
been reintroduced as a tool for forest and shrubland management. It involves the
controlled burning of rangeland and undergrowth during winter under specific
environmental conditions to create a low-temperature burn. This technique helps
prevent soil and ecosystem degradation and is executed against the wind (Carreiras et
al. 2014).

Road and firebreak locations are optimized to reduce fire advancement by creating fuel
discontinuities (Valente et al., 2013). Various techniques can be used, and land planning
is essential for coordinated management. These plans identify and prioritize fire risks
and encourage discontinuities to hinder fire progression. (Martins and Borges 2007).



1.3 Detecting Wildfires

The evolution of utilizing aerial vehicles in forest fire management, dates to the 1920s
when aircraft were initially used to extinguish fires by dropping water. This method
however, had limited success, leading to a shift towards using aircraft for fire detection.
Post-World War I, in the late 1960s, aircraft usage for fire suppression, involving
airplanes and helicopters, resurfaced. However, this approach was costly and risky due
to the need for pilots to fly near fires, resulting in an increase in firefighting-related
aircraft incidents (Zohdi 2021).

Recent technological advancements in unmanned aerial vehicles UAVs have opened
new possibilities for employing aircraft in forest firefighting. Various UAV models have
been developed for early wildfire detection, such as the sophisticated drone by Krill et
al. (2012) and a project initiated by the Balkan-Med area for monitoring and forecasting
forest fires (De et al. 2019). Initial configurations involve a network of ground cameras
for continuous surveillance, but challenges such as camera placement and false
positives arise. To address these, a standby multi-rotor UAV inspects signals from
ground cameras, resolving issues and optimizing drone flight time. Comprehensive
setups involve employing both fixed-wing and rotary-wing UAVs for close monitoring
of challenging terrains. High-endurance fixed-wing UAVs, equipped with infrared
cameras, offer long-term surveillance, and transmit signals with GPS coordinates to a
control station upon detecting temperature increases. When these signals are
received, two smaller rotary-wing drones are deployed to observe the region closely
and confirm the signal's veracity. Future research involves utilizing surveillance data to
explore artificial intelligence for enhanced forest fire monitoring using UAVs (De et al.
2019).

Wireless sensor-network techniques, as suggested by Alkhatib (2014), are suitable for
providing rapid signals in the event of a forest fire outbreak. These sensor networks
have gained global attention for detecting and sensing forest fires, raising alarms,
tripping off during power surges, communicating distress messages, and differentiating
between real and false fire smoke (Okokpujie et al. 2019). They can track atmospheric
parameters, such as carbon oxides, nitrogen oxides, pressure, relative humidity, and
temperature, offering an inexpensive, self-organizing, and self-healing solution for
wireless networking. The combined use of web cameras and wireless sensor networks
is effective in hybrid wood fire detection. Additionally, use of GPS and fire-sensors
devices is more effective than traditional methods in detecting forest fires (Hartung et
al. 2006). High-tech sensor and camera devices have been employed for early wildfire
detection, capable of tracking smoke, fire thermal levels, and laser rays backscattered
from wildfire smoke (Alkhatib 2014). These devices operate on various algorithms,
providing signals on smoke and fire levels. The forest fire finder can differentiate
between organic smoke from forest fires and industrial smoke up to 15 km away,
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utilizing the principle of sunlight-absorbed chemical constituents (French, Goovaerts,
and Kasischke 2004).

Researchers have adopted spacecraft-based techniques, utilizing cutting-edge high-
resolution radiometers and common resolution imaging spectro-radiometers for timely
information and feedback on wildfire occurrences. However, these methods suffer
from limitations in accuracy, feedback, and early detection (Fernandez, Erena, and
Pecci 2012).

1.4 The Climate-Wildfire-Air Quality System

Global warming, primarily caused by increased greenhouse gases (GHGs) in the
atmosphere, leads to more frequent and larger wildfires each year. These fires, in turn,
induce various climate changes, such as altering vegetation patterns, changing the
reflectivity of surfaces within the fire area, and increasing GHG and aerosol emissions.
Through modifications to temperature and precipitation patterns, these changes also
affect the environment and ultimately increase the number of indirect fire ignitions.
Figure 1.2 illustrates this cyclical process, which creates a feedback loop that keeps
escalating the connections between air quality, wildfires, and climate (Price and Rind
1994).
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Figure 1.2. The air quality component is represented by black, the climate component by blue,
and the wildfire component by red in the conceptual space-time diagram of the climate-
wildfire-air quality system. Additionally, this graphic shows the impacts (single-pointed
arrows) and feedback loops (double-pointed arrows) of the climate-wildfire-air quality system
at various scales (Stavros, Mckenzie, and Larkin 2014).

Wildfire component

Feedback loops occur on a variety of sizes, from tiny and intermediate ones, such as
the relationship between specific fire occurrences and fuels, to larger ones, such as the
relationship between vegetation types and fire regimes. Disturbance regimes can affect
the kind of vegetation that regenerates, even though climate is a major factor in the
biological niches of many tree species (W. D. Peterson and Peterson 2001). Certain
vegetation species, such as some chaparral plants, depend on fire for regeneration,
making them flammable and contributing to fire-dependent communities (Kasischke,
Christensen, and Stocks 1995).

Climate component

The climate element of the climate-wildfire-air quality system encompasses two
processes that operate across varying temporal and spatial scales.

Firstly, climate influences weather through several feedback mechanisms within the
climate system. For instance, as the climate warms, the positions of jet streams change,
leading to shifts in the transport of air masses, thus influencing storm trajectories and
regional meteorological factors as wind, temperature, and precipitation trends.

Secondly, there is a feedback loop that connects the heat produced by combustion to
the weather. While the heat generated by flames affects local weather at intermediate
dimensions, weather conditions frequently supply the initial heat needed for
combustion at finer geographical and temporal scales. The weather in the area of
burning is statistically significantly affected by large flames that release more than 100
Wm™. The kind and structure of fuel loads are the primary determinants of plume
ascent, vertical mixing, and emissions distribution due to the non-uniform heat created
by the fire (Stavros, Mckenzie, and Larkin 2014).

Climate, wildfires, and air quality interactions

As Figure 1.2 illustrates, the interaction of air quality, wildfire, and climate stresses the
need of looking at these factors as an integrated system. The diagram's arrows show
how they interact. Heat, oxygen, and fuel are all part of an internal feedback loop. Three
subcategories of interactions are part of the loop: wildfire and air quality, climate and
air quality, and wildfire and climate. The subcategory of climate and air quality includes
the feedback loops between air quality, climate, and weather as well as wildfire and
climate. The last section, wildfire and climate, covers the effects of topography on
climate and weather, whereas the feedback loop between weather and specific fire

11



events, covers the influence of climate on fire regimes, and the feedback loop between
vegetation and weather (Stavros, Mckenzie, and Larkin 2014).

The three components namely air quality, wildfire, and climate systems are intimately
connected through fine-scale internal feedback loops involving fuel, heat, and oxygen.
These feedback loops are managed by the combustion process, which entails
preheating, the distillation and burning of volatiles, the distillation and combustion of
residual charcoal, and cooling. Fuels hold onto heat throughout the preheating process,
and this heat is enhanced as moisture evaporates. This escalation moves the ignition
process on to the next stage. More heat is produced when the flame grows larger due
to the fuel's own fuel. This causes the surrounding fuel to dry up, increasing its
flammability and facilitating combustion. If there is sufficient oxygen, fuel, and heat to
keep a flame going, this process will continue. (Stavros, Mckenzie, and Larkin 2014).

Wildfire and air quality

The kind of emissions generated are influenced by the fuel's composition, structure,
and moisture content. These factors ultimately affect air quality. Fuel moisture has an
impact on combustion's water vapour production and flammability. The kind, structure,
and chemical makeup of the burnt fuels, as well as the thoroughness and effectiveness
of the combustion process, all influence the composition of the emissions. For instance,
incomplete combustion in wildfires generates carbonaceous materials such as coarse
particulate matter and charcoal, affecting surface albedo and radiative forcing as seen
in Figure 1.3. Aerosols, which influence radiative forcing by absorbing and scattering
solar radiation, also contribute to cloud formation and can alter the albedo of snow and
ice upon deposition (Swann et al. 2010).

fire emissions &
secondary
pollutants (83%)

12



Figure 1.3. The figure illustrates the mean radiative forcing throughout an 80-year fire cycle in
a boreal forest. The percentage of the total net radiative force from each component is shown
by the numbers. Negative numbers indicate decreased forcing, whereas positive numbers
indicate increased forcing, which results in a positive feedback on climate change. The
feedback loop is closed by the dashed line, which represents the change in the climatic driving
of fire regimes (Stavros, Mckenzie, and Larkin 2014).

There is a reciprocal link between vegetation and air quality. Some plant species'
production can be impacted by bad air quality, and air quality can be influenced by
plant productivity. Exposure to tropospheric ozone (03), a secondary pollutant formed
by the reaction of nitrogen oxides (NOx) and volatile organic compounds (VOCs),
especially at high quantities, may cause certain plant species to produce less. On the
other hand, carbon dioxide (CO;) is a necessary component of photosynthesis, but
vegetation also produces volatile organic compounds (VOCs) (D. E. Ward and Hardy
1991).

Climate and air quality

A feedback loop exists between weather and air quality, where moisture from fuels
during a fire, energy generated by the fire, and ambient weather all determine how
high emissions are injected into the atmosphere, which in turn affects how they travel
and diffuse. While wet deposition eliminates the aerosols and improves air quality, dry
weather lengthens their lifespan and increases their travel distance. (Liu, 2005).

By serving as nuclei for cloud condensation or by absorbing light and affecting
precipitation, wildfire aerosols can have an impact on cloud formation. Temperature-
dependent water vapour also affects the amount of moisture that can precipitate.
Aerosols have the ability to absorb and scatter solar radiation, which can alter radiative
forcing and available light. This can then have an impact on photochemical processes
involving CO, methane (CH4), VOCs, and NOx, leading to the formation of tropospheric
ozone (Langmann et al. 2009).

Due to variations in the characteristics of aerosol species, as well as their source and
injection height, the effect of aerosol emissions on the climate system is poorly
quantified and might result in either net warming or cooling. The distribution of
aerosols and greenhouse gases (GHGs) in space and time can be changed by climate
change, which can have an impact on air quality. For example, transported emissions
from wildfires during periods of high wildfire activity in Canada can raise background
pollutant levels in the United States, especially tropospheric Os. Aerosol movement and
deposition can also alter snow surface albedo and sea ice, which affects radiative
forcing and its effects on climate as seen in Figure 1.3 (Littell et al. 2010).

Wildfire and climate

Both directly and indirectly, the climate affects the fire regime. Climate directly impacts
flammability, fuel availability, duration of the fire season, and ignitions (M. Grillakis et
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al. 2022). With a warming climate, it is anticipated that these factors would increase
yearly burnt area and lightning-ignited fires (Kitzberger et al. 2012). The most
significant predictors of area burned in places such as the south-western United States,
Chile, and the Mediterranean ecosystems of the Iberian Peninsula are factors related
to the climate of the year prior, which affects fuel availability and connectivity across
landscapes (Littell et al. 2010).

A feedback loop exists between weather and fire behaviour at both fine and
intermediate scales. In the short term, weather affects wildfire behaviour by
influencing fine-fuel moisture, fire line intensity, and spread rate. Conversely, fire
behaviour affects weather due to changes in air temperature, wind, and relative
humidity. For instance, when a fire breaks out in a basin and hot air rises, the air
column's relative humidity gradient shifts, influencing convective winds and vertical
mixing, both of which have an additional effect on the behaviour of the fire (Langmann
et al. 2009).

The weather and plants have a complicated interaction. The amount of water that
transpires and evaporates in an area is influenced by the vegetative surface cover. It
also affects local wind circulation. The local climate therefore influences the
vegetation's composition, production, and mortality (Holz et al. 2012).

Landforms have an impact on fire-climate dynamics globally because they determine
the weather at intermediate geographical scales and climate at wide regions. Different
fire regimes are seen in continental climates due to orographic restrictions on broad-
scale air circulation over land, as opposed to coastal climates. At intermediate length
scales, topography modifies the length of time that certain elements are under shadow,
impacting heat, moisture, and convective winds that are produced by air moving
between warm and cool temperatures. Rainfall amounts can be influenced by the
geography of the area, and temperature variations can have an impact on relative
humidity. Finally, individual intermediate-scale fire occurrences have an impact on
climate through alterations in surface albedo, which subsequently affects radiative
forcing and temperature (Pielke et al. 1999).

1.5 Modelling the System: Integrating Models Across Disciplines

Climate, wildfires, and air quality are frequently studied on specific scales but tend to
overlook the intricate interactions among system components (Pfister, Wiedinmyer,
and Emmons 2008). This is addressed via a process-oriented approach, which finds the
many scales at which important processes in the climate, wildfire, and air quality
system interact. There are five phases in this process: the formulation of a research
topic, the identification of relevant system elements, the determination of interaction
scales in space and time, the development or application of models at these scales, and
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the integration of models into a system framework. Understanding how climate change
affects wildfires, air quality, and climate change itself serves as an example of this
strategy. Climate, fire regime, aerosols, and greenhouse gases (GHGs) are the system's
main constituents (Wegesser, Pinkerton, and Last 2009).

Modelling the climate-wildfire-air quality system is necessary to comprehend and
measure future wildland fires and air quality deterioration. Models are simplified
depictions of reality that assist in drawing conclusions about the system. This
multifaceted system can be modelled through three crucial steps: (1) identifying its
constituents, (2) evaluating available data and tools, and (3) acknowledging the
assumptions and simplifications that could result in errors or uncertainties.

A concise overview of the available models is provided, as well as how they can be
combined to establish a framework for studying the system (Holz et al. 2012). The
uncertainties associated with each component are also recognized (McKenzie et al.
2014).

The global climate is depicted by global climate models (GCMs), which include various
feedback loops and processes at an economically feasible resolution. Nonetheless,
GCMs lack the detail needed for accurate wildfire modelling. Therefore, it is essential
to model regional climates. Two primary methods are utilized: the static approach,
which statistically downscales GCMs using gradient modelling, and the dynamic
approach, which utilizes regional climate models (RCMs) for dynamic regional climate
simulations, incorporating boundary conditions from GCMs (Stavros, Mckenzie, and
Larkin 2014).

At a regional level, climate influences vegetation directly and indirectly via disturbance
regimes, which alters the spatial distribution of vegetation (B. J. Stocks 1993). Two
dynamic climate-smart vegetation models exist: Dynamic global vegetation models or
DGVMs and Landscape fire succession models or LFSMs. DGVMs use plant functional
types (PFTs) and a fire module to simulate the relationships between vegetation, fire,
and climate (McKenzie et al. 2014). On the other hand, LFSMs create complex patterns
in the landscape that affect smoke, fire spread, and the succession of flora after a fire.
LFSMs are not as well adapted for the regional or sub-continental simulations required
to explore the climate-wildfire-air quality system as they are for testing DGVMs due to
their computational complexity (Barrett et al. 2011).

Similar to yearly area burnt, fire regime data are produced using statistical or
deterministic modelling and are used to define average circumstances. An important
area of uncertainty in the climate, wildfire, and air quality system's fire modelling is our
comprehension of heat transmission at tiny temporal scales and its effects on fuel
conditions, weather, and emissions dispersal (Bessie and Johnson 1995). Fuel does not
normally cause fire behaviour in severe weather, although heat from fires can pre-dry
fuels ahead of the flame front, making them more flammable and accelerating the
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spread of fires. It could be essential to include this feedback in models at large
geographical dimensions. Integrating fine-scale fuel and vegetation variability with
larger-scale fire-spread dynamics may enhance forecasts of the fire regime across vast
scales, while further research is needed to confirm this (Littell et al. 2010).

Often, the differences in fuel types are not well reflected by Regional Climate Models
(RCMs) and Dynamic Global Vegetation Models (DGVMs) due to their coarse
geographical resolution. Preliminary maps of fuel and vegetation are often created
using a Geographic Information System (GIS) layer, utilizing ground estimations,
satellite data, and empirical or quasi-empirical models (Ruefenacht et al. 2008). These
methods are not without uncertainty, however, particularly when it comes to how they
will affect the uneven heat output that can have an impact on plume rise, vertical
mixing, and emissions distribution (Andreae and Merlet 2001a).

