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Abstract

Forest fires are influenced by changing climatic conditions. The changing climate and
its impact on fire frequencies have led to increased interest within the research
community in investigating climate-fire interactions at both global and regional scales.
India experiences a large number of forest fires. This thesis presents a detailed
analysis of the forest fire patterns across India, the influence of meteorological
conditions, and the projected impact of climate change on fire weather regimes by the
end-century over forests in India. For this study, Indian forests were classified into five
zones: Himalayan, Northeast, Central India, Deccan, and Western Ghat. This
classification was based on the climate and forest types of these zones. A
comprehensive analysis of MODIS active fire data from 2003 to 2021 shows spatial
heterogeneity in fire activity across India’s forest zones. The highest fire occurrence is
observed in the Northeast (NE) zone, with concentrations up to 250 fires per year in
some of the 25km grids. Temporal analysis reveals a clear seasonality, with fires

occurring mainly in the pre-monsoon months with high temperatures and low humidity.

Next, the Canadian Forest Fire Danger Rating System Fire Weather Index (CFFDRS-
FWI) system was evaluated under Indian climatic conditions. It was found that with a
spin-up period of about 365 days, the algorithm produced stable values of FWI over
the Indian forest zones. Further analysis shows that high FWI is an essential
requirement for fire occurrence. This makes FWI a good metric for estimating fire
danger. After this, a Fire Danger Rating System (FDRS) was developed and tailored
to each forest zone. This FDRS was based on the simulated FWI from the CFFDRS,

ERAS reanalysis data as meteorological input to CFFDRS and MODIS active fire



observations from 2003 to 2021 for validation. An ensemble of methods using logistic
regression, FWI percentiles, fire occurrence percentages, and k-means clustering was
employed to classify FWI values into five fire danger categories. Machine learning
techniques were introduced to reduce the subjective decisions in these methods. This

increased the efficiency of the FDRS to detect fire probability by 30-50%.

To drive this CFFDRS and compute baseline and future FWI, a high-resolution
dynamically downscaled climate projection DSCESM was used for a baseline (2006-
2015) and an end-century (2091-2100) period. DSCESM dataset is a 10-km gridded
hydrometeorological dataset over India developed by dynamic downscaling of the
bias-corrected Community Earth System Model (CESMv1) climate projections under
RCP8.5 scenario using the state-of-the-art Weather Research and Forecasting (WRF)
model. It is archived in the World Data Center for Climate (WDCC) portal at three
temporal resolutions (daily, monthly, and monthly climatology) for current (2006—
2015), mid-century (2041-2050) and end-century (2091-2100) periods. All the
DSCESM variables were extensively evaluated against reanalysis data and station
observations for the period 2006—2015. Variables such as 2-m air temperature, total
accumulated precipitation, wind speed, and relative humidity were used as input for

the CFFDRS algorithm.

To assess the impact of climate change on the Fire Weather Index (FWI) across Indian
forest zones, this study compared various aspects of baseline and future FWI, fire
weather danger, Seasonal Severity Ratings (SSR), and seasonal characteristics of fire
danger. Results indicated substantial variability in both baseline and projected fire

weather danger across different zones and within forest zones. Climate change is
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anticipated to significantly impact fire weather, with days exceeding the Very High FWI
threshold projected to increase by 30-40 days by the end of the century, despite only
a 5% rise in annual FWI values. In dry forests, severe fire weather days could increase
by up to 60% by the century’s end due to rising temperatures. In contrast, humid
forests may experience a reduction of up to 40% in severe fire weather days, attributed
to an expected increase in precipitation by the century’s end. The fire season is also
expected to extend by 3—61 days throughout India. SSR analysis suggests a peak in
fire disturbances during the pre-monsoon months (March—April-May), affecting about
55% of India’s forest area, while the post-monsoon season (September—October—
November) is likely to show minimal impact. Forests at highest risk of fire disturbances
by century’s end include moist deciduous and evergreen forests in the northern
Western Ghats (WG), mixed dry deciduous forests in central and southern Central
India (CEN), Pine and Sal forests in the Himalayas (HIM), and scrub forests in the

Deccan (DEC) zone.