First-order fire effects models (FOFEMs) are used to evaluate fuel consumption and
subsequent emissions. There are two types of FOFEMSs: one that uses process-based
heat-transfer equations, and the other that is based on empirical models derived from
field and lab consumption measurements (Andreae and Merlet 2001a). Based on these
approximations, emissions are computed, accounting for variables such as the kind and
quantity of biomass utilized, the percentage of chemical species in the fuel, and the
burning phase. Variations in the frequency of fires or the emissions variables associated
with various vegetation types give rise to uncertainties that might impact emission
estimations and consumption rates. Distinct chemical reactions that take place over
various time periods are also present during different phases of combustion. For
example, flaming combustion is short-lived, while smouldering can persist for days or
weeks, leading to potential bias in emission factor estimates. Although flaming and
smouldering are often assumed to be separate phases, in reality, they often occur
simultaneously. This assumption justifies the use of a smouldering fraction to
differentiate emission factors for different combustion phases (Andreae and Merlet
2001a).

Smoke Transport (ST) models simulate the movement and evolution of pollutants and
secondary aerosols in the atmosphere. These models use computational fluid dynamics
(CFD) to follow the flow of gases and particles in plumes. The two main types of ST
models are Eulerian and Lagrangian models. Whereas Eulerian models track the flow
of air volumes carrying a certain quantity of pollution past a defined place, Lagrangian
models track the movement of the smoke plume throughout space and time.
Lagrangian models, often called puff-dispersion or plume models, are easier to use and
appropriate for rapid evaluations of air quality. Although they need a lot of computing
power, more intricate puff or particle dispersion models are employed to forecast
surface smoke concentrations with more accuracy. Since Eulerian models incorporate
chemistry transport models (CTMs), which are sub models of atmospheric chemistry,
they more accurately represent actual atmospheric conditions (Stein et al. 2009).
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Nevertheless, modelling smoke dispersion at narrow spatial resolutions has some
uncertainty since models could either dilute the source to fit the grid or assume a single
source. Furthermore, uncertainty arises from variations in the smoke's composition
and emission concentration, which depend on the smoke plume's release height. The
quantity of heat emitted by the fire, wind speed, and atmospheric stability all affect the
injection height or plume rise. Plume profiles can be assessed using a variety of
methods, including explicit numerical simulations based on fundamental atmospheric
dynamics, buoyancy flux conversion factors, and instantaneous homogeneous mixing
assumptions. For more precise plume modelling results, it is imperative to link fine-
scale fire behaviour and canopy sub models with intermediate-scale processes.
Nevertheless, a trade-off exists between generalizing assumptions across an
intermediate size and computationally costly modelling of fine-scale dynamics over
broad regions, which adds uncertainty to ST modelling (Jeong, Park, and Youn 2008).

Global fire modelling has made great progress in our knowledge of the dynamics of
fires and how they affect climate systems. Global simulations of fire behaviour and its
interactions with climate have been achieved through the development of models such
as INFERNO (INteractive Fire and Emission Algorithm for Natural Environments) which
is also used in this thesis.INFERNO simulates the ignition, spread, and suppression of
fires by integrating a number of variables, including plant type, fuel load, and
meteorological conditions as seen in Figure 1.4 (Mangeon et al. 2016). Also part of the
larger effort includes programs like the Fire Model Intercomparison Project (FireMIP),
which compares fire models to better anticipate fire behaviour and repercussions.
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Figure 1.4. The main components of the INteractive Fire and Emission Algorithm for Natural
Environments (INFERNO) (Mangeon et al. 2016).

Representing the possibility of potential wildfire events occurring several fire weather
indices have been developed. One of the indices used worldwide to evaluate the risk
of wildfire is the Fire Weather Index (FWI), which is a component of the Canadian Forest
Fire Weather Index System (Van Wagner 1987). The McArthur Forest Fire Danger Index
(FFDI) used in Australia (Dowdy et al. 2009), and the National Fire Danger Rating System
(NFDRS) used in the United States are other noteworthy fire weather indices (Y. Liu,
Goodrick, and Heilman 2014). Based on local circumstances, each of these indices
estimates the risk of fire using a variety of factors and techniques.

Because of the FWI system's comprehensiveness and flexibility to different forest kinds
and climates, it is widely utilized. It combines several weather-based indicators such as
12:00 local time surface temperature, relative humidity, wind speed and 24-hour
precipitation to calculate the Fire Weather Index itself, the Buildup Index (BUI), the
initial spread index (ISl), the Duff Moisture Code (DMC), the Fine Fuel Moisture Code
(FFMC) and the Drought Code (DC) as seen in Figure 1.5. Surface litter and other fine
fuels' moisture content is measured using the FFMC. Whereas the DC analyses the
moisture content of deep, solid organic layers, the DMC evaluates the moisture content
of the forest floor's loosely compacted, decaying organic layer. The wind speed and
FFMC are used to calculate the ISI, which represents the rate of fire spread. To indicate
the entire amount of fuel accessible for combustion, the BUI combines the DMC and
DC. Lastly, the ISI and BUI are combined by calculate the FWI providing a general
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measure of fire intensity (B. Stocks et al. 1989).
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Figure 1.5. Structure of the Canadian Forest Fire Weather Index System FW!I (B. Stocks et al.
1989)

1.6 Research Topics Contribution and Novelty of PhD Thesis

This thesis makes three significant contributions to understanding and managing the
complex interactions between wildfires, climate change, and air pollution, particularly
within Greece and the broader Mediterranean region.

1. Projections on the Impact of Climate Change

The current thesis discusses how climate change may affect the risk of wildfires
throughout the Mediterranean in the future with a focus on Greece. Helping to
influence the region's future wildfire management and policy decisions by utilizing the
changes in fire weather forecasts, which emphasize places that may see increased fire
hazard as a result of changes in weather variables driven by climate change.

2. Interdisciplinary Integration of Models

Another important contribution is the integration of land surface and atmospheric
models to investigate the wildfire linkages with land cover change, air pollution, and
climate. The thesis delves at the processes that exist between weather patterns and
wildfire emissions. It determines the effects of wildfire-produced aerosols on
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atmospheric conditions, by changing weather patterns and impacting fire behavior
even more. Moreover, by comparing static and dynamic vegetation scenarios under
various emission paths, future burned area changes in Greece were estimated. The
simulation with dynamic vegetation shows a reduced rise in burnt areas overall,
pointing to possible moderating effects of vegetation changes, whereas the one with
static vegetation predict a general increase in burnt areas owing to drier climatic
conditions. By using both types of simulations, future wildfire hazards and the ways in
which land cover changes influence those risks may be better understood.

3. Novel Methodologies for Smoke Plume Detection

This thesis makes a technological contribution by creating an automated smoke plume
detection system using satellite data. A new approach is presented for the
identification and isolation of fire-emitted aerosols by utilizing several types of MODIS
satellite products. This development makes it easier to respond to wildfire incidents
quickly and efficiently in addition to improving the accuracy of tracking the effects of
wildfires on air pollution.

Overall, this PhD thesis fills important knowledge gaps in the dynamics of wildfires, the
effects of climate change, and the interactions between wildfires, meteorology and air
pollution. These discoveries have practical applications for enhancing wildfire planning
and response tactics in a changing environment, in addition to their academic
significance.
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2. Future climate change impact on wildfire danger
over the Mediterranean: the case of Greece

This chapter is based on the following publication:

Rovithakis, Anastasios, Manolis G. Grillakis, Konstantinos D. Seiradakis, Christos
Giannakopoulos, Anna Karali, Robert Field, Mihalis Lazaridis, and Apostolos
Voulgarakis. "Future climate change impact on wildfire danger over the
Mediterranean: the case of Greece." Environmental Research Letters 17, no. 4
(2022): 045022. https://doi.org/10.1088/1748-9326/ac5f94

Abstract

Recent studies have shown that temperature and precipitation in the Mediterranean
are expected to change, contributing to longer and more intense summer droughts
that even extend out of season. In connection to this, the frequency of forest fire
occurrence and intensity will likely increase. In the present study, the changes in future
fire danger conditions are assessed for the different regions of Greece using the
Canadian Fire Weather Index (FWI). Gridded future climate output as estimated from
three regional climate models from the Coordinated Regional Downscaling Experiment
(CORDEX) are utilized. We use three Representative Concentration Pathways (RCPs)
consisting of an optimistic emissions scenario where emissions peak and decline
beyond 2020 (RCP2.6), a middle-of-the-road scenario (RCP4.5) and a pessimistic
scenario, in terms of mitigation where emissions continue to rise throughout the
century (RCP8.5). Based on established critical fire FWI threshold values for Greece, the
future change in days with critical fire danger were calculated for different areas of the
Greek domain. The results show that fire danger is expected to progressively increase
in the future especially in the high-end climate change scenario, with southern and
eastern regions of Greece expected to have up to 40 additional days of high fire danger
relative to the late 20" century, on average. Crete, the Aegean Islands, the Attica
region, as well as parts of Peloponnese are predicted to experience a stronger increase
in fire danger.
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2.1 Introduction

Extreme wildfire events can have devastating consequences for ecosystems (Andela et
al. 2018), the atmospheric environment (Voulgarakis and Field 2015), human health
(Chuvieco et al. 2018) and the economy (Nielsen-Pincus, Moseley, and Gebert 2014).
Fire can be both a natural and an anthropogenic disturbance process prevalent across
most land surfaces with regular ignitions from humans particularly in agricultural areas
where it is often used as a tool (Abatzoglou et al. 2018). In southern Greece, a wildfire
in August 2007 resulted in a loss of 84 human lives more than 3000 destroyed houses
and 270,000 ha of burnt area. The second deadliest wildfire event ever in the country
(102 casualties) has been the recent wildfire in eastern Attica (July 2018), which burned
an area of ~1250 ha (Lagouvardos et al. 2019).

Mediterranean ecosystems are considered fire-prone, with severe associated
economic and environmental damages every year (Turco et al. 2018). Although
Mediterranean vegetation is able to cope with fire, land use changes in the area burned
and the consequent changes in fire recurrence can have consequences at landscape
level. Thus, understanding changes in fire regime and their relation to climate is a key
factor for predicting the future of Mediterranean ecosystems (Pausas 2004).

Drought events of unforeseen spatial extent and duration, are projected to occur up to
twice per decade in the future, regardless of the degree of mitigation for Europe (M.
G. Grillakis 2019). Such climate-driven changes are expected to increase the risk of fire
occurrence (Carvalho et al. 2011; Dupuy et al. 2020), reduce the time intervals between
fire events (Pausas 2004) and lengthen the duration of the fire season (Goss et al.
2020). Current trends in the Mediterranean climate and more specifically in Greece,
indicate an increase in summer droughts due to global warming (Tramblay et al. 2020).
Studies have consistently reported that climate change is expected to increase summer
temperatures especially in the southern parts of Europe by the end of the 21st century.
Projections regarding the southeastern Mediterranean region for the end of the
century have shown an increase of 1.7°C - 2.5°C for the moderate climate change
scenario (RCP4.5) and 3.5°C - 5°C for the higher-end scenario (RCP 8.5) (Zittis et al.
2019).

The FWI index is solely based on meteorological parameters, disregarding geomorphic
characteristics and vegetation types as well as related characteristics that may affect
fire spread such as land use fragmentation and topography. To this end, the FWI is
usually used along with related thresholds that have been found to work well for
specific regions and vegetation types (Dimitrakopoulos, Bemmerzouk, and Mitsopoulos
2011; De Grootetal. 2007; Karali et al. 2014). The FWI was developed for the eastern
pine forests of Canada but has been used for several areas globally like for the
Mediterranean region (Carvalho et al. 2011) (Bedia et al. 2014) Ruffault et al. (2020)
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focused on the frequency of current and future climate conditions associated with
wildfires, finding that heat-induced fire-weather is projected to increase by 14% by the
end of the century (2071-2100) under the RCP4.5 and by 30% under the RCP8.5 for the
Mediterranean. These results are fairly similar with our calculated fire weather increase
by 17% and by 26% respectively for the Greek domain. Novo and Lorenzo (2020)
utilized the FWI along with additional forest fire occurrence indicators to study how
forest management can be optimized in Spain in order to prevent the impacts of
wildfires. Moreover Bedia et al. (2014); Amatulli, Camia, and San-Miguel-Ayanz (2013)
estimated the future fire danger using the FWI for several countries bordering the
Mediterranean and found out that there is a strong correlation of the index with burnt
area for the Mediterranean region, whereas that correlation is weaker when individual
countries were examined. Giannaros, Kotroni, and Lagouvardos (2021) used the
number of days with FWI>30 as an index for the assessment of fire weather extremes
in the Euro-Mediterranean. Focusing on Greece Karali et al. (2014) have correlated the
number of fires with the FWI in order to determine the fire-related, region-specific
thresholds for the FWI. They established three critical fire danger threshold values for
the main areas of Greece based on daily mean meteorological data; these are FWI =
15, FWI = 30 and FWI = 45 increasing from the northwest to the southeast. These
macroscale differences in the FWI thresholds were calculated by correlating the
number of fires and the FWI for the different regions.

During the 2018 Attica fires, the extreme fire growth on July 23 was associated with a
sharp increase in FWI driven by hot (35 °C) and dry (RH=29%) conditions and no
precipitation during the previous two weeks (Field 2020). Giannakopoulos et al. (2011)
calculated different meteorological indices related to fire danger based on a single
regional climate model. However, there has not been a study in Greece using the FWI
from different regional climate models to reduce the influence of potential model
biases to estimate fire prone areas, correlation with input weather variables and fire
season length changes.

The present study aims to estimate future fire danger for the Greek domain using the
FWI index using climate output from EURO-CORDEX regional climate model (RCM)
simulations, as it was projected for 3 future emissions scenarios namely the RCP2.6,
RCP4.5 and RCP8.5. The regional climate model outputs have a high resolution of 0.11
degrees since the GCM’s can only model processes in coarse grid-cells which are
unsuitable for local level case studies (Navarro-Racines et al. 2020; Jacob et al. 2020).
Especially for mountainous terrains like that of Greece increasing the model’s
resolution has benefits in simulating temperature, precipitation, and wind extremes
over Europe (lles et al. 2020; Torma, Giorgi, and Coppola 2015). On the other hand
downscaling from GCM to RCM leads to sources of uncertainty which in this study is
accounted for by using the results from an ensemble of RCMs (Chokkavarapu and
Mandla 2019). Results are analyzed and compared for three time periods (1971-2000,
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2021-2050, 2069-2098) and for several key Greek regions, using metrics like the
number of days with FWI>30 as well as by calculating the FWI changes between the
aforementioned time periods. The fire season length is another useful metric
quantifying the persistence of fire weather, so we determine how much this metric is
predicted to change in the future. Based on the three models that were utilized in this
study, temperature is expected to increase by up to 2.5C in the near future (2021-
2050) and up to 5C in the distant future (2069-2098) for the RCP8.5 scenario. It is
shown that the three scenarios considered exhibit a similar warming pattern in the near
future, while temperature trajectories vary considerably beyond the 2050s.

This is the first study that assesses the impact of climate change on a fire danger index
over Greece using the output from multiple climate models. We present our data and
methods in Section 2.2, our results in Section 2.3, and our main conclusions in Section
2.4,

2.2. Data and Methodology

2.2.1 Study area characteristics

The area studied is Greece and its sub-regions located in southeastern Europe between
34° and 42° northern latitude and 19° and 28° eastern longitude, covering an area of
approximately 132,000 km? and occupying the southernmost part of the Balkan
Peninsula.

Climatologically, Greece mainly belongs to the Mediterranean climatic type. It is
characterized by mild winters during which precipitation peaks, relatively warm and dry
summers and a long sunshine duration almost throughout the year. It varies from
continental Mediterranean in the country’s north (Csa), according to the Koppen
climate classification) to subtropical Mediterranean in the far south (Csb) (Kottek et al.
2006).

Moreover, the annual cycle can be divided climatologically into a cold and rainy period
(October—March) as well as a warm and dry period (April-September), while October
and April can be characterized as transition months (Karali et al., 2014).

Situated in the eastern Mediterranean basin, Greece is also an area highly responsive
to climate change particularly with respect to temperature rise, precipitation decrease
and fire danger increase. Temperature has been documented to increase since the mid-
1970s (Tramblay et al. 2020;Giannakopoulos et al. 2011), while fire statistics indicate a
significant increase in both the number of wildfires and the burnt area
(Dimitrakopoulos, Bemmerzouk, and Mitsopoulos 2011). According to the official
records of the Greek Fire Service, the dominant vegetation types affected by wildfires
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are phryganic ecosystems, Pinus halepensis and Pinus brutia forests, Quercus coccifera
shrublands, and grasslands, which collectively cover about 39% of the total surface of
Greece (Dimitrakopoulos 2002).

2.2.2 FWI description and thresholds

There are many fire weather indices other than the FWI with the most notable ones
being the National Fire Danger Rating System in US (NFDRS) (Bradshaw et al. 1984), the
Forest Fire Danger Index (FFDI) (Noble, Gill, and Bary 1980) and a much simpler fire
weather index (F index) developed by Sharples et al. (2009) and used for Mediterranean
climates by Satir et al. (2016). Dowdy et al. (2009) have made comparisons between
the FWI and FFDI and the main conclusion is that these indexes are very similar in terms
of their fire weather predicting capability. Fire weather indices are widely used to
estimate current fire danger such as in the European Forest Fire Information System
(EFFIS), the Canadian Wildland Fire Information System (CWFIS) and the Australian FDI
forecast system.

The FWI System is composed of three fuel moisture codes and three fire behavior
indexes and uses 12:00 local time surface temperature, relative humidity, wind speed
and 24-hour precipitation as input. The Fine Fuel Moisture Code (FFMC) is a numeric
rating of the moisture content of litter and other cured fine fuels and is considered as
an indicator of the relative ease of ignition and flammability of fine fuels (B. Stocks et
al. 1989). The Duff Moisture Code (DMC) is a numeric rating of the moisture content of
loosely compacted organic (duff) layers of moderate depth. The Drought Code (DC) is
a numeric rating of the moisture content of deep compact organic layers. When it
comes to the two intermediate fire behavior indexes (steps), the Initial Spread Index
(ISI) is a numeric rating of the expected rate of fire spread. The Buildup Index (BUI) is a
numeric rating of the total amount of fuel available for combustion. The Fire Weather
Index (FWI), combines ISI and BUI to represent the intensity of a spreading fire as
energy output rate per unit length of fire front (Van Wagner 1987).

Here, a threshold of FWI = 30 has been used for determining the critical fire danger
regions, following the research of Papagiannaki et al. (2020) and Karali et al. (2014), as
a representative value for the entire Greek domain. Furthermore, the number of days
with FWI>30 was also estimated as an index quantifying the increase in fire weather
severity in the future periods when compared to the reference one.
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2.2.3 Climate data used for predictions

Readily available projection data for FWI from the Copernicus Climate Change Service
(C3S) (Giannakopoulos and Karali, 2019) were downloaded to determine the wildfire
danger over the Greek domain. This data derives from meteorological variables every
three hours of which the three hourly data at 12UTC was used as proxy for the noon
value which is needed for the FWI calculation. Simulations from three versions of the
RCAA4 regional climate model were used, driven by three different global GCMs which
were part of the EURO-CORDEX initiative (Jacob et al. 2013). The RCA4 is stated by
Kjellstrom et al. (2016) that is useful with regards to helping in the creation of
fundamental climate information. Three GCMs were used the HadGEM2-ES (UK Met
Office, UK), EC-EARTH (ICHEC, Ireland) and MPI-ESM-LR (MPI, Germany) since only
those three had the variables of interest and were available for all RCP8.5, RCP4.5 and
RCP2.6, to more accurately compare results from these scenarios. These models are
some of the most established ones able to accurately represent the climate (Jacob et
al. 2020). lles et al. (2020) studied how well EURO-CORDEX models captured reality by
comparing several meteorological parameters with gridded data based on observations
(E-OBS). They found that these models tend to overestimate temperature,
precipitation and wind speed extremes for the period 1985-2011. Also atmospheric
humidity is found to positively correlate well with temperature for these EURO-CORDEX
models (Knist et al. 2016). When it comes to the EC-EARTH GCM, it is found to represent
the main patterns of climate variability well, though with colder surface temperatures
(Hazeleger et al. 2012). Based on other studies all three models underestimate rainfall
and thus represent a slightly dryer and hotter version of the actual climate. (Ayugi et
al. 2020; Bartok et al. 2021). Le Pichon et al. (2015) used high-resolution ground-based
observations and determined that the MPI-ESM-LR and EC-EARTH have a good
agreement with wind and temperature. The RCM’s (and therefore the calculated FWI’s)
resolution is 0.11 degrees which is a novelty since it makes it possible to study the
domain of interest in detail. In order to assess the impact of climate change on wildfire
danger, an optimistic, a mid-range and a pessimistic RCP were used (Moss et al. 2010;
O’Neill et al. 2014). The RCP2.6 is an optimistic emission scenario where emissions peak
and decline beyond 2020. RCP4.5 is a mid-range climate change scenario that describes
a stabilization in the radiative forcings after 2100 (Wise et al. 2009). RCP8.5 is a high-
end climate change scenario with radiative forcing increasing steadily until 2100 and
beyond (Riahi et al. 2011). Comparisons are made using a recent reference period
(1971-2000) and two future time periods i.e. the period 2021-2050 (mid-century) and
2069-2098 (late century).
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2.2.4 Signal to noise ratio

The signal to noise ratio (SN) was also calculated as it represents the strength of the
change signal compared to natural variability (noise), and the signal stands out against
the noise when and where this ratio is large (Julien et al. 2018). The SN was calculated
individually for each grid cell and for the entire sequence of daily FWI values within the
three 30-year time periods as seen in Equation (2):

SN ‘é‘
o (2)

where SN is the signal to noise ratio of a specific variable, A is the difference between
the 30-year average FWI value of the future minus the reference periods, and o is the
standard deviation of the FWI over the reference period. Specifically, the SN was
calculated using the aforementioned way for each of the three regional climate model
simulations and then averaged to represent the ensemble mean. This same process
was followed for each of the three RCP scenarios individually and for the entire
sequence of daily values within three 30-year time periods. In Section 2.3.1, the FWI
and the values that are higher than the 90™ percentile of the SN ratio has been
calculated since this percentile has been established by other papers to be a threshold
representative of extreme values (Kirchmeier-Young et al. 2017; Wang et al. 2015).

2.2.5 Fire season length

This metric is defined by Jolly et al. (2015) and Abatzoglou, Williams, and Barbero
(2019) as the number of days each year when fire danger is above half its value range,
for each year in each grid cell. The change in fire season length was calculated for all
RCP scenarios by calculating the difference between the future periods and the
reference and by averaging the results from all individual climate models temporally as
seen in Figure 2.3 and subplots (a, b, ¢, d, e, and f) for the entire Greek domain. Wildfire
season can become longer based on conditions that allow fires to start and to burn,
e.g. extended drought, tree mortality from pine beetles and invasive species such as
cheat grass that allow fire to ignite easily and spread rapidly. (M. Flannigan et al. 2013).

2.3. Results and discussion
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2.3.1 Determining areas of increased fire danger

Based on the aforementioned FWI thresholds determined in Karali et al (2014) and
according to the Greek climatological conditions, locations where the FWI index is
greater than 30 are considered prone to fire occurrence. Initially the number of days
with FWI>30 for the reference period (1971-2000), both annually and for the fire
season (May-September) were calculated ( Figure 2.1, panels (a) and (b) respectively).
The higher values occur in the lower elevation areas. High fire danger areas are also
predominantly found along the eastern Greek coastline due to the presence of the
pindus mountain range acting as a precipitation barrier for the eastern coastline (Tsiros
et al. 2020). The higher number of days with FWI>30 for the reference period is
occurring for the coastal parts of Macedonia and Thrace, Thesssaly, Attica region,
Peloponnese and Crete.

The change in the number of days with FWI[>30 was calculated based on the average
of all three global climate models, for the near (2021-2050) and distant (2069-2098)
future Figure 2.1 panels (c, d, e, f, g, h). First the number of days with FWI>30 was
calculated for each RCM individually based on daily FWI values and then these results
were averaged to find the multi-model mean. There is a negative correlation between
the aforementioned areas in Figure 2.1, panels (a) and (b) with the areas that
experience the greatest change in number of days with FWI>30 Figure 2.1, panels (c, d,
e, f, g, h) due to saturation effects at high end climate change. The majority of those
fire prone areas exhibiting the greatest change are located at the country’s central and
southern parts according to the spatial patterns that highlight hotspots of danger in
Figure 2.1 panels (c, d, e, f, g, h). The left panels (c, e, g), which depict the change in the
number of days with FWI>30 between the near future and reference periods for all RCP
scenarios show a 2-week increase in the potential fire danger days. The left panels also
exhibit less spatial heterogeneity than the right panels. Changes for the distant future
right panels (d, f, h) are found to be more drastic, especially for the RCP8.5 having the
highest number of days with FWI>30, with some areas in central and southern Greece
featuring 14-20 additional fire danger days for the near future and 40-50 additional fire
danger days for the distant future. The RCP2.6 scenario shows a peak in the radiative
forcing of around 3 W/m? mid-century resulting in up to 14 fire danger days and a
decline afterwards to 2.6 W/m? (van Vuuren et al. 2011). This decline translates into
fairly similar distant future FWI values as those for the near future resulting in the same
fire danger days. Finally, the RCP4.5 predicts up to 20 FWI>30 days for the distant
future.

To summarize, from Figure 2.1, the Greek areas predicted to experience the greatest
increases in fire danger in the future, based solely on climatic conditions are Crete, the
Aegean Islands, the Attica region, parts of central Peloponnese and central Greece as
well as parts of Thrace.
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Figure 2.1. Panel (a) represents the annual ensemble mean total number of days (NOD) with
FWI>30 for the reference period (1970-2000). Panel (b) is the (NOD)>30 for the fire season
only of the same ensemble mean and time period as panel (a). Panels (c, d, e, f, g, h) showcase
the difference in the annual ensemble mean (NOD) with FWI>30 for every RCP scenario
separately between the future periods and the reference period. The left column corresponds
to the difference for the near future period [(2021-2050) — (1971-2000)] and the right column
to the difference for the distant future [(2069-2098) — (1971-2000)].

In addition to threshold exceedances, the multi-model mean FWI values were also
calculated based on the fire season months (May-September) of the Reference time
period from all individual regional climate models based on daily FWI values. Overlaid
on top of Figure 2.2(b) shown by the hatched areas is the extreme FWI>150
corresponding to the 90™ percentile of the maximum FWI values from the reference
period. Moreover, the changes in average FWI during the fire season months Figure
2.2 (c, d, e, f, g, h) and the corresponding signal to noise ratio (SN) of their changes
were also calculated. The values that are higher than the 90" percentile of the SN ratio
for the corresponding time period are shown as hatched areas on the Figure 2.2 (c, d,
e, f, g, h) with black lines. Using this definition, changes in the parts of Thrace and
northern Greece are subject to more noise, despite showing strong future changes.
Based on all RCP scenarios, the higher SN is occurring mainly in Central and Southern
parts of Greece and so these areas are considered to have less noise than Northern
Greece since the signal between these 3 main regions is very comparable.

Figure 2.2 (a) was made by calculating the spatial average yearly FWI values from all
models for the fire season and that was done for each of the three 30-year time periods
and for every RCP scenario separately. Since these are country wide averages an
increase of one EFFIS fire danger class is a drastic change. That way the potential
severity in fire danger is better understood. It can be seen that the three RCP scenarios
in the near future have a slightly higher mean FWI compared to the reference period,
whilst being in the same class, nonetheless. RCP4.5 in the distant future is in the same
fire danger class but has slightly higher FWI than the near future and reference period.
RCP2.6 is almost identical in the distant future to what it is for the near future. Finally,
RCP8.5 in the distant future showcase the greatest differences compared to the
reference period as it is increasing by one class (from ‘very high’ to ‘extreme’).
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Comparison of all RCPs and time periods Ensemble Mean Fire Season FWI Values (1971-2000)
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Figure 2.2. Panel (a) is a comparison of spatially averaged yearly FWI fire season values of all
RCP scenarios and time periods against the EFFIS fire danger classes shown on the right-hand
side of the y axis of panel (a). Panel (b) shows the average fire season FWI values from all models
together with the extreme FWI>150 from the period (1971-2000) as depicted by the cross

hatched regions
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Average FWI Difference (2021-2050) - (1971-2000)  Average FWI Difference (2069-2098) - (1971-2000)
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, Figure 2.2. Maps (c, d, e, f, g, h) representing the 30-year ensemble average FWI change
based on the average of all 3 different RCM-GCM simulations during the fire season months
(May-September) between the two future time periods from the reference period, for all RCP
scenarios. Hatched regions depict the values that are higher than the 90th percentile of the
SN ratio for the corresponding time period.

2.3.2 Fire season length and seasonal variability change

So far for the creation of the previous figures the typical fire season (May-September)
was used. However, to determine how the fire season has been affected during the
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three studied time periods the change in fire season length is calculated. Regarding the
maps under the RCP8.5 scenario some areas in the distant future are exhibiting an
increase in the fire season length of up to 40 days whereas the RCP4.5 scenario is
predicting an increase of up to 33 days. The RCP2.6 predicts an increase of up to 19
days. Considering the entire Greek domain by observing the bar graph of Figure 2.3
panel (g) representing the country wide fire season length change, RCP8.5 is predicting
an average increase of up to 13 days in the distant future compared to the reference,
whereas the RCP4.5 an average increase of up to 7 days. The RCP2.6 however does not
predict any increase in fire season as its emissions peak and decline beyond 2020
resulting in 3 days in the distant future, which is less than the near future estimate (4
days)
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Fire Season Length
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Figure 2.3. All model average fire season length change between the future periods (for all
future scenarios) and the reference. Subplots (a, b, ¢, d, e, and f) represent the 30-year average
difference
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Country average fire season length change
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Figure 2.3. Subplot (g) represent the entire Greek domain averaged fire season length change
for every RCP scenario and time period.

As a final step of the analysis, the change in seasonal variability between the two future
periods and the reference was examined for all RCP scenarios for the entire domain of
Greece. Figure 2.4 shows the multi-year monthly mean FWI. For the majority of the
models the summer months are exhibiting the highest change; however, for many
models there is a secondary spike for the month of September. That can be verified by
another paper from Dimitrakopoulos, Bemmerzouk, and Mitsopoulos (2011) where
they found the majority of fires to occur during the month of September for the Eastern
Mediterranean environment as they explain that no rain has occurred since late spring,
creating a prolonged drought period. The strongest increase for the distant future
under the RCP8.5 scenario in Figure 2.4b is found for the MPI-ESM-LR model during
the month of June and estimated to be 7 units. On the other hand for the near future
Figure 2.4a even though the HadGEM2-ES model shows the strongest increase in a
single month (July), the MPI-ESM-LR model shows the overall strongest average FWI
change and overall it is the model with the consistently strongest increase between all
RCP scenarios and time periods.
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Figure 2.4. Seasonal variability change between near future and reference period in sub-figure (a) and
distant future and reference period in sub-figure (b) for each of the three climate models for the entire
Greek domain, under all the tested RCP scenarios.

2.4. Conclusions

The present study evaluated the FWI index as calculated from the output of three
different regional climate model simulations. We analyse results for three time periods
(1971-2000, 2021-2050, 2069-2098), and for three climate change scenarios, i.e.
RCP2.6, RCP4.5 and RCP8.5. The following Greek areas are deemed to have the highest
fire danger in the reference period (recent past): Crete, the Aegean Islands, the Attica
region, and parts of Peloponnese. These fire prone areas seem to link closely with the
areas in Greece with the highest burnt area as found by Papagiannaki et al. (2020).
Regarding the future, the results showcase a general trend of increasing FWI index,
indicating increased wildfire danger for Greece in response to global warming.

The threshold FWI>30 has been established for the Greek climate as it represents
potential fire danger. Even though this threshold is found to be representable of the
entire Greek domain other more precise thresholds have been found ranging from
northwest to southeast Greece which might result in over or under estimates
depending on the area (Karali et al. 2014). On a broader sense, these FWI thresholds
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are custom for every country and dependent on the country’s climatological
conditions. For example in Canada where this index was created an FWI value above
30 is considered extreme (Kirchmeier-Young et al. 2017) while for a Mediterranean
type climate extreme FWI values start above 150 as seen in Figure 2.2. That is why the
country specific calibration of the index is particularly important. Based on the
threshold of FWI>30, it was calculated that in the distant future, there is the possibility
of 40-50 additional fire danger days when compared to the reference period under the
RCP8.5 scenario. This number is also in line with the fire danger days found in (Karali et
al. 2014).

In the distant future, it is also predicted for the Greek domain to experience an increase
of one fire danger class under the RCP8.5 scenario. The length of the fire season for
some areas under the RCP8.5 scenario is predicted to increase in the distant future up
to 40 days and up to 13 days when considering the entire Greek domain. Looking at the
fire season length in a global context, most of the Northern hemisphere is predicted to
experience an increase in the future of up to 20 additional days with some
Mediterranean (e.g. Greece) and central European Countries as well as eastern and
southern US states experiencing an increase of more than 20 days. (M. Flannigan et al.
2013; Wotton and Flannigan 1993). Increase in the fire season length leads to
potentially higher number of fires and thus increase in human respiratory symptoms
due to hazardous fire emitted particles (Lazaridis et al. 2008). Finally, after calculating
the seasonal variability for all available climate models a trend towards increasing FWI
average monthly values was found for the month of September.