This research represents one of the first efforts to quantify climate change effects on
forest fire hazards in India. The high-resolution analysis shows intricate patterns of the
relationship between weather variables and fire occurrences, which are different from
those suggested by coarser-resolution global studies. This study counters the
conventional view that fire regimes will intensify homogenously with rising
temperatures. Precipitation and humidity are likely to moderate the impact of
temperature increases under changing climate, particularly in humid zones. Such
findings highlight the importance of considering changes in monsoon dynamics
alongside temperature changes for fire-climate interaction studies. This study also has
significant policy implications and can be valuable in targeted efforts towards regional

fire hazards under evolving climate conditions.
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RIS
gIRrar aRkafda g Serary uRkfRufadt & gwifad gt 81 Siaarg uRad= adT $9& HRUT 3T i
3gf 7 81 X8 seard! 3 3w Ud &5 TR W SINI-Siearg 3id:foranell & srerme o iy THe™
I 9eTE 81 YRA B ufaay 98t Wen # g ufed gt 81 I8 XY Uey HRd § a1 ugfudt,
T uRkfRufadt & gura, JuT Hidwr § Siaarg alkadd & RO T & AW TR SHTd JHTa 6
fO=eTOT TRgd T & | 39 310 B YR Gl &1 31 SIaid Ud G BRI & YR TR UTd & —
fewTer, SWR-gd, A7 YRd, g auT Ui g1 — o avifed fovar T gl

2003 ¥ 2021 AP & MODIS Hichd 3 ST BT fARATUT HRA & I &A1 H 1T Bl RTfAeh fawwa ol
gxifar 3| affere 3 gemt IR-ud (NE) &85 & UrE 13, STal 5o 25-fh frs o ufaad 250 a@ om
B! IS gof g3 | BIATIhIHD A=Ayl & gd AR HeH § 3o diIdM Td BH TSl & 1 S
o1 At ggft Wy 9 ¥ uRaféd gt 3|

AT TRUT H, Canadian Forest Fire Danger Rating System Fire Weather Index (CFFDRS-FWI)
YUITe! T HRATY GRIRferl # uRiaro fasar 1| arar 74 fos eRTHT 365 i & -390 S1et o 91,
Ig TR YR a4 &3  fRR FWI T UGH &3l g1 3= FWI A BT 3T ST geisit & fag
3ffrard uran T, I g8 FWI Y 3T & TR & HTH T 1 Jugdd Yobdd -1l & | $TP U,

CFFDRS RIeics FWI, ERA5 JH:[dRaUT STT dyT MODIS 31T U&fUT (2003-2021) TR STHTR,
A% 99 &7 & 3FY U Fire Danger Rating System (FDRS) fa&Rid favam mam| diferiRees UM,
FWI TRECTSd, 37T 1 geT UfiRId Td k-means TR AT Sl dab-1a| o Saler ¥ FWI 1 did Sfor
T aeffepd fopan mam| w=fA @ dd-ie! o JMihe o 31 fafial & safdaures fofal & wd foear m,
ORI FDRS &1 YiasTaTult &ar H 30-50% b R §3MT| $ WUl ®I I 94T Iad Td Hias
DI FWI &1 0T & T I-ReAlegRMH, ST SISwbes Sddrg Y&UU DSCESM $T SUdI
foram | g Set ¥e 10-fott IS SR # CESMv1 JTdarg UaYul & RCP8.5 IRERT & 3iavd

WRF ATISd §RT S8 %6 d & faeyd {1 a1 8 | U8 World Data Center for Climate (WDCC) TIcd
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R &, A1 9uT AT SiRId TR IR IdHM (2006-2015), HE-T (2041-2050) T RdTed]-3id
(2091-2100) BTG S] & foTT IUAR §1 2006—2015 BT 3@ H DSCESM TRHF! BT J:fA=ATOT T
U&fuT STl & 91y 7T+ URiefur fovan |

3 &Ff § Saarg IRads & FWI TR THTG T SHTeha $HR- 8 SMYRYd Td Ufass Fwi, 3T Jrd
MR, Seasonal Severity Ratings (SSR), 94T 3T HIIH & HIGH Tl @1 a1 o1 Ts | giRormdl
T WY BId1 8 fob STeRT-SferT &1 Td o &l & HiaR ST HieH Wok o ATt 3iaR | Xdlsdl-3id a1,
3 I FWI aTel faf 1 Tiem & 3040 faA 1 gf g Tifad §, Safes aiffies Fwi & 7 5% &1 3fS
IHIAT B 1 Y a1 |, g 31T Jd arel i1 # arae gfa & SR 60% d% Jia 8l gt |
T 3R, 31 a1 H 9N gfg & BRI 40% TP B HH GHT §1 T HRA H 31T &1 79 3-61 oA
% ¢ bl g | SSR fazawur § yd-Arga HelH! (W - 3 Hs) H Taifdds (~55%) - & guifad
BH BT YT ], STafP STR-AFY (RidaR - 3fageR - FdeR) & UHIT JAaH BT | Fafferes shiaw arer
q &1 TclTed]-3id b I Uit =1e & A uderst ud HeTasR o, 7ed Ud cféoft Heg wd & fAfdid
[ Ydre! o, feHTerd & =S Ud 1 9 aul gadh & &hd o gl 9dbd g |

g LI YRA H G SR TR SAarg URad o YU &1 ARTES 3MHa HR- BT Tl TN
21 FE-Rellege fazayur 3 ug Wy g3t i dywiig wRe! Td 311 &t gersi & o9 ey affye wR
R U Fps! § fd 8| 98 31eag- URURS YROT &1 We Hrdl § fob dTaqH g & A1 31T i
YA T T J 9T | 3T Ud auf araem g & uHTa &1 faRives omgt &t o Tgferd R Tebdl
€1 T8 uRomy A vafal & uRkadHl & I & 9 ) faR A B SHIaRadsdl &l
Ygiferd e g1 g8 Ay Afa Fafor § f Iudntt 81 Yol 8 U9 &5 TR W M & Rl & FaeT
¥ Heaqyf foren-Fe e Y ThaT 7
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Introduction and literature review

Forest fires are an ecologically important phenomenon (Hutto et al., 2016; Pausas &
Keeley, 2019). These fires play an important role in ecological processes such as nutrient
cycling, seed germination, and habitat regeneration (Abedi et al., 2018; Carbutt &
Kirkman, 2022; Naveh, 1994; Zackrisson et al., 1996). However, in humid tropical forests
where natural regeneration is difficult, insufficient regeneration rates can pose a threat to
forest cover (Scheper et al., 2021). The intensification of climate-related factors is leading
to uncontrolled fires in these regions, resulting in not only forest cover reductions but also
economic losses (Jones et al., 2022; Kalogiannidis et al., 2023; Mohanty & Mithal, 2022;
Tyukavina et al., 2022; van Wees et al., 2021; Vancutsem et al., 2021). Indian forests
also have a large number of uncontrolled fires. Forest Survey of India recorded 2,23,333
forest fires between November 2021 and June 2022 and 2,12,249 between November
2022 and June 2023 (Damage Due to Forest Fire, 2023). However, these fires remain
lesser known globally owing to their smaller size and intensity than their counterparts in
Australia, California, or the Amazon. As of 2021, 54.40% of India's forests experience
occasional fires, 7.49% contend with moderately frequent fires, and 2.40% experience
high incidence levels, accounting for a significant land area of 20,074 sq km (/ndia State

Forest Report 2021, 2022).

Many factors like weather, vegetation, fuel loading, and local socioeconomic conditions
drive forest fires. Among the important factors, meteorological factors like temperature,
humidity, wind speed, and rainfall are crucial in determining fire risk. Studies across many
countries and specific forest systems have deduced evidence of changes in spatial
distribution, intensity and frequency of forest fires with the changing climate (Barbero et

al., 2015; Liu et al., 2013; Pifol et al., 1998). The major meteorological parameters that
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forest fires depend upon are temperature, relative humidity, precipitation and wind
(Barbero et al., 2015; Kirchmeier-Young et al., 2019; Liu et al.,, 2013). A warmer
atmosphere facilitates a drier surface and increases fuel availability and distribution to a
larger area (Flannigan et al., 2000). Under such conditions, any ignition will lead to an
intensified fire. However, only an increase in temperature cannot ensure an increase in
fire disturbance. Relative humidity also plays an important role in increasing fuel loading
by lowering fuel moisture (Barbero et al., 2015; Flannigan et al., 2000). Precipitation
subdues fuel availability, thus diminishing fire probability (Dimitrakopoulos &
Papaioannou, 2001). The probability of fire occurrence becomes zero beyond a certain
threshold value of rainfall (Vadrevu et al., 2019). Changes in regional and temporal
patterns and the intensity of precipitation will, in turn, affect the intensity and frequency of
fire occurrences. Changes in the fire season can also be expected with the changes in
the monsoon season. However, according to (Stocks et al., 1989), the changes in fire
patterns due to temperature and relative humidity subdues the effect on them due to
precipitation. Once the fuel availability is ensured by the parameters mentioned above,
the forest fire ignition depends largely upon wind (Flannigan et al., 2000). Wind affects
moisture availability and can also influence the intensity and spread of fire individually

(Liu et al., 2013).