This study is subject to certain limitations. First, the results are estimated under the
assumption of a stationary land cover which makes the threshold employed (FWI=30)
valid for the present, but potentially not valid in the distant future under a changed
climate. Furthermore, it must be noted here that the FWI estimation provided by
Copernicus is based on climate model output that is uncorrected for biases, which may
influence our results as well. Nevertheless, our results show clear indications of
increased fire danger over Greece in the future due to the ongoing climate change that
takes place and is expected to further unfold.

37



Data availability statement

The data that support the findings of this study are openly available at the following
URL/DOI:

https://cds.climate.copernicus.eu/cdsapp#!/dataset/sis-tourism-fire-danger-

dicators?tab=overview

Acknowledgements

This project is supported by the project/program "National Network on Climate Change
and its Impacts - Climpact" financed by the Public Investment Program of Greece and
based on the results from FWI simulations provided by Copernicus Climate Change
Service. Also, this research was partially funded by the Leverhulme Centre for
Wildfires, Environment, and Society through the Leverhulme Trust, grant number RC-
2018-023.

38


https://cds.climate.copernicus.eu/cdsapp#!/dataset/sis-tourism-fire-danger-dicators?tab=overview
https://cds.climate.copernicus.eu/cdsapp#!/dataset/sis-tourism-fire-danger-dicators?tab=overview

Digital Recreation with Actual Elevation Maps of the Entire Wildfire Scar in Western Attica, Greece 2021-08-17

3. Wildfire aerosols and their impact on weather: a
case study of the August 2021 fires in Greece using
the WRF-Chem model

This chapter is based on the following publications:

Rovithakis, A.; Voulgarakis, A. Modeling the Air Pollution and Weather Feedback
from Wildfire Emissions with WRF—Chem over Greece. Environ. Sci. Proc. 2023, 26,
201. https://doi.org/10.3390/environsciproc2023026201

Rovithakis, Anastasios and Voulgarakis, Apostolos, An Investigation of Fire
Emissions  Impacts on  Weather Over Greece Using  Wrf-Chem.
http://dx.doi.org/10.2139/ssrn.4576640

Abstract.

Wildfires are significant contributors to atmospheric gases and aerosols, impacting air
quality and composition. This pollution from fires also affects radiative forcing,
influencing short-term weather patterns and climate dynamics. Our research employs
the Weather Research and Forecasting model coupled with Chemistry (WRF-Chem) to
investigate the repercussions of wildfires on aerosol abundances and associated
immediate weather responses. We examine the summer season of 2021, a period
marked by severe wildfire events in the country during a heatwave period. We
conducted sensitivity experiments including and excluding wildfire emissions to
measure their effects on aerosol optical depth (AOD), radiative forcing, and weather
features such as temperature, humidity, clouds, and atmospheric circulation. Our
findings demonstrate that the radiative impacts of wildfires negatively influence the
local temperature over the fire smoke plume affected areas. Conversely, neighbouring
areas of continental Greece experience increases in temperature due to remote effects
of wildfire emissions, caused by meteorological feedbacks that reduce atmospheric
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humidity. Crucially, including fire emissions significantly improves the simulated surface
temperatures predicted by the model over the Greek domain. Our work demonstrates
that wildfire-generated aerosols can significantly impact weather conditions, and
highlights the importance of including both local radiative effects and remote
feedbacks for achieving more accurate weather prediction.

3.1 Introduction

Fire is a natural, recurring episodic event in almost all ecosystems (Bistinas et al. 2014).
However, wildfire events of unprecedented size and intensity are increasing in several
world regions and are expected to increase in frequency (Rovithakis et al. 2022; Le et
al. 2017), leading to significant ecological and socio-economic impacts (Tedim et al.
2018). These wildfires often exceed suppression capacities, leading to significant
damages and frequently resulting in fatalities among civilians and firefighters. A
significant, recent example for the Mediterranean region is the catastrophic wildfires
which occurred in early August 2021 in Greece. They arise in several Greek regions
mainly Attica and Peloponnese on August 3™ and 4™ 2021 and continued for several
days. These five wildfires collectively burnt nearly 94,000 ha, accounting for more than
70% of the 2021 total burnt area, exceeding the country’s 2008-2021 annual average
burnt area by three times. They exhibited severe fire dynamics, marked by
unpredictable fire progression, extensive ember transport, and the formation of
pyrocumulonimbus clouds (Giannaros et al. 2022). Compared to observational records
for the period 2010-2019, the first two winter months of 2021 were wetter than
average, whereas the rest of the months leading to the 2021 fire season were dryer
than average (Giannaros et al. 2022). In addition, temperatures especially for the
wildfire-affected areas were warmer than average. So overall the 2021 weather
conditions initially created fuel abundance which then efficiently dried (Giannaros et
al. 2022). During the main catastrophic wildfire events the prevailing weather
conditions were extreme with temperatures higher than 38 °C, relative humidity
between 10-15%, gusts of wind up to 48 km/h and extremely hazy atmosphere (Maura
2021)

Fire aerosols can have strong impacts on the regional and global atmospheric
environment, climate, and ecosystems (Voulgarakis and Field 2015; Sokolik et al. 2019).
They pose risk in human life, including cardiopulmonary conditions, acute and chronic
respiratory infections, and lung cancer (Cohen et al. 2005; Jethva and Torres 2019).

The major chemical components of fire aerosols are diverse and can vary depending
on the type of vegetation burning and combustion conditions, amongst other factors.
Organic carbon (OC) and black carbon (BC) are the key aerosol components emitted
during biomass burning and are primary carbonaceous aerosols resulting from
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incomplete combustion of organic material (Andreae and Merlet 2001b). Secondary
aerosols are formed in the atmosphere through the oxidation of gas-phase precursors
emitted during wildfires, leading to the production of sulphate (S042), nitrate (NO3),
and secondary organic aerosols (SOA). Other emissions from wildfires include Polycyclic
Aromatic Hydrocarbons (PAHs) that are formed during incomplete combustion
(Simoneit 2002), and inorganic gases such as nitrogen oxides (NOy), sulphur dioxide
(SO3y), carbon monoxide (CO), ammonia (NH3), and metals (Yokelson et al. 2009). Also,
trace Gases such as carbon dioxide (CO2), methane (CHa), ozone (O3), and volatile
organic compounds (VOCs) are emitted or produced in the atmosphere during wildfires
(Akagi et al. 2011).

Aerosols have the ability to affect the Earth’s climate by affecting solar radiation
(Voulgarakis and Field 2015; Papadimas et al. 2012). The effects of aerosols can be
classified into direct and indirect. Direct effects encompass the scattering of incoming
sunlight, leading to a reduction in shortwave radiation reaching the ground, as well as
the absorption of solar radiation by black carbon and other light-absorbing aerosol
particles, changing surface temperature, relative humidity and impacting cloud
formation. Indirect effects involve aerosol particles serving as cloud condensation
nuclei, impacting cloud thermodynamic properties, and as a result, cloud cover,
lifetime and precipitation (Silveira et al. 2021). Wildfire-emitted particles are estimated
to have a negative global radiative forcing and to reduce global surface temperature by
0.13 K due to direct (scattering) and indirect effects (M. G. Tosca, D. J. Diner, M.J.Garay
2014; Tosca, Randerson, and Zender 2013; Jiang et al. 2020).

The Mediterranean basin is in the crossroad of many different aerosol sources, such as
fine European originated anthropogenic aerosols, North African and Middle Eastern
desert dust, and Mediterranean maritime aerosols (Kalivitis et al. 2007). Even though
wildfire is a common disturbance in the Mediterranean ecosystem and many plant
species have adapted to it, in recent years the number of wildfires has increased
drastically, producing more aerosols in the atmosphere, affecting air quality and
radiation balance (Vilén and Fernandes, 2011; Kaskaoutis et al., 2011). The aerosols
emitted during the intense 2007 wildfires in Greece were estimated to have had
significant health impacts, while also leading to decreased incident solar radiation on
the ground and lower surface temperatures close to the forest-fire locations
(Kaskaoutis et al. 2011; Amiridis et al. 2009; Diapouli et al. 2017).

Since wildfire impact radiative forcing locally and regionally, it is natural to hypothesise
that they are also expected to influence the evolution of weather phenomena. For the
US, Zhang et al. (2022) found that wildfires increase the severity of storms and weather
hazards downstream, using modelling along with observations. However, studies of
how wildfire emissions can impact the weather have been limited. In this study, we use
the WRF-Chem v4.4.2 to model the impacts of the devastating Greek wildfires that
occurred from August 4th to August 8th, 2021, on weather, via affecting aerosol
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abundances. This research is the first to assess the significance of wildfire emissions in
an ensemble of weather simulations over the Greek domain, and one of the first studies
to do so for any region around the globe.

3.2 Data and Methodology

3.2.1 WRF-Chem model setup

WRF-Chem is a numerical weather and atmospheric simulation model that is coupled
with atmospheric chemistry (Grell et al. 2005). It can calculate the emission of
pollutants, the chemical reactions that they undergo, and their transport in the
atmosphere and transformation at multiple spatial scales (Tuladhar, Manandhar, and
Shrestha 2021). It has been widely used for simulating air pollutionimpacts from
wildfires in different parts of the globe, such as North America (D. Chen et al. 2014),
Mediterranean region of Europe (Rizza et al. 2018), Africa (J. Wang et al. 2018), and the
Middle East (Ukhov et al. 2020). Here, the domain covers the Eastern Mediterranean
region centred over the city of Athens including North Africa, Italy, the majority of the
Balkan countries and most of Turkey as seen in Figure 2.3.1a with 100 x 90 points, with
a resolution of 0.25° and 34 vertical levels up to 50 hPa. The simulations cover 14 days,
starting on July 29™, 00:00 UTC, in order to spin up aerosol fields before the main
aforementioned period of the fire events. Boundary and initial conditions were
provided from NCAR/NCEP Final Analysis (FNL from GFS) (ds083.3), with a 0.25°
resolution. An idealized vertical profile for each chemical species is provided to initialise
the model simulation. Anthropogenic emissions were provided by the 0.1° Emission
Database for Global Atmospheric Research (EDGAR). Biogenic emissions with 1 km
resolution were included in the simulation using the Model of Emissions of Gases and
Aerosols from Nature (MEGAN). These emissions can react in the atmosphere to form
secondary pollutants, such as ozone and organic aerosols, which can be detrimental for
air pollutionand climate. Daily 1 km resolution biomass burning emissions were used
from the Fire Inventory NCAR (FINN) and were zeroed in a counter-factual experiment
to study the wildfire effects on air pollution.

The RADM2 (second generation Regional Acid Deposition Model) gas-phase chemistry
mechanism with the MADE/SORGAM (Modal Aerosol Dynamics for Europe / Secondary
Organic Aerosol Model) aerosol scheme was used. RADM?2 is a mechanism that includes
about 40 gas-phase reactions and MADE/SORGAM is a comprehensive size-resolved
primary and secondary aerosol scheme designed to simulate their life cycle from
emission to transport, chemical transformation and removal considering sulphate,
organic, and black carbon aerosols and their interactions with chemical and physical
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processes in the atmosphere. This combination of gas-phase chemistry and aerosol
scheme is often used for regional air pollutionsimulations (Adams 2001).

The Morrison and Gettelman (2008) aerosol microphysics scheme was used which
focuses on the role of aerosols in cloud formation and precipitation and is based on the
two-moment bulk microphysics scheme. Six species of water are included: vapour,
cloud droplets, cloud ice, rain, snow, and graupel/hail. Predicting both number
concentration and mixing ratio, known as two-moments prediction, enables a more
robust treatment of particle size distributions. These distributions play a pivotal role in
calculating microphysical process rates and the evolution of clouds and precipitation.

The model’s horizontal resolution of 0.25 degree provides the simulations with the
necessary spatial detail for such a study (Forkel et al. 2015; Michael et al. 2022). Greece
was the centre of a simulation domain covering the Eastern Mediterranean basin,
which was deemed an adequate domain size to resolve the atmospheric systems’
movements in the internal Greek domain of interest (Lagouvardos et al. 2019; Guion et
al. 2022).

To account for weather’s random nature, the initial conditions for the variables of
temperature and wind speed were perturbed using a stochastic random field native to
WRF-Chem'’s initialization routine with 10 different seeds (Yu et al. 2017; Peng et al.
2017; Baker 2021). Thus, an ensemble of 10 simulations was created for both the model
experiments (with and without wildfire emissions).

3.2.2 Climate data used for comparison

Two observational datasets were used for evaluation of modelled results. Hourly
gridded 0.25° ERA5 reanalysis surface temperature data used for modelled
temperature evaluation. Reanalysis combines model data with observations from
across the world into a globally complete and consistent dataset. ERA5 reanalysis
surface temperature (Hersbach et al. 2020) in combination with ground temperature
observations from the NOANN network's automatic weather stations of the National
Observatory of Athens was an additional step to assure the model’s evaluation when it
comes to the core weather variable of interest, i.e. temperature. Velikou et al. (2022)
found that in comparison to observational data, ERA5 mean monthly temperature
biases are small and do not exceed +0.3 °C. Both these datasets inherently account for
the impact of emissions from real fire events, as they rely on real-world observational
data (Vitolo et al. 2020).

When it comes to aerosols evaluation, the MCD19A2 Version 6 data product was used
from the Moderate Resolution Imaging Spectroradiometer (MODIS) on-board the Terra
and Agua satellites, which is widely used for aerosol monitoring purposes (Grguri¢ et
al. 2014), combined with the Multi-Angle Implementation of Atmospheric Correction
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(MAIAC) Land Aerosol Optical Depth (AOD) gridded Level 2 product produced daily at a
1 kilometre (km) pixel resolution. Chew et al. (2016) found acceptable correlations
between MODIS and ground stations” AOD from AERONET. The AOD indicates the
extent to which particles in the air (aerosols) prevent light from traveling through the
atmosphere due to scattering and absorption of incoming solar radiation.

3.2.3 Selection of fire smoke plume affected areas

To draw definitive conclusions on wildfire effects, only regions within Greece
influenced by the smoke plume were analysed. These areas were identified based on
average AOD values exceeding the 90th percentile, derived from all 10 simulations that
included wildfire emissions. This approach allowed for a distinct separation of wildfire-
affected areas and facilitated a more precise comparison with the unaffected ones, and
thus is used for the figures below.

3.2.4 Error improvement

The error improvement graphs seen in Figure 3.1 and Figure 3.3 were made following
Equations (1) and (2), respectively. This was a way to track the improvement of
simulated AOD and temperature when including the fire emissions as opposed to when
ignoring them.

__ |observation—Simulation no fire emision|

Observation |
|Observation—Simulation fire emission|

[ Observation |

AOD Error improvement % *100 —

* 100 (1)

AT = |Observation — Simulation no fire emision| — |Observation — Simulation fire emission| (2)

3.3 Results

3.3.1 Model performance and the role of fire emissions

We first examined the performance of our WRF-Chem simulations in terms of
simulating aerosol abundances, as indicated by AOD, and whether the model skill in
predicting AOD is impacted when including wildfire emissions in the simulation. For
aerosols, MODIS AOD data were used to compare against. A limiting aspect is that
MODIS data are scarce for the area and the days of interest. In cases where MODIS had
somewhat consistent data such as for 8/8/2021, the simulated AOD distribution in the
wildfire-affected area of southern Greece (Figure 3.1 b2) agrees fairly well with that
found in the observational data (Figure 3.1 b1). We additionally created a fire smoke
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plume mask based on the simulated AOD values that are greater than the 90t
percentile (explained in Subsection 3.2.3). Then the MODIS as well as the WRF-Chem
values from both simulations were averaged for the areas affected by smoke and
plotted in Figure 3.1c.

It is clear that when fire emissions are activated in the model, the latter is able to
simulate the AOD with far greater accuracy, as also indicated by the error improvement
bar graph in Figure 3.1d. During the early part of the simulated period (August 1° to
37 there were constantly fire emissions in the input data representing a number of
smaller wildfires that actually occurred in that time period. Emissions then increased
sharply between August 4™ to 8™, as this is when the major Greek catastrophic wildfires
that are studied here occurred. The fact that there are AOD differences between the
two simulations in Figure 3.1c even before the 4™ of August is explained by the smaller
fires that were occurring then as seen by the presence of Black Carbon emissions in
Figure 3.2. All days show an error improvement of 20% or more, with some (i.e. August
5™ and 8™) showing an improvement of 80% or higher. The error improvement is on
average highest between the 4™ and 8™ of August, which corresponds to the more
intense fire activity days.
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Figure 3.1. Panel (a): Study area in blue colour corresponding to the non-affected areas and
the entire simulation domain in grey colour. Orange stripes inside the blue study area
represent the wildfire smoke plume affected areas that were selected based on the
methodology explained in subsection 3.2.3 in the South-eastern part of Greece.
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Figure 3.1. Comparison of WRF-Chem AOD output to MODIS observations. Panel (b1) shows a
MODIS AOD snapshot for 8/8/2021 8:40 AM. Panel (b2) is a snapshot for the same day at 9:00
AM from WRF-Chem ensemble mean output from the simulation with fire emission data.
Panel (c) shows comparison for all days, spatially averaged for the fire smoke affected areas
in the Greek domain, for MODIS and for the two WRF-Chem simulations (averaged over all 10
ensemble members). The bars on top of the boxes represent the total spread of all 10
ensemble members for each of the 2 WRF-Chem simulations whereas the boxes indicate the
spread of the middle 50% of the 10 ensemble members. Panel (d) shows the error
improvement between the two WRF-Chem simulations (w/ minus w/o fire) when compared
with the MODIS observations.
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Figure 3.2. Time evolution of the spatially averaged Black Carbon emissions over the fire
smoke affected areas in the Greek domain during the first 10 days of August.