The climate datasets generated by the General Circulation Models (GCMs) have enabled
the quantitative analysis of the meteorological parameters under various emission and
climate change scenarios (Barbero et al., 2015; Flannigan et al., 2000; Kirchmeier-Young
et al., 2019). According to climate projections, India will experience a warming of 4.4-4.8

°C by the end-century compared to the 1976-2005 period (Chaturvedi et al., 2012;
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Krishnan et al., 2020). Such warming is expected to affect forest fire occurrences and
severity in India. However, other factors like future changes in humidity and precipitation
are also likely to play pivotal roles in the future fire regime (Fanin et al., n.d.; Littell et al.,
2016). Higher summer temperatures and delayed monsoon cause soils to be drier for
longer, increasing the likelihood of drought and a more extended fire season (Flannigan
et al., 2006a). The hot, dry conditions also escalate fuel availability and increase the
possibility of more intense fires (Liu et al., 2013). Furthermore, climate change may affect
the timing and intensity of the monsoons. As climate change alters these weather

variables, we can expect shifts in the fire regime (Abatzoglou et al., 2019).

Globally, the rise in forest fires is often attributed to climate change, which alters weather
patterns and exacerbates fire-prone conditions (Barbero et al., 2015; Flannigan et al.,
2000; Wotton et al., 2010). Studies also show that with changes in weather patterns
induced by climate change, Indian forests are becoming more susceptible to fires
(Mohanty & Mithal, 2022). Despite the prevalence of forest fires and evidence of rapidly
changing climate patterns, no comprehensive country-scale studies have attempted to
understand and quantify the fire-climate interplay in India. Understanding how
meteorological changes impact fire patterns will be vital to predicting future fire risks and

developing effective mitigation strategies.

Addressing this gap, the broad goal of this thesis is to quantitatively assess how climate
change can influence fire weather in Indian forests. The focus is on how shifts in key
weather parameters—such as temperature, humidity, precipitation, and wind speed—
may impact fire risk across different forest types under future climate scenarios. By
examining these variables, the thesis seeks to not only highlight areas most vulnerable
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to future fire events but also provide insight into the seasonal and spatial changes in fire
risk. This understanding is critical for a more informed and targeted fire management

strategies that account for the changing climate.

With this broad goal of the thesis outlined, the following section focuses on a
comprehensive literature review of the state of the knowledge in the field of fire-climate
relationship and probable changes expected in fire regimes in future. In this section,
global efforts to understand fire-climate interactions are first discussed. Regional studies
over India are examined to identify their limitations in capturing country-scale dynamics.
The absence of high-resolution assessments addressing fire-climate interactions over
Indian forests is highlighted. The limitations of coarse-resolution global studies in
predicting future changes specific to Indian fire regimes are also discussed. Overall, the

specific research gaps are highlighted, and the key objectives of this thesis are outlined.

Literature review

Climate change is leading to severe fire regimes in the global forests (Abatzoglou &
Williams, 2016; Abram et al., n.d.; Canadell et al., n.d.; E. Lopez Gunn Caretta M.A. &
and S. Supratid R. Morgan, 2016; Flannigan et al., 2006b; Gonzalez et al., 2010). The
intensities and frequencies of fire events are likely to change in the future with the
changing climate (E. Lopez Gunn Caretta M.A. & and S. Supratid R. Morgan, 2016;
Krikken et al., n.d.; Liu et al., 2010, 2013; Moritz et al., 2012; Wotton et al., 2010). There
is also evidence of the lengthening of fire seasons in the future (Flannigan et al., 2000;
Wotton & Flannigan, 1993). Intergovernmental Panel on Climate Change Sixth

Assessment Report (IPCC ARG6) predicts an increase in the forest fire risk due to
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increasing global temperature with high confidence and quantifies this increase to be
~30% under a 4-degree warmer climate compared to the pre-industrial level with medium
confidence (John R Porter, 2022; Seneviratne et al., 2021). Despite the prevalence of
forest fires, their implications on biodiversity, and evidence of rapidly changing climate
patterns, very few studies explore a better understanding of the fire-climate dynamics in

India.