Since our focus here is on meteorological effects of wildfire pollution, with a particular
focus on the evolution of the heatwave that was ongoing in the country, we proceed
to also assess the model skill in terms of capturing surface air temperature, and
whether this skill improves when including wildfire emissions in the simulation. We
compare to ERAS reanalysis temperature data and to ground station temperature data
from the NOANN network from the same wildfire-affected areas, as shown in Figure
3.3. From Figure 3.3c it is clear that using fire emissions, the WRF-Chem simulation
performs better, as the correlation with observations strengthens in the wildfire-
affected areas (applying the fire mask described in Subsection 3.2.3).
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Figure 3.3. Comparison of WRF-Chem surface temperature output to ERA5 reanalysis and to
ground station data (averaged over the domain). Panels (a) and (b) show the correlation
between ERA5 and WRF-Chem 2m temperature, for the two simulations. Stippled regions are
those with no significant difference between observed and simulated data as defined by the
p-values < 0.05 (i.e. good agreement with observations). Panel (c) shows the difference
between the two correlations in panel (a) and (b). Hatching indicates areas with differences
that are not significant, using standard error propagation of the results from panels (a) and
(b). Panel (d) shows the comparison of WRF-Chem simulations (averaged over all 10 ensemble
members) with ERAS data, spatially averaged for the wildfire smoke affected areas and for all
days. The bars on top of the boxes represent the total spread of all 10 ensemble members for
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each of the 2 WRF-Chem simulations, whereas the boxes indicate the spread of the middle
50% of the 10 ensemble members. Panel (e) shows the error improvement in temperature of
the two WRF-Chem simulations relative to ERAS.

Additionally, the observed and simulated temperature values were averaged across the
whole domain and their day-to-day evolution is shown in Figure 3.3d. First of all, we
note that based on Figure 3.3d, the ERA5 and NOANN network temperatures agree
very well for the region and period of interest. It is also apparent that including fire
emissions in the model, results in better simulations of the average temperature and
its variations, substantially improving the error, depicted in Figure 3.3e. Similarly, to
AOD (Figure 3.1d), the error improvement is generally greater from August 4th to 8th,
coinciding with the peak days of fire activity. During those core wildfire days, the
simulation ignoring wildfire emissions’ effects tends to underestimate temperatures by
2.5-4°C (Figure 3.3d), while this error - which was calculated based on the temporal
variation difference (ERA5-T2 w/ fire) - (ERA5-T2 w/o fire) - is reduced by 1.5-2°C when
including fire emissions clearly showcasing a fire impact (Figure 3.3e).

3.3.2 Physical mechanisms

We have established so far that WRF-Chem captures the levels and evolution of aerosol
pollution and of temperature very well, and that this performance is strengthened
when including wildfire emissions in the simulation. Therefore, our hypothesis that
wildfire aerosols are important for accurately simulating weather conditions is
supported by our results. We now delve further into the mechanisms that lead to the
improved model performance when including fire emissions in the simulation. All
difference maps in panels a-f as a result emerge from the perturbations to fire
emissions. In Figure 3.5 panels (a, b), we show surface temperature and AOD in the two
simulations and in panels b-f we explain the drivers influencing those temperature
differences. On average, for all the areas affected by the wildfire smoke plume, there
is an AOD increase between 0.1-1.5. From Figure 3.5a, it is seen that areas most
affected by the smoke plume (as indicated in Figure 3.1a) are experiencing lower
temperatures when including the fire emission effects, with decreases of up to 0.5 °C.
At the same time, much of continental Greece that lies to the west of the smoke plume
region is experiencing increases in temperature of up to 1.5 °C.

Wildfire smoke plume affected areas are experiencing lower temperatures since
aerosols reduce shortwave radiation at the surface, as seen in Figure 3.5c. Longwave
radiation changes were found to be much smaller than the changes in the shortwave
as seen in Figure 3.4, meaning that the temperature changes seen in Figure 3.5a are
explained predominantly by shortwave effects. The increases in surface temperatures
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found in western areas of continental Greece (Figure 3.5a), which are not affected
directly by the smoke plume (Figure 3.1a), occur due to a surplus of net shortwave
radiation at the surface (Figure 3.5c). This appears to be due to the fact that fire
aerosols cause a remote atmospheric circulation feedback away from the plume.
Specifically, there are water vapour reductions (Figure 3.5d) causing the atmosphere
to absorb less solar (shortwave) radiation, thus leading to more heating at the surface,
explaining the higher surface temperatures seen in Figure 3.5a. Water vapour may be
known more for its longwave effects, but it also absorbs substantially in the shortwave
(Paynter and Ramaswamy, 2014; Haywood et al., 2011). The areas experiencing higher
temperatures also feature reduced cloudiness (Figure 3.5e), also contributing to
increases in surface temperature.
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Figure 3.4. Ensemble mean differences in the longwave and shortwave radiation budget over
the fire smoke affected areas in the Greek domain, between the WRF-Chem simulations with
and without fire emissions:

We suggest that both the water vapour and the cloud reductions are causing the
increases in shortwave radiation and temperature. An induced anticyclonic circulation
pattern over most of central/western Greece when including fire emissions (Figure
3.5f), as seen in the wind field and the 850hPa geopotential height changes, appears to
be the cause behind the water vapour and cloud reduction. The geopotential height of
850 hPa was chosen as it is widely used in atmospheric science to capture low to mid-
troposphere processes, such as the development of weather systems close to the
ground (Trigo et al., 2006). This level provides a clearer picture of thermal advection
and moisture transport, which are critical in identifying and understanding the
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development of anticyclones. These features are not as clearly visible at higher levels,
such as 500 hPa, making the 850 hPa data essential for understanding the dynamics
and impacts of anticyclonic systems on weather (Richardson et al., 2021;Zhang et al.,
2020). Higher geopotential heights are associated with higher underlying surface air
pressures, and therefore with sunnier and drier weather conditions, therefore leading
to lower water vapour abundances and less cloudiness (Fujita and Sato, 2017; Tang et
al., 2020).

The smoke plume, as seen in Figure 3.1a, whilst reducing the 2m temperature in the
areas underneath, it also absorbs solar radiation due to the presence of black carbon
thus heating the air within the plume. The heated air becomes more buoyant and rises
as seen in the blue areas in Figure 3.5g, leading to a drop in surface pressure (Kochanski
etal., 2019; Liu, Goodrick and Heilman, 2014). Also dictated by the wind field circulation
anomalies as seen in Figure 3.5f, the regions that lie further to the west of the smoke
plume feature sinking air, to balance the rising air in the plume-dominated areas, thus
increasing the surface pressure and creating the aforementioned anticyclone (Sharples,
2009; Sokolik et al., 2019; Adam K Kochanski et al., 2019;Kassomenos, 2010; Tomasevic¢
et al., 2022). In general, heating perturbations such as that caused here by the smoke
plume, can generate atmospheric waves, which are crucial in the mid-latitude
circulation. The generated waves propagate through the atmosphere, transferring
energy and momentum. This propagation can cause disturbances far from the initial
perturbation site (Tomasevic et al. 2022).
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Figure 3.5. Ensemble mean differences in temperature, aerosol abundances and associated
meteorological variables, between the WRF-Chem simulations with and without fire
emissions: Panel (a): surface temperature difference at 14:00 (°C). Panel (b): AOD difference
at 14:00. Panel (c): net downward shortwave radiation difference at the surface (W/m?). Panel
(d): surface water vapour difference (kg/kg). Panel (e): total cloud fraction difference
expressed as areas with less cloud coverage during fire simulations (-0.1 - 0) and higher cloud
coverage (0 - 0.1). Panel (f): difference in geopotential height and in the wind vector at 850
hPa. Panel (g): vertical wind speed changes at 850 hPa. Blue areas experience rising air and
red areas sinking air.

Next, the effect of fire-emitted particles on the temporal evolution of temperature was
studied. We examine this through performing regressions between daily temperature
and AOD using output data from the simulation including fire emissions, as well as
observational data (Figure 3.6). The wildfire-emitted particles in the plume, scatter
some of the solar (shortwave) radiation back to space (mainly through organic carbon
effects) and absorb some of the radiation (mainly black carbon). The absorption heats
up the atmospheric column at the areas where the plume is located, while both the
absorption and the scattering contribute to shortwave cooling of the Earth’s surface
(Liu et al. 2018; Voulgarakis and Field 2015). This cooling leads to the reduction of
surface air temperatures near the locations of the wildfires and downwind from them
Figure 3.5a.

When applying a wildfire smoke mask for the Greek domain (as explained in Subsection
3.2.3) and spatially averaging over the wildfire-affected and non-affected areas seen in
Figure 3.1a (whilst considering all ensemble members), we find a clear difference in
temperature tendencies with AOD. The wildfire-affected areas display a negative
temperature tendency in this temporal analysis. On the contrary, for the non-affected
areas, the same regression reveals a positive temperature tendency. These features
are seen both in the regressions that use model results and in those using observational
data from MODIS for the AOD and ERAS for the temperature, suggesting that they
represent realistic effects of wildfire aerosols on temperature.
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Figure 3.6. Temperature regression against AOD in the simulation including fire emissions and
in observations. We find positive tendencies for areas in other parts of the country and
negative tendencies for areas collocated with the smoke plume.
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3.4 Conclusions

This study assessed the impact of the devastating Greek wildfires that occurred from
August 4th to 8th 2021 on weather, through the radiative effects of the aerosol
pollution caused by the fires. The research initially involved evaluating model-simulated
aerosol optical depth (AOD), both with and without fire emissions, against MODIS
satellite data. Results indicated that including fire emissions in the model improved the
AOD error against the observations by an average of 50%, with the most significant
improvements found during the core fire period.

When the simulated temperature output was spatially averaged and compared
temporally to ERA5 and station data, it was found that the model’s performance
improved when including wildfire emissions, with the simulation error decreasing by
1.5-2 degrees C for the wildfire days. While temperatures were found to drastically
decrease in the wildfire affected areas (by up to 0.5°C), there were also even more
drastic increases (by up to 1.5°C) in the neighbouring continental Greek areas that lie
to the west of the plume. These areas not directly affected by smoke radiative effects
are found to be receiving a higher amount of shortwave radiation when wildfire
emissions are activated. The remote feedback responsible for this increase in radiation
is attributed to a combination of decreased atmospheric water vapour concentrations
and cloud coverage, driven by an induced anticyclonic circulation over those areas. On
the contrary, for the wildfire smoke plume-affected areas, temperatures were found
to be lower when accounting for wildfire emissions because of the more
straightforward scattering effect of wildfire smoke, causing negative surface radiative
forcing and therefore driving the lower temperatures in those areas.

Our study is subject to certain limitations. Uncertainties in MODIS AOD measurements
stem from several factors, including errors in instrument calibration, inaccuracies in
cloud masking, incorrect assumptions about surface reflectance, and selection of
aerosol models (whether fine or coarse). When compared to AERONET AOD there is a
negative bias for the MODIS AOD datasets generated by the deep blue algorithm and
the opposite is true for the MODIS AOD datasets from dark target algorithm and the
merged dataset (Shi et al. 2019). We also note that to some extent the conclusions
could be model-dependent, and therefore more studies of this kind are warranted in
the future. Nevertheless, our study demonstrates a clear potential influence of intense
wildfires on weather in a Mediterranean environment, with implications for better
understanding of pollution-weather interactions and enhanced skill of weather
forecasting. It also highlights the importance of accounting for indirect meteorological
feedbacks occurring in the broader region of interest, and not only in the specific areas
where the pollution from the wildfires is located.
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4. Automatic smoke plume detection using satellites

Abstract.

A large amount of aerosols is released by wildfires, which have an effect on the
temperature and air pollution. This study evaluates the efficacy of satellite data in
identifying and separating aerosols released by wildfires in Greece between 2000 and
2018. The MODIS satellite's Aerosol Optical Depth (AOD) and Thermal Anomalies
products were employed, and their results were juxtaposed with the MERRA reanalysis
data-derived Canadian Fire Weather Index (FWI). To precisely choose AOD values
relevant to fires, a number of approaches were attempted. These included filtering
AOD using the Absorptive AOD (AAOD) and Aerosol Index (Al) products. Using thermal
anomalies to identify possible fire days and then filtering out non-fire days using the
99th percentile of AOD readings proved to be the most successful approach. The
findings showed that this approach, especially in areas with a high fire frequency such
as the Peloponnese, offered a good correlation between AOD and FWI. This study
demonstrates how air pollutionevaluations and wildfire monitoring might be enhanced
by combining thermal anomalies data with satellite-based AOD products.

4.1. Introduction

Aerosol is a general term for solid and gas particles suspended in air. Aerosols can have
an important impact on regional and global atmospheric environments, climates, and
ecosystems (Wu et al. 2020). Aerosols or ‘particulate matter (PM) are usually
categorized based on their aerodynamic diameter, and the most widely monitored
categories of aerosols are PM1g and PM;s. Particles with an aerodynamic diameter not
exceeding 10um are referred as PMio. PM1g is primarily produced by industrial or
agricultural production, construction, roadside dust, various industrial processes, and
natural processes such as the resuspension of local soil and dust storms. Particles with
an aerodynamic particle size not exceeding 2.5 um are referred as PMzs and are mainly
derived from anthropogenic emissions. PM2 s is mainly produced by anthropogenic
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combustion for transportation and energy production, and it is particularly important
in environmental policy and public health (Xie et al. 2011).

Particulate air pollution is one of the major causes of death worldwide, with
demonstrated adverse effects from both short-term and long-term exposure (Stafoggia
et al. 2019). Wildfire-related aerosols can have catastrophic effects on a variety of
human health issues, such as lung cancer, acute and chronic respiratory infections, and
cardiovascular disorders (Cohen et al., 2005; Jethva and Torres, 2019).

The most abundant pollutants emitted by fires in extratropical wildland areas, which
includes typical wildland fires in the Mediterranean, are carbon monoxide (CO),
particulate matter (aerosols, including organic carbon and black carbon, the latter also
called ‘soot’), methane (CHa), NOx, and various non-methane hydrocarbons and volatile
organic compounds (Knorr et al. 2016). Black carbon in particular results from the
incomplete combustion of fossil fuels, biofuels and biomass and is responsible for
scattering and absorbing portions of incoming solar rays, as well as absorbing radiation
from the diffuse upward rays of scattered sunlight. The net effect is a warming of the
atmosphere. It has been suggested that BC is the second most important component
of global warming after CO; in terms of direct forcing (Galdos et al. 2013).

Aerosols are also being generated by burning fossil fuels and are affected by weather
parameters such as temperature, wind speed, relative humidity and precipitation.
Temperature is one of the main drivers responsible for wildfires, which release black
carbon and other types of aerosols into the atmosphere. However, even without the
presence of wildfires, there is also a natural source of aerosols, i.e. the biogenic volatile
organic compounds (BVOC) which oxidate in the atmosphere forming semi- or non-
volatile organic compounds. Consequently, these compounds can condense onto
aerosol particles having the ability to act as cloud condensation nuclei and also
correlate positively with temperature as they are emitted under warm and sunny
conditions (Mielonen et al., 2016; Scott et al., 2014; Duncan et al., 2009). When it
comes to relative humidity, it is known that the volume of hydrophilic aerosols
increases after water uptake thereby enhancing light scattering and consequently
affecting the Earth/atmosphere radiation budget (Zang et al. 2019). Wind is responsible
for the transportation of different types of aerosols. Definite correlation was found
between surface wind speed and sea-salt aerosol concentration (Smirnov et al. 2003).
For precipitation, ground based aerosol measurements have shown that it is a quick
and effective scavenging process to the aerosols and their components in the air,
resulting in a negative correlation with aerosol particle concentration (Tang et al.,,
2005).

Several studies have highlighted the good correlation between satellite aerosol
products and their ground-level counterparts. Aerosol products from AERONET and
specifically the AOD was found to have a significant level of correlation with the
hygroscopic-corrected PM3,s concentration (Chew et al. 2016). The near-UV single
scattering albedo from the Aura-OMI satellite was found to agree within £0.03 with
that of the SKYNET ground measurements (Hiren Jethva and Torres 2019). Aerosol
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optical depth (AOD) from the OMI as well as the AERONET, was found to correlate well
over burnt areas (H. Jethva and Torres 2011). Zeydan and Wang, (2019) used AOD data
from the MODIS satellite and developed regression models to predict ground level
concentrations of PM;s. Khoshsima et al. (2014) found that the AOD-PM1p correlation
decreases with increasing relative humidity, while the AOD-PMjq correlation
coefficient increases as wind speed increases.

Other studies have found that incorporating the FWI in fire emission models improves
their ability to capture the variability and intensity of fire emissions (S. S. C. Wang et al.
2022). In adittion, it was found that when the FWI is integrated with fire radiative power
observations the estimation of fire emissions is enhanced (Di Giuseppe et al. 2018). The
present study aims to use the Canadian Fire Weather Index (FWI) which is
metereologically-based to test its predictive power regarding the increses of fire-
emitted aerosols. This is the first study using the highest values from a high resolution
1km AOD dataset that are also in close proximity to the Thermal Anomalies MODIS
satelite product to effectively detect and isolate fire-emitted aerosols which are
correlated with the FWI over the Greek domain.

4.2. Data and Methodology

4.2.1 MODIS Aerosol and Thermal Anomalies products

The satellite observed daily aerosol optical depth (AOD) and the thermal anomalies
products from MODIS were used at a spatial resolution of 1km for the time period
examined (2000-2018). Aerosol optical depth is a measure of aerosol abundances (e.g.,
urban haze, smoke, particles, desert dust, sea salt) distributed within a column of air
from the Earth's surface to the top of the atmosphere. The AOD is a unitless property
and it is equal to the negative natural logarithm of the light’s intensity at a specific
wavelength after passing through the atmosphere over the same light’s intensity
before entering the atmosphere. It is based on the principle that the suspended
particles change the way that the atmosphere reflects and absorbs sunlight.

The thermal anomalies product from MODIS also has a 1km horizontal resolution and
was used in combination with the AOD to more accurately detect fire-emitted aerosols
for the same time period (2000-2018).

For a more accurate represantation of the likelihood of fire occurrence the FWI was
calculated using reanalysis input data for the necessary weather variables such as noon
values for temperature, relative humidity, wind speed and 24 hour precipitation.

4.2.2 Detection and isolation of fire emitted aerosols
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One of the key challenges of determining the potential correlation between the FWI
and the fire-emitted aerosols (i.e. AOD) was the accurate and reliable selection of the
wildfire plumes. Selecting only the fire-influenced AOD values can be complicated.
There are satellite products such as the OMI Absorptive AOD (AAOD) which isolates the
optical thickness of absorbing-only aerosols, i.e. including mineral dust and black
carbon (BC)or the Aerosol Index (Al), which is a qualitative index reflecting the presence
of layers of aerosols with significant absorption. The main aerosol types that cause
signals detected in the Al indeed include biomass burning, but also desert dust and
volcanic ash plumes (Zhang and Liao 2016). These products were utilized initially as
masks for fire-emitted aerosol. However, using these products lead to the selection of
many days without actual fires but with equally high AOD values. It is clear from this
result, that categorizing aerosol emissions cannot be done with absolute certainty using
this simplistic method, as there can be sources producing highly absorptive aerosols
other than wildfires, such as dust events.

A more robust and reliable way of selecting the AOD values from just the fire plumes is
by first using the thermal anomalies product from MODIS to get a base selection of all
days with potential fire occurrences. To limit the selection error of potential fire days,
the MODIS AOD values higher than the daily 99* percentile was used as a secondary
step to filter out the additional days without actual fires that were previously selected
by the thermal anomalies product. By using this method, the number of fire days gets
reduced considerably, while increasing the accuracy of selecting actual fire days
further.

4.2.3 Selection of the fire plume affected areas

After having a better selection of the potential fire days as described in Section 4.2.2,
there can be still seen areas with high AOD values other than the ones affected by the
smoke plumes. So, to restrict our selection to be as close as possible to the smoke
plumes only, circular masks were generated with the center coordinates of the fire
hotspots using the thermal anomalies product from MODIS and a radius equal to the
length of the smoke plume corresponding to the 99t percentile of the AOD values that
has the closest proximity to the fire hotspot, as seen in Figure 4.1.
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Figure 4.1 Isolation and selection of smoke plume affected areas based on the 99" percentile
of the AOD values seen inside the red circles that are in close proximity to the thermal
anomalies data representing wildfire centers marked with the green circles .

4.3. Results and discussion

4.3.1 Determining the optimal smoke plume selection methodology

One of the main objectives for this study was to accurately select the fire-emitted
aerosols and the associated plume in an automated and accurate way. Initially, the
correlation between the original AOD product from MODIS and the reanalysis FWI was
performed and shown in Figure 4.2 subplot (a). Then the first selection stage of the
potential fire days was performed by using the thermal anomalies product from MODIS.
Using this product only, the days with detected hotspots from potential fires were
selected and the AOD from all pixels from the entire domain within those time steps
correlated with the corresponding FWI time steps in subplot (b), leading to stronger
correlations between FWI and AOD. However, at this stage there are likely still selected
days on which MODIS has falsely detected the presence of fires. This is why as a final
stage, days with AOD values lower than the 99t percentile were removed from the
previous selection. This resulted in a far stricter (and possibly more accurate) selection
of fire-related AOD values, making the correlation with the corresponding FWI values
even more well defined and stronger, as seen in subplot (c). Areas in subplot (c) with R
greater than 0.8 inside the white rectangle correspond to the locations affected by the
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catastrophic 2007 wildfires in the Peloponnese and Attica (Turquety et al. 2009). There
are areas outside the white rectangle with equally high correlation that have high AOD
values, likely due to dust, city air pollution or wind-driven transfer of fire-related
aerosols from nearby burnt areas.
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Figure 4.2. Temporal correlation between the different stages of fire related AOD isolation
with the corresponding FWI. Subplot (a) is the original correlation between AOD (from MODIS)
and FWI. Subplot (b) is the same correlation as subplot (a) but after selecting only the days
with potential fire hotspots using the thermal anomalies product. Subplot (c) is the same
correlation as subplot (b) but after further removing the days with AOD < 99*" percentile of
the entire domain of interest AOD values.

The methodology was expanded further to experiment with additional ways of filtering,
in order to determine which one yields best results in selecting fire-related aerosols.
Such methods included filtering the AOD results using the AAOD, the Al as well as the
thermal anomalies. Figure 4.3 shows the correlation between FWI and AOD using the
aforementioned methodologies. Subplot (a) is the correlation between AOD (from
OMI) and FWI without any filters applied whereas subplot (b) is the correlation with the
AOD (from MODIS) and FWI filtered using the Thermal Anomalies product. Subplot (c)
is the correlation between the AOD (from OMI) and FWI filtered with the 95 percentile
of the Al values whereas subplot (d) is the same concept as the subplots (c) but using
the 95 percentile AAOD product (from OMI) instead of the AOD. This product already
consists of the most absorptive aerosol values thus it doesn’t need any additional
filtering.
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Comparing the results from the AOD correlations to the AAOD ones (subplots ¢ and d)
it can be seen they have a lot of similarities. The map in subplot (a), even though
featuring lower R values, it also has similar pattern as the correlations in subplots (c)
and (d), which means that by filtering the AOD results the pattern stays the same, but
the correlation strengthens. The areas with high correlations are limited, whereas on
the other hand in subplot (b) (using the thermal anomalies product from MODIS for
filtering) they are more clearly defined and likely correspond better to the actual fire
plume locations, especially the areas in the white rectangle thus this is the chosen
filtering process. The highest correlation is observed for the areas in Peloponnese,
Attica and Evia that experienced the catastrophic wildfires of 2007, with R values
exceeding 0.8. For two representative areas with high R values in Peloponnese, the
scatter plots (e and f) were created respectively by averaging the values inside the
orange squares. Both these scatter plots show the clear positive correlation between
FWI and AOD. Even though the areas with R>0.8 are limited, these also correspond to
actual burnt areas, meaning that the FWI can potentially predict these specific high-
aerosol events well.
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Figure 4.3. Correlations between different types of AOD products with the reanalysis FWI
together with their trend lines (yellow lines). Subplot (a) is the correlation of the AOD from
OMI with the FWI. Subplot (b) is the correlation between the AOD from MODIS and the FWI,
filtered using the thermal anomalies product. Subplot (c) is the correlation between the
MODIS AOD and FWI filtered with the 95 percentile of the Al values; whereas subplot (d) is
the same concept as subplot (c) but using the 95" percentile of the AAOD instead of the AOD.
Subplots (e and f) are scatterplots of two representative areas with high R values in
Peloponnese and their respective trend lines.

4.3.2 AOD correlations with weather variables

Having found in Figure 4.3 that using the thermal anomalies product yields the best
selection of fire-related AOD, that method was used in Figure 4.4 for to study further
the correlations between AOD and the reanalysis weather variables that were used for
the FWI calculation. This way the influence of weather and on aerosol concentrations
and overall the aerosol-weather interactions can be better understood.

Subplot (a) is the correlation with relative humidity, which for the most areas without
fires has a positive correlation with AOD. That is in line with the findings from other
papers as aerosol’s volume increases under the presence of humidity, which greatly
affects the scattering of light (Zang et al., 2019; Khoshsima et al., 2014).

Subplot (b) showcases the correlation with precipitation. This plot mainly shows
positive correlations with AOD except for the burnt areas as those did not receive any
precipitation. However, that subplot is not conducive of the actual events as in reality
there was not any precipitation events during the specific selected time steps. In
addition, the areas showing signs of precipitation only appear to have received up to
5mm of rain which could be within the reanalysis margin of error and thus no concrete
conclusions can be drawn.

Subplot (c) is the correlation with wind speed. Most of the burnt areas have negative
correlation with AOD since this variable is responsible for particle transportation in the
atmosphere leading to aerosol dilution reducing their concentration (Smirnov et al.
2003) (Khoshsima et al. 2014).

Subplot (d) is the correlation of temperature with the AOD. Even though temperature
is the main driver of forest fires (M. D. Flannigan et al. 2016), it mostly has positive
correlation with AOD for all areas. This is happening as all selected days are during
summer season when Greece has consistently high temperatures.
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Figure 4.4. Correlations between AOD (from MODIS) and relative humidity in subplot (a),
precipitation in subplot (b), wind speed in subplot (c) and temperature in subplot (d) filtered
using the Thermal Anomalies product.

So far the analysis was focused on the entire domain of interest and was determined
that there are areas where an AOD increase can be predicted by observing an increase
in the FWI. However, even though the correct days with actual fire occurances were
selected, it is aparent in Figure 4.2 subplot (c) that there are additional areas with high
AQOD values. That is why the areas affected by the fire plume only were selected using
the methodology described in Section 4.2.3. Using only the areas with the white pixels
inside the red circles as seen in Figure 4.1, the scatterplots of the AOD versus the FWI
as well as the meteorological variables used for the FWI calculation were created and
presented in Figure 4.5. In this figure, mainly the days of the catastrophic 2007 wildfires
are shown with red circles as those were the only cloud free fire days since MODIS
masks out cloud covered areas. These specific 2007 wildfires are of great importance
as they represent the only 4-day event of consecutive wildfires in the period 2000-
2018, with the fifth circle 27/08/2007 being the day that fires ended whilst leaving the
atmosphere saturated with smoke.

Thus this 5-day event is a great case study as the wildfire aerosols gradually started
emitting on 23/08/2007 and gradually faded on 27/08/2007. In subplot (a), the direct
FWI and AOD correlation is even more clear, especially on the fifth day when wildfires
ended, and both the FWI and the AOD decreased. That decrease can be explained by
the weather variables on that day: the wind speed decreased (subplot (b)) limiting
further wildfire spread; temperature dropped by 6 degrees (subplot (d)) and most
importantly relative humidity increased from 20% to 45% (subplot (c)).
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It is also interesting that all fire affected areas have an FWI value greater than 30 as
seen in subplot (a). This specific value of FWI=30 was determined by Karali et al. (2014)
for Greece as a general representative threshold for fire danger using forest service fire
records. In this study we have proved the validity of their findings using a more general
methodology that can be implemented for any country.
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Figure 4.5. Average regressions between AOD from the areas affected by fire plumes directly
and the corresponding FWI together with their trend lines (yellow lines) in subplot (a), wind
speed in subplot (b), relative humidity in subplot (c) and temperature in subplot (d). Red dots
represent the consecutive days with the 2007 catastrophic wildfires.

64



4.4 Conclusions

The present study evaluated different aerosol products from the OMI and MODIS
satellites and made comparisons with the Canadian fire weather index as it was
calculated from MERRA reanalysis weather variables. Moreover, correlations between
the aforementioned products were conducted and compared, to find the most reliable
wildfire smoke plume selection process. When the AOD product is filtered using the
thermal anomalies product from MODIS, we achieved the most accurate selection of
fire days and a stronger correlation with the FWI. Additional methodologies of filtering
the AOD values were tested using the 95 percentile of the AAOD or the Al values which
yielded similar results, but not as strong or as accurate correlations.

Based on the correlation between AOD and FW!I using the thermal anomalies method,
a few key areas showcase a strong correlation. It was determined that only the areas
with R>0.8 have a positive trend, so it can be concluded that the FWI has the ability to
represent potential areas with fire activity accurately. The majority of those areas are
in the Peloponnese which is known for high fire frequency especially during the
summer months. Using the methodology for selecting just the AOD values from the fire
plume, the direct correlation between FWI and AOD was clear and was also found that
all fire affected areas had FWI>30 which represents the generally accepted national fire
danger threshold.

Using the final selection with actual smoke plume from wildfire events and applying it
to several meteorological variables as well as the FWI, it was found that the areas
underneath the smoke plume were experiencing increasing FWI, temperatures and
wind speed in conjunction with lower humidity as wildfires were increasing in size and
intensity. All those parameters led to exacerbating wildfire events.

This study is subject to certain limitations. MODIS has a cloud mask. One major
constraint is the presence of cloud cover, which can obscure satellite observations and
lead to gaps in data. Additionally, small fires less than 0.1 km? that do not generate
significant thermal anomalies or aerosol emissions and are smaller than the detection
threshold of MODIS spatial resolution might not be detected, thereby underestimating
the total number of fire events. These limitations suggest that while the current
approach is effective, there is room for improvement through the integration of
additional satellite products with higher sensitivity and the additional use of in-situ
information from ground-based observations.
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5. Estimating future burnt area changes over Greece
using the JULES-INFERNO model

This chapter is based on a manuscript that has been submitted for publication

Abstract

Our previous studies (Chapter 2 and Rovithakis et al., 2022) have shown that climatic
conditions in the Mediterranean and specifically over Greece are expected to change,
resulting in an increase in fire season length which implies increases in burnt area. Our
research presented in the current chapter employs the Joint UK Land Environment
Simulator (JULES) to investigate the repercussions of climate change and future
vegetation changes on future burnt area using UKESM1-0-LL gridded data from the
ISIMIP3b model run. In the present study, the modelled burnt area is validated against
satellite observations from Copernicus. We use three Shared Socioeconomic Pathways
(SSPs) consisting of an optimistic emissions scenario where emissions peak and decline
beyond 2020 (SSP126) a middle-of-the-road scenario (SSP370) and a pessimistic
scenario, in terms of mitigation where emissions continue to rise throughout the
century (SSP585). Our results show increased burnt area in the future compared to the
present-day period in response to overall drier climatological conditions. When
compared with the ISIMIP results with dynamic vegetation the overall burnt area was
smaller. The biggest burnt area increases were found to be in south Greece particularly
in Peloponnese due to higher future availability of heat resistant (unaffected by the
drier future climatic conditions) needle leaf trees and the smallest decreases in the
agricultural areas of northern Greece due to a reduction in the aforementioned tree
category.
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5.1 Introduction

For some ecosystems wildfires can have a positive impact serving as a catalyst for plant
life regeneration (Littell et al. 2010). However, for the vulnerable ecosystems wildfires
can have devastating effects (Andela et al. 2018). Furthermore, can cause negative
consequences when it comes to the atmospheric environment (Voulgarakis and Field
2015), human health (Chuvieco et al. 2018) and the economy (Nielsen-Pincus, Moseley,
and Gebert 2014). Future temperature projections between 2 - 5°C (Zittis et al. 2019)
in conjunction with decreasing precipitation trends have shown to increase future fire
season length up to a month for some areas over Greece, a Mediterranean type
environment (Rovithakis et al. 2022)Studying and understanding how the future burnt
area might evolve is important for providing insight to the potential future effects of
wildfires. Apart from the better known impacts on infrastructure, ecosystems, air
quality and health, fires can also affect local temperatures due to radiation forcing
resulting from their emissions (M. G. Tosca, D. J. Diner, M.J.Garay 2014; Tosca,
Randerson, and Zender 2013; Jiang et al. 2020). Moreover, their ability to affect soil
structure is making it more susceptible to runoff thus increasing the future likelihood
of flash flooding and further infrastructure destruction (Neary et al. 2012; Langmann et
al. 2009; Pfister, Wiedinmyer, and Emmons 2008). The Mediterranean basin and
specifically Greece is one of the most sensitive to global warming regions, while at the
same time being in the crossroads of many different atmospheric pollution types such
as fine anthropogenic aerosols and ozone precursors from Europe, desert dust from
North Africa and the Middle East, and maritime aerosols from the Mediterranean Sea
and the Atlantic Ocean (Kalivitis et al. 2007).