In India, several studies have examined forest fire dynamics over a particular forest or
state. Their regional focus and methodological gaps limit their use for a detailed and high-
resolution analysis of fire-climate interactions on a national scale. For instance, (Jain et
al., 2021) assessed changes in forest fire activity over central India from 2001 to 2020,
associating increased fire incidents with warmer temperatures and multiple climate
extremes. While insightful, this study is limited to central India. Similarly, (Ahmad &
Goparaju, 2018) examined forest fire data using remote sensing, finding that the months
of April and May and deciduous broadleaf forests have the highest fire incidences.
However, this study is limited to Himachal Pradesh and Uttarakhand. Another study
(Renard et al., 2012) developed a fire susceptibility model for the Western Ghats by using
a framework with Moderate Resolution Imaging Spectroradiometer (MODIS) hotspots
and a Maxent algorithm and using environmental factors like climate, topography, and
vegetation to predict fire-prone areas. (Dhar et al., 2023) focused on fire occurrence,
distribution, and risk mapping in Meghalaya using MODIS data, alongside factors like
human settlement and forest health. Such regional studies ignore broader regional
variability, which can address India's diverse forest types and does not provide insight

into fire-climate dynamics at the national level.
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Moreover, the existing studies do not assess fire behaviour in future climate change
scenarios. Kale et al. (2017) analyzed fire regimes across India from 2003 to 2013,
investigating links between fire occurrences and climatic factors like dry days, El Nifio
events, and maximum temperatures. Although this study addresses fire frequency across
India’s bio-geographic zones, its temporal focus on a limited decade restricts its
applicability under future climate change scenario assessments. Ahmad and Goparaju
(2019) conducted a national-scale assessment of long-term forest fire patterns in India,
identifying hotspot districts and analyzing spatial and seasonal trends using fire event
data over a nine-year period. They also examined fire-climate relationships in few hotspot
regions of India using National Centers for Environmental Prediction’s gridded reanalysis
data and statistical measures like the Cramer V coefficient. Although the study provides
a detailed understanding of local fire-climate associations, it is limited in scope both
spatially and temporally. The analysis to assess fire-climate relationship was done on
limited region rather than the entire country. Temporally, this study focusses on a defined
fire season (February to June) thereby excluding significant fire activity occurring in other
months, as indicated by MODIS active fire data. Moreover, the study does not assess
potential changes in fire behaviour under future climate scenarios. Another recent study
by Sagar et al. (2024) presents a comprehensive analysis of forest fire dynamics across
India between 2005 and 2022. By integrating meteorological, ecological, and socio-
environmental datasets, the study provides important insights into the spatial patterns of
fire activity and its associations with factors such as NDVI, elevation, and disease
outbreaks like anthrax. This approach highlights the complex ecology-biotic interface

influencing fire behaviour. While the inclusion of multiple variables broadens the scope of
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analysis, many of these parameters—such as vegetation indices, disease incidence, and
population density—are inherently uncertain in future climate projections. The study's
primary focus is on current fire distributions and it does not directly inform how these
patterns may shift under changing climatic conditions. In addition to these studies,
operational systems like the Forest Fire Alert System (FAST 3.0) developed by the Forest
Survey of India have enhanced real-time monitoring of forest fire activity across the
country. FAST 3.0 utilizes MODIS and VIIRS satellite data to identify active fire locations
and disseminates alerts to forest departments and stakeholders, thereby contributing to
fire response and preparedness. However, the system is primarily designed for real-time
detection and short-term alerts. It does not incorporate climate information that can help

anticipate fire hazard under changing climate conditions.

In addition to these studies that focus on current fire patterns and associated drivers, a
few have attempted to explore the implications of climate change on Indian forests.
Ravindranath et al. (2006) is a classic country-wide study that examined potential climate
impacts on Indian forests. Regional model projections were used to project forest type
shifts by 2085 under A2 and B2 climate change scenarios. Though this study addresses
various aspects of climate-forest interactions in the country, outdated and low-resolution
projections and lack of analysis on the forest fire aspect make this study inadequate to
provide information on the fire-climate dynamics over India. A recent study (Bar et al.,
2024) investigated fire regime dynamics in India, modelling burnt areas up to 2050 climate
projections. Although this study applies CMIP6 data, the low resolution of their analysis
cannot capture fire behaviour in India’s diverse and fragmented forest landscapes. These

studies provide insights into specific regions or aspects of fire-weather interactions but
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are limited by geographic scope or resolution. This leaves an information gap for national-

scale, high-resolution analysis essential for understanding forest fires across India’s

varied ecosystems.

Existing global-scale studies simulate fire weather over the entire world, including India,

but they do not generally analyse the results over India. Potentially, we could gain some

information on the fire danger over India by visually inspecting the global maps, but they

would be inadequate for three reasons.

1.

Coarse resolution: The typical 0.5-2° spatial resolution of the global studies is too
coarse to resolve the fragmented forests of India.