When it comes to the potential future land surface changes, several models are
projecting a forested area decrease in the tropics (Moritz et al. 2012). Over the
Mediterranean region, landscape fragmentation is projected to increase thus resulting
in a negative wildfire feedback (Riva et al. 2016). However, fire suppression tactics over
the region cause unmanaged vegetation overgrowth and subsequently higher intensity
future wildfires (Salis et al. 2022). In addition, this region is projected to have similar
agricultural expanse due to improved technology balancing the effects of climate
change (Eglin et al. 2010). The region’s intensive agricultural activity will lead to an even
more fire sensitive ecosystem and in these human influenced areas fire can increase
the landscape’s homogeneity thus increasing the extent of future burnt area (Loepfe
et al. 2010).

Other studies on the effects of land use/land cover changes on wildfires on a global
level found decreasing fire emissions in response to harvested land cover change and
increases in response to future climate change (Kloster et al. 2012). In the United
States, in regions where urbanized areas replace forests and grasslands, a future land
use/land cover pattern leads to increased surface temperature and vapour pressure
deficit, along with reduced precipitation compared to the current land use/land cover
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pattern. Conversely, in regions where croplands replace forests, the opposite trend is
observed. These alterations in local and regional atmospheric conditions result in
extended fire season and more frequent and intense wildfires (Zhong et al., 2021;
Bryant and Westerling, 2014). Mediterranean type ecosystems, have experienced
increased fire occurrence in response to changes in the agricultural/forest interface
and urban/forest interface (Gallardo et al. 2016). This paper aims to investigate the
implications of changing versus static land use on future burnt area trends in Greece.
Through a combination of modelling techniques and data analysis, we aim to provide
insights into the potential impacts of land use change on wildfire occurrence and
extent.

5.2 Data and JULES model setup

For this study, the JULES-INFERNO model was utilized to perform future burnt area
simulations with static vegetation to be compared with the equivalent JULES- INFERNO
output with dynamically changing vegetation. The latter have recently been completed
as part of the ISIMIP3b modelling experiment contributed by our collaborator Dr
Chantelle Burton from UK MetOffice. Comparison of our fixed-vegetation simulations
with the ISIMIP simulations, will isolate the role of climate-driven flammability changes
from the role of climate-driven dynamic vegetation changes in driving future burned
area changes in the area of Greece.

The Joint UK Land Environment Simulator (JULES) is an advanced land surface model
(LSM) developed to simulate the dynamics of terrestrial hydrology, vegetation, carbon
storage, and the surface exchange of water, energy, and carbon, as outlined by Clark
et al. (2011). Moreover, JULES integrates the INteractive Fire and Emission algoRithm
for Natural environments (INFERNO), which estimates fuel flammability based on a
simplified fire count model influenced by monthly average temperature, relative
humidity, and precipitation. This algorithm also considers human population density
and lightning as sources of ignition. In INFERNO, upper soil moisture reflects the
residual effects of past precipitation, which contrasts with immediate rainfall that acts
as a quick fire suppressant. Here, traditional measures of vegetation density are
replaced by a fuel load index reliant on leaf carbon and decomposable plant matter, or
litter. INFERNQ's ignition processes include variables for both anthropogenic and
natural causes, specifically lightning, as detailed by Mangeon et al. (2016). Within
JULES, the dynamic global vegetation model (DGVM) named TRIFFID (Top-down
Representation of Interactive Foliage and Flora Including Dynamics) is integral for
simulating the carbon cycle and the distribution of various plant functional types (PFTs)
(Burton et al. 2019).
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Here, the domain covers the entire globe, with a resolution of 0.5°. The simulations
cover 3 10-year periods, i.e. a reference 1980-1990 and two future ones 2030-2040
and 2080-2090. For these simulations, the same ISIMIP3b JULES configuration was
utilized (u-cc669 at vn6.2) in conjunction with the ISIMIP3b input and prescribed data
at 0.5° but without the dynamic vegetation model TRIFFID in order to compare it with
the existing ISIMIP3b simulations involving dynamic vegetation.

For model evaluation purposes, we performed two additional simulations (with and
without dynamic vegetation) driven by weather variables generated from the ISIMIP3a
modelling experiment based on observational datasets for the period 2004-2019. The
simulated burnt area from these simulations was validated against GFED5 burnt area
observations for the period 2004-2019. This period was chosen in order to be in line
with Y. Chen et al. (2023), as they found data from this period to be more consistent
since both MODIS Terra and Agua data were available. GFED5 is the newest dataset
which uses the Terra and Aqua combined monthly burned area product (MCD64A1) as
the base for calculating the 2001-2020 burned area, in combination with the fine-
resolution burned area images from Landsat or Sentinel-2 and MODIS active fire data
(Chen et al. 2023).

Output files from JULES-INFERNO with dynamic vegetation include various classes
representing distinct land cover types and vegetation functional types. For instance,
variable ‘evgndltr’ denotes the total evergreen needle leaf trees along with the litter
(fallen leaves and needles) associated with them. The class ‘evgbdltr’ indicates the
evergreen broadleaf trees including their associated litter. ‘Cdgrass’ refers to grasses
utilizing the C4 photosynthetic pathway, typically found in warmer climates and more
efficient in photosynthesis under high temperatures and intense light than C3 grasses.
Conversely, ‘C3grass’ represents grasses using the C3 photosynthetic pathway, which
are more prevalent in cooler, wetter environments and less efficient under high
temperatures and light conditions compared to C4 grasses. ‘C4crop’ signifies crops that
follow the C4 photosynthetic pathway, resembling C4 grasses in their efficiency under
high-temperature and light conditions. ‘C3crop’ pertains to crops employing the C3
photosynthetic pathway, common in cooler, wetter environments, and less efficient
under high temperatures and light compared to C4 crops. ‘Dcdndltr’ represents the
total deciduous needleleaf trees including litter associated with these trees.
‘Dedcldbdltr’ representing the total deciduous broadleaf trees including litter
associated with these trees and the ‘total’ representing the total vegetation, including
all the different types of vegetation classes (Best et al., 2011; Clark et al., 2011;
Mangeon et al., 2016).
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5.3 Results

5.3.1 Model performance

We first examined the performance of JULES-INFERNO simulation with static and
dynamically changing vegetation in terms of simulating burnt area, against GFED5
observations for years 2004-2019. For this comparison, atmospheric forcings from
actual observations (ISIMIP3a) were utilised as input data to calculate burnt area in the
simulation with static vegetation, while readily available burnt area output from
ISIMIP3a was obtained for the corresponding simulation with dynamically changing
vegetation.

A limiting factor is that fire models (such as JULES-INFERNO) only rely on weather
conditions and vegetation quantities to calculate burnt area, without any information
on actual fire ignitions, a factor that is impossible to predict, due to its stochastic
nature. This, in turn, makes it impossible to predict the extremely high 2007 actual
burnt area seen Figure 5.1 panel (d) to its full extent.

Even though there is biases of the simulations when compared to the GFED5
observations, the former can still capture the general burnt area behaviour with an
acceptable correlation for the majority of the areas in the Greek domain as seen in
Figure 5.1 panels a and b. These two panels have remarkably similar correlation, with
panel b representing the correlation with dynamically changing vegetation being
slightly worse as seen in Figure 5.1 panel c which is the difference of dynamic minus
static vegetation. That can be attributed to the additional degree of freedom in the
dynamic vegetation simulation. The simulation with prescribed static vegetation uses
observations to constrain the vegetation quantities, and since during the relatively
short period of 2004-2019 the vegetation remains fairly steady, that simulation has
slightly better correlation. The simulation with dynamic vegetation involves an
additional uncertainty that leads to a departure from the true state, and the
consequent bias.
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Figure 5.1. Panels (a) and (b) show the correlation between GFED5 and JULES-INFERNO
Burnt Area, for the simulation with static vegetation cover and the one with dynamically
changing, respectively for the period (2004-2019). Panel (c) shows the difference between the
two correlations (panel (b) - (a)). Panel (d) shows comparison for all years for the domain-wide
spatial average, between the GFED observations and the simulated Burnt Areas with static
and dynamically changing vegetation cover.

To further assess the model’s performance with static and dynamic vegetation, its
output was compared with GFED burnt area observations, shown in Figure 5.2. The
modelled annual mean burned area panel al shows significant burning in central and
northern Greece. The GFED data panel a3 also indicate high burned areas in continental
Greece but show a more pronounced hot spot in central Greece than the model. All of
the winter and spring panels (b1-b3, c1-c3) for modelled and observed burned area
show little burning activity across Greece in those seasons. The summer season shows
the best agreement between modelled and GFED data (panels d1-d3) with the main
burnt areas appearing in central and southern Greece. Both modelled panel el and
GFED panel e3 data during the Autumn season show reduced burned areas compared
to summer but still indicate notable activity in central Greece. September basically
influences the entire Autumn season mean as this is the last month with burned areas.

For the panels f1-j3 of the figure 5.2, we show results for one by one the months of the
fire season (May-September). May panels f1-f2 show minimal activity in both datasets,
with slightly more pronounced burning in central Greece areas. Burnt area starts
increasing in June panels gl1-g2, with GFED data showing more substantial activity in
central Greece. July panels h1-h2 show significant burnt areas in central and southern
Greece, with the GFED data showing more widespread burning. August panels i1-i2
feature the peak burning activity of all months, particularly in central Greece, in both
the observations and the model. During September, which is the final month with
wildfire activity panels j1-j2, burnt areas are reduced in magnitude and exist mainly in
continental Greece.

Overall, the most significant burned areas are consistently observed in central Greece.
This pattern holds true across annual, seasonal, and monthly means. Northern Greece
shows some activity, especially in autumn, which is also reflected in annual means.
Southern Greece, including parts of the Peloponnese, also experiences notable
burning, particularly during the summer months. The modelled BA consistently shows
lower values than the areas with peak values in GFED5 data and higher values in other
areas compared to the GFED observed burnt area. This discrepancy arises because the
model estimates Burnt Area based on weather parameters such as temperature,
humidity, precipitation, and wind speed, without accounting for specific ignitions which
can lead to more uniform spatial distribution. The simulation with dynamic vegetation
in all panels a2-e2 and f2-j2 shows even lower values than those with static vegetation.
However, these lower values are even more concentrated in the areas mostly affected
by fire. Despite the lower values, the model captures the overall spatial pattern of burnt
areas, with central Greece being the most affected region. One key area where the
model overestimates burnt area is Crete. Although Crete experiences high
temperatures, it lacks substantial vegetation to sustain large wildfires, which the model
does not account for, leading to this overestimation. This highlights the importance of
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integrating more comprehensive data, including vegetation and fuel loads, to improve
the accuracy of wildfire risk models since in panels d2, e2 and g2-j2 these areas are
dramatically reduced.
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Figure 5.2. Spatial distribution of the mean burned area (BA) in Greece from 2004 to 2019.
Each pair of panels compares the modelled BA with static vegetation (left) and the one with
dynamic vegetation (middle) with the Global Fire Emissions Database (GFED) observed BA
(right). Panels (al-a3) Annual mean BA (b1-b3) Winter mean BA (c1c3) Spring mean BA (d1-
d3) Summer mean BA (el-e3) Autumn mean BA (f1-f3) May mean BA (g1-g3) June mean BA
(h1-h3) July mean BA (i1-i3) August mean BA (j1-j3) September mean BA.

5.3.2 Future changes and climatic drivers

For the first experiment with static vegetation, the only factors that can influence burnt
area are the climatological conditions. Future changes in these variables in the various
scenarios are presented in Figures 5.3 and 5.4. Burnt area is projected to increase for
all areas in Greece in the distant future when compared to the reference period for all
future scenarios except for the optimistic SSP126, which projects a small decrease for
some areas of up to 0.1 km?. A similar pattern as that for the SSP126 distant future
panel emerges for all SSP scenarios for the near future (panels al-c1). Out of the panels
(al-c2) we see higher burnt area increases mainly in eastern continental Greece. Those
increases get more pronounced in the distant future for SSP370 and SSP585 (b2-c2)
reaching up to 2.5 km? additional burnt area compared to the reference period.

When it comes to the drivers of burnt area change, we see that temperature panels
(d1-f2) do not follow the east west divide present in burnt area changes seen in the top
panels of Fig. 5.3. Instead, it demonstrates a latitudinal gradient with higher
temperature changes of up to 9°C occurring in northern Greece, explaining the
somewhat boosted increases of burnt area in that area.

The relatively minor distant future burnt area decreases in SSP126 (panel a2) can be
explained by the domination of wetter conditions in the corresponding areas since this
scenario is the most optimistic one resulting in more stable climate conditions similar
to the reference period. These optimistic climatic conditions are expressed as more
precipitation (panels g2 and j2, respectively).

However, overall, the changes in precipitation panels (j1-12) are small and thus
contribute less in burnt area changes. One example of that small contribution can be
seen in panel 12 where under the most pessimistic scenario the northeastern edge of
Greece is projected to experience more precipitation in addition to increases in burnt
area seen in panel c2.

Soil moisture is an additional metric that is being influenced by various weather
variables. Precipitation directly adds water to the soil, making it the most immediate
and obvious factor affecting soil moisture levels. Temperature plays a crucial role as
higher temperatures increase the rate of evaporation from the soil and transpiration
from plants, both of which reduce soil moisture and increase vegetation flammability.
Additionally, humidity levels, which are influenced by temperature and precipitation
patterns, affect soil moisture through their impact on evaporation rates. All those
effects from these weather parameters are reflected in panels (m1-01) and (m2-p2) as
northern and central Greece appears to have the biggest decrease in soil moisture as a
response to drier weather conditions in those areas.
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Greece being located in the southeastern Mediterranean region is expected to
experience the effects of tropical expansion and consequent sub-tropical drying (Feng
and Fu, 2013;Senande-Rivera, Insua-Costa and Miguez-Macho, 2022), explaining the
aforementioned latitudinal gradient and drier future conditions favouring the overall
burnt area increases. This expansion appears to have greater impact in northern
Greece since those areas historically are not as adapted to drier conditions.
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Figure 5.3. Burned area and climate variable changes for the three SSP scenarios between the
near future and the reference period (panels al-l1). Burnt Area differences 1%

Temperature differences 2" row. Relative humidity differences 3™ row. Precipitation
differences 4™ row. Soil moisture differences 5% row.
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Figure 5.4. Burned area and climate variable changes for the three SSP scenarios between the
near future and the reference period (panels a2-12). Burnt Area differences 1% row.
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Number of Instances

Temperature differences 2™ row. Relative humidity differences 3™ row. Precipitation
differences 4™ row. Soil moisture differences 5™ row.

5.3.3 Frequency of High Burnt Area events and Connection of Burnt Area and FWI

To better understand the evolution of different burnt area sizes, Figure 5.5 was made
where it is evident that the majority of the burnt area changes in Greece fall in the 0-1
km? bin, across all scenarios and periods, suggesting that most areas will see little to no
change in burnt area size.

Also, a substantial number of instances is represented by the small burnt area reduction
bin (-1-0 km?). In that category, the number of instances is dominated by the SSP126
scenario as it suggests that mitigation efforts and lower emissions can lead to a
reduction in the areas burnt by wildfires.

The number of instances with higher burnt area bins (1-2 km?, 2-3 km? and 3-4 km?) in
comparison to the reference period follow a similar pattern in the higher emission
scenarios SSP585 and SSP370 for the late century (2080-2090). Especially concerning is
the presence of around 1000 instances across Greece in the timespan of 10 years
(2080-2090) with burnt area of 4 km? larger than in the reference period (1980-1990).
This emphasizes the potential exacerbation of wildfire activity under high greenhouse
gas emissions, which could lead to more extensive and possibly more destructive

wildfires.
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Figure 5.5. Distribution of Burnt Area size changes under different SSP Scenarios for future
periods (2030-2040 and 2080-2090) compared to the reference period (1980-1990).