Inconsistent results: The results of most of the global studies are widely divergent.
For instance, (Gonzalez et al., 2010) aimed to identify areas vulnerable to climate-
driven fire regime changes under IPCC scenarios globally. Pechony & Shindell
(2010) also aimed to understand the relative impact of climate and human activity
on global fire trends. Sun et al. (2019) examine the impacts of global warming on
fire weather, aiming to identify regions most vulnerable to increased fire frequency
and season length. These studies used climate model simulations for variables like
temperature, precipitation, and wind under various warming scenarios. The results
of all three studies indicate an overall homogenous increase in fire frequency in
India in the future. Another study (Scholze et al., 2006) uses a dynamic global
vegetation model and climate data from multiple models under various warming
scenarios to quantify risks of climate-induced changes in forests, wildfire
frequency, and freshwater availability during the 21st century. (Moritz et al., 2012)
aim to project global fire activity changes over the 21st century and assess fire-
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related risks to ecosystems and human well-being. Using a spatial statistical model
integrating global fire datasets with environmental variables, it evaluates fire
probability at a 0.5° resolution based on climate norms from 16 global climate
models under the A2 emissions scenario, covering the periods 2010-2039 and
2070-2099. The common feature in the plots of these two studies is that they show
fire probability to increase in the northwestern part and a decrease in the rest of
India in future. Another recent study (Quilcaille et al., 2023) has projected FWI
using CMIP6 climate simulations, providing a consistent global dataset for
assessing fire danger under climate change. Though key indicators such as
maximum FWI, extreme fire weather days, and fire season length were developed
in the study, it predicts an overall decrease in the future fire weather danger over
India. Such inconsistencies across the findings are likely because the fire models
are not calibrated and evaluated with local observations. Moreover, recent global
studies have advanced the understanding of fire-climate interactions at large
scales. For example, Gincheva et al., (2024) demonstrated that interannual
variability of global burned areas is predominantly driven by climatic factors,
highlighting the strong influence of climate drivers in shaping fire regimes.
However, the study remains at a global scale, and its findings, while valuable, lack
region-specific evaluations for complex landscapes like India. Similarly, Turco et
al., (2018)showed that anthropogenic warming would increase fire risk in
Mediterranean Europe using non-stationary climate-fire models. Likewise, (Turco
et al., 2023) reported that anthropogenic climate change has significantly

exacerbated summer forest fires in California, using high-resolution regional
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projections to isolate the effect of climate change. These studies emphasize the
value of regionally tailored, high-resolution fire danger assessments, but similar
efforts for India are still absent in the literature.

. Lack of forest mask: Due to the lack of any forest masks in global studies, certain
unrealistic results, such as high fire danger in the deserts of northwestern India,
are observed. An example of this limitation can be observed in (Liu et al., 2010).
This study investigates the impact of climate change on global wildfire potential
using the Keetch-Byram Drought Index (KBDI) based on observed temperature
and precipitation data alongside projections from general circulation models
(GCMs) for the late 21st century. This study specifically points out that the high
FWI calculated in northwest India is attributed to desert conditions with less rainfall
and high temperatures. However, as no forests exist in this region, such results

can be misleading when analysing forest fires.

These limitations highlight that to improve the state-of-science, it is necessary to simulate

the fire weather at high granularity along with a forest mask using a well-calibrated and

validated model to advance our understanding of fire-climate interactions in this

understudied region.

Many factors like weather, vegetation, fuel loading, and local socioeconomic conditions

drive forest fires. Among the important factors, climate change has a direct and the most

significant impact on fire weather. “Fire weather” is the state of meteorological variables

like temperature, relative humidity, precipitation, and wind over a forest ecosystem that

affects the fuel loading and controls the start and spread of fires (Flannigan et al., 2005;
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Kirchmeier-Young et al., 2019; Liu et al., 2013; Schroeder & Buck, 1970). FWI is a metric
that systematically integrates the individual and combined effects of the meteorological
variables to represent fire danger. Although various factors contribute to fire events,
global agencies predominantly rely on fire weather conditions for predicting fire
occurrence patterns (Amiro et al., 2004; Bedia et al., 2018; Carvalho et al., 2008; Dowdy
et al., 2009). The Canadian Forest Fire Danger Rating System — Fire Weather Index
(CFFDRS-FWI; (Stocks et al., 1989; Wagner, 1987; Wotton, 2009) is a widely used
system for computing FWI. Originally developed in Canada, this system has evolved into
a widely adopted tool