The distribution of the areas mostly affected by high burnt area events greater than 12
km? corresponding to the 99 percentile of all burnt area values during the reference
period 1980-1990 can be seen in Figure 5.6. Panels a, b, and c show a clear pattern for
the most affected areas to be in eastern continental Greece, with the most pessimistic
SSP585 future scenario showcasing the highest extent of the areas, with up to 100
additional events with burnt area greater than 12 km? during the two future decades
2030-2040 and 2080-2090, compared to the reference period 1980-1990.

In the monthly burnt area frequency analysis, it can be observed that the number of
high burnt area events in the period 2080-2090 (panel e) practically doubles compared
to the period 2030-2040 (panel d). The highest frequency of those catastrophic events
occurs in July (7th month) and August (8th month) across all scenarios. It is notable to
mention that even though all emission scenarios in the period 2030-2040 do not
predict any high burnt area events in May and September, this behaviour completely
changes in the period 2080-2090 for all emission scenarios except the SSP126, with
September having 20 more high burnt area events across Greece. May, on the other
hand, does not demonstrate any change. That potential increase in catastrophic events
towards the end of the fire season is in line with the findings from our previous paper
(Rovithakis et al. 2022), where we showed that the fire season length is expected to
increase by up to a month, with the future October being like the current September.
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Figure 5.6. Frequency of high Burned Area (BA) Events greater than the 99™" percentile of the
historical period in Greece under Different SSP Scenarios. Panels a, b, and ¢ show the spatial
distribution of the frequency of high BA events for the periods 2030-2040 and 2080-2090
under SSP126, SSP370, and SSP585 scenarios, respectively. Panels (d) and (e) display the
temporal distribution of the frequency of high BA events per month aggregated for all of
Greece for the periods 2030-2040 and 2080-2090 respectively under the same SSP scenarios.
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By temporally averaging the burnt area results for all SSP scenarios for the reference
(1981-1990) and the 2 future periods (2031-2040) and (2081-2090), we compare them
with the Canadian Fire Weather Index (FWI) results from our previous study (Rovithakis
et al. 2022) for the equivalent time periods in Figure 5.7. A similar pattern is observed
where the reference period has the lowest values, the SSP585 in the distant future the
highest and the rest have similar values, demonstrating the FWI’s good skill in terms of
capturing burnt area tendencies as seen in Figure 5.7.
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Figure 5.7. Boxplots showing the evolution of burnt area for the three SSP scenarios using
JULES-INFERNO (panel a), compared to the FWI for the same time periods as calculated from
our previous study (Rovithakis et al. 2022) (panel b).

5.3.4 The role of static vs dynamic vegetation on Burnt Area

As mentioned earlier, we also use simulations provided by Chantelle Burton from the
MetOffice to see the effects of dynamic vegetation. Since those simulations start from
2015, we show the Burnt Area correlations with different weather variables for the fire
season months for the two future periods 2081-2090 and 2031-2040 in Figure 5.8.
Overall, it can be seen that higher temperatures and wind speeds, as well as lower
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relative humidity and precipitation lead to increased future burnt area across Greece
in both simulations with static and dynamic vegetation.

Specifically, northern Greece features similarly high positive correlations between
temperature (panels a and b) and wind speed (panels c and d) with burned areas, and
strong negative correlations with relative humidity (panels e and f) and precipitation
(panels g and h) in both simulations. This suggests that hotter, windier, and drier
conditions significantly contribute to larger burned areas in these regions.

Central Greece also follows a similar pattern, but with slightly reduced correlation
strengths between all-weather variables except for relative humidity panel d when
dynamic vegetation is considered. This indicates that vegetation changes can mitigate
some of the impacts of weather parameters on burned areas.

Southern Greece, including the Peloponnese, features strong correlations of burnt area
changes with relative humidity (panels e and f) and precipitation (panels g and h)
changes, but slightly weaker compared with central Greece, and less so with wind
speed (panels ¢ and d). On the other hand, the correlation with temperature (panels a
and b) is stronger than the equivalent in central Greece.

The weaker correlation between wind speed and burned area in the Peloponnese could
be explained by the region's unique geographical conditions and morphology. The
Peloponnese is characterized by mountainous terrain and fragmented landscapes,
which can disrupt wind patterns and reduce the continuous spread of fires. Studies
have shown that complex topography can lead to variable wind directions and speeds
(Moritz et al. 2014; Keeley and Zedler 2009). This effect is particularly evident in regions
with significant elevation changes and irregular landscapes, which are common in the
Peloponnese.
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Figure 5.8. Spatial correlations between burned area (BA) and various weather variables
during fire season months across Greece. Panels show comparisons between the model using

static (left column) and dynamic (right column) vegetation conditions in the JULES-INFERNO
model. Panels a and b show the correlation between temperature and burnt area. Panel cand
d show the correlation between wind speed and burnt area. Panel e and f show the correlation
between relative humidity and burnt area. Panel g and h show the correlation between
precipitation and burnt area.

Subsequently, we use the simulations with dynamic vegetation to examine burnt area
change between the distant and the near future (2081-2090) — (2031-2040) in order to
compare these results with those for the simulations with static vegetation (Figure 5.9).
Comparing panels (a-c) with (d-f), two main things become apparent: the simulation
with dynamic vegetation has somewhat smaller burnt area changes overall and the
areas experiencing the highest burnt area in panels (b) and (c) due to the previously
described climatological effects are experiencing less burnt area in the distant future
compared to the near future as seen in panels (e) and (f). The overall difference
between the simulations with static and dynamic vegetation in panels (g-i) does not
change drastically from the panels (a-c) due to the smaller values of burnt area changes
in panels (d-f). To explain the drastic difference in burnt area pattern between panels
(b-c) and (h-i), these areas were grouped under the name NG (North Greece) spatially
averaged and compared with the spatially averaged areas with similar pattern between
these four panels grouped under the name SG (South Greece) as seen in panel (i), based
on the carbon mass availability in different vegetation types seen in Figure 5.10 panels

(j-0).

Figure 5.10 panels (j-0) consist of different types of grass and trees. The latter clearly
have a longer periodicity than grass types since forests have a greater resilience to
yearly weather fluctuations. In addition, the NG areas with the deep red colour coincide
nicely with the biggest agricultural fields in Greece and thus these areas will experience
a decreasing tendency in evergreen needleleaf trees (black line) as seen in panels (j-).
Other than this reduction, grass type of vegetation has the second highest carbon mass
overall. On the other hand, SG areas not only show a small increasing tendency in the
same type of evergreen needle leaf trees, which is a dry resistant vegetation category,
but also have the second highest carbon mass stored in evergreen broad leaf trees (red
line), showcasing an increasing tendency explaining the dynamic vegetation burnt area
increases in SG areas in panels (e-f).
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Figure 5.9. Burnt Area differences between distant future and near future from the simulation
with static vegetation for the 3 SSP scenarios panels (a-c). Burnt Area differences between
distant future and near future from the simulation with dynamic vegetation for the 3 SSP
scenarios panels (d-f). Panels (g-i) show Burnt Area differences between the simulation with
static and dynamic changing vegetation. We observe two areas (NG and SG) within the domain
with the highest and lowest differences respectively in panel (i).
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Figure 5.10. To explain the highest and lowest differences respectively in Figure 5.9 panel (i)
for the areas NG and SG, panels (j-0) show comparisons of JULES variable ‘carbon mass in
vegetation’ for the years 2015-2100 to see the entire variable’s evolution and for the three
SSP scenarios spatially, averaged for NG (top row) and for SG (bottom row).
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5.4 Conclusions

The present study evaluated future burnt area changes with static vegetation as well
as assessing the importance of dynamically changing vegetation . The model-simulated
burnt area with static and dynamically changing vegetation was evaluated against
GFEDS observations. It was found that overall, the two simulations can capture the
general trend of the observed burnt area, even though years with anomalously high
burnt area cannot be captured due to the lack of fire emission data in the simulations.
In both simulations, the majority of correlation values were greater than 0.5, with
slightly lower values for the dynamic vegetation simulation.

Future climate change plays a crucial role in shaping future wildfire activity. While a
substantial portion of areas may remain stable in terms of burning, there is 1000
instances with 4 km? larger burnt area under high emission scenarios. This highlights
the importance of climate mitigation efforts to reduce emissions and the associated
impacts on wildfire regimes. Additionally, the areas experiencing the highest frequency
of catastrophic wildfire events are distributed mainly in eastern continental Greece.
Thus, these areas need even better fire management strategies and preparedness
measures. Additionally, a shift towards more catastrophic Burnt Area events has been
observed for the month of September.

It was found that higher temperatures and lower relative humidity consistently
correlate with larger burned areas across Greece, with some regional variations. The
impact of wind speed and precipitation also varies geographically, but generally it was
seen that higher wind speeds and lower precipitation are associated with increased
Burnt Areas, especially in the northern and central regions. The shift from static to
dynamic vegetation seems to reduce the strength of these correlations slightly.

The simulation with static vegetation for the two future periods projected increases of
average burnt area of 0.8 km? for the entire domain on average, with the highest values
of up to 2.5 km? in the eastern continental Greece. That was only in response to drier
climatological conditions in this region in the distant future, with temperature changes
of up to 9 °C, up to 10% lower relative humidity, and slightly reduced precipitation.
When burnt area is solely calculated on climatological conditions, it was found that the
FWI index can reflect similar changes. On the other hand, allowing the vegetation to
change dynamically led to a smaller overall distant future burnt area change of 0.3 km?
on average for the entire domain since fire is no longer igniting in areas already burnt,
as well as decreases of up to 0.02 km? for the main agricultural areas of Greece. Those
burnt area decreases were due to the decreases of needleleaf trees, as those areas are
categorized as agricultural land, which consequently led to less area available to be
burnt in the distant future.
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Our study is subject to certain limitations. The sources of uncertainties in GFED5 Burnt
Area include instrument calibration errors. When compared to GFED5, whilst the two
simulations manage to capture the overall trend, there is also a bias mainly due to the
inevitable lack of realistic fire ignition data leading to a less accurate depiction of reality.
We also note that to some extent the conclusions could be model-dependent, and
therefore more studies of this kind are warranted in the future. Nevertheless, our study
demonstrates the threat for increased burnt areas in the area of Greece in the future,
as well as a clear potential influence of the vegetation changes in shaping the future
trends in burning.

Data-code availability statement

The data that support the findings of this study are openly available at the following
URL/DOI:

Input weather variables:
https://data.isimip.org/search/tree/ISIMIP3b/InputData/climate/atmosphere/ukesm1

-0-1l/

GFEDS Burnt Area observations:

https://doi.org/10.5281/zenodo.7668423

The JULES code used in these experiments is freely available on the JULES trunk from
version 4.8 (revision 6925) onwards. The rose suite used for these experiments is u-
cc669 at vnb.2 (located in the repository at trac/rosesu/log/a/p/8/4/5 r69824). Both
the suite and the JULES code are available on the JULES FCM repository:
https://code.metoffice.gov.uk/trac/jules (registration required).
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6. Conclusions

The four main scientific studies collectively provide a comprehensive understanding of
the multifaceted challenges posed by climate change and wildfires in Mediterranean
regions, with a specific focus on Greece. Each one contributes valuable insights into
various aspects of wildfire dynamics, impacts, and management strategies.

The first paper, "Future Climate Change Impact on Wildfire Danger over the
Mediterranean: The Case of Greece," highlights the significant increase in wildfire
danger due to projected climate change scenarios. Using the Canadian Fire Weather
Index (FWI) and regional climate models, the study reveals a stark future where Greece
faces up to 40 additional days of critical fire danger annually by the late 21st century
under the SSP585 scenario. This increase is not uniform across the country, with high-
risk areas such as Crete, the Aegean Islands, Attica, and parts of the Peloponnese being
particularly vulnerable. The extension of the fire season and the associated health
impacts from particulate emissions underscore the urgent need for robust fire
management and mitigation strategies. These findings stress the importance of
regional adaptation plans tailored to local climatic and environmental conditions, in
order to effectively address the heightened fire risks posed by climate change.

The second study, "Wildfire Aerosols and Their Impact on Weather: A Case Study of the
August 2021 Fires in Greece Using the WRF-Chem Model," delves into the atmospheric
effects of wildfire aerosols and their feedback on local weather conditions. The study's
findings indicate that wildfire aerosols significantly alter atmospheric dynamics by
reducing surface solar radiation, which lowers surface temperatures for the areas
underneath the smoke plume. This research highlights the necessity of incorporating
aerosol data into weather forecasting models to enhance the precision of weather
predictions during wildfire events. Improved accuracy in forecasting can aid emergency
response efforts and inform public health agencies, ultimately contributing to better
preparedness and resilience against wildfire events.

The third study,” Automatic smoke plume detection using satellites” assessed aerosol
products from the MODIS and OMI satellites and contrasted them with the MERRA
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reanalysis data-derived Canadian Fire Weather Index (FWI). The best fire day selection
and greatest connection with FWI were obtained by filtering AOD using MODIS thermal
anomalies; areas with a correlation coefficient (R) greater than 0.8, especially in the
Peloponnese region, were shown to be at high risk of fire. Other filters produced good
but marginally less accurate results, such as the 95th percentile of AAOD or Al. Elevated
temperatures, wind speeds, reduced humidity, and rises in fire hazard (over 30,
signifying extreme fire danger) were all noted under plumes of wildfire smoke.

The fourth research project, titled "Estimating future burnt area changes over Greece
using the JULES-INFERNO model". By utilizing the Joint UK Land Environment Simulator
(JULES), the study examines the effects of static versus dynamic vegetation in future
Burnt Area. Overall, Burnt Area in the future is expected to increase due to a
combination of drier climatological conditions as well as heat resistant native plant
species except for the main agricultural areas in Greece, where burnt area is expected
to decrease.

The insights gained from these studies collectively emphasize the complexity of wildfire
management in the context of a changing climate. As climate change continues to alter
weather patterns and increase fire risks, it is imperative to develop and implement
comprehensive fire management strategies that are adaptive and region-specific.
Policymakers must prioritize the integration of advanced climate and weather
modelling tools, such as the FWI, WRF-Chem, and JULES, into fire management
planning. These tools can provide critical predictions and guide effective interventions
to mitigate wildfire risks.

Furthermore, we highlight the importance of a multi-faceted approach to wildfire
management that includes both preventative measures, such as fuel reduction, and
responsive measures, such as accurate weather forecasting and emergency response.
Public awareness and community engagement are also essential components of
effective wildfire management, as local populations play a crucial role in both
prevention and response efforts.
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7. Future Research

While these studies provide valuable insights, further research is essential to deepen
our understanding and improve wildfire management strategies. Future research may
focus on:

1. Long-term Climate Projections:

Enhancing the accuracy and granularity of climate models to better predict long-term
fire danger trends in specific regions. This includes refining future emission scenarios
and exploring additional pathways that reflect varying degrees of climate action and
policy implementation. In addition there is a growing need for more and better tailored
fire danger models since nowadays wildfires are occurring even in the northern
latitudes claiming the lives of people and destroying infrastructure and venerable
ecosystems which is why the research we are conducting at the Atmospheric
Environment and Climate Change Lab at the Technical University of Crete is so
important.

2. Aerosol-Climate Interactions:

Investigating the complex interactions between wildfire aerosols and climate,
particularly their impact on regional and global climate systems. This includes studying
the feedback loops between aerosols, cloud formation, and precipitation patterns over
longer timeframes and diverse geographic areas.

3. Integrated Fire Management Systems:

Developing integrated fire management systems that combine advanced modelling
tools, real-time data, and community-based monitoring. These systems should
facilitate proactive fire risk assessment, early warning, and coordinated response
efforts. The early detection and warning category is especially important in combating
Wildfires. Current wildfire detection technologies, such as sensor networks, UAVs, and
satellite surveillance, face several limitations including limited range, dependency on
proximity to fires, and reduced effectiveness under dense smoke or cloud cover.
However, by using a LIDAR system mounted on watch towers a non-fire atmospheric
profile can be created, optimized for different weather conditions and times of day,
enabling real-time fire detection. It also offers significant advantages, including
automation, a large operational range of 1-20 km, and ease of integration with existing
watchtowers. It can consistently perform regardless of human operation, time of day,
or weather conditions. Once a fire is detected, UAVs can be deployed to accurately
locate and track the fire front, enhancing overall fire management and response
strategies. This project aims to improve the accuracy and efficiency of wildfire
monitoring, helping to mitigate the adverse effects of wildfires.
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By addressing these research areas, scientists and policymakers can enhance their
ability to predict, prevent, and respond to wildfires, reducing the adverse impacts on
ecosystems, human health, and economy. Continuous investment in research and
innovation will be crucial to building resilient communities in the face of an increasingly

volatile climate.
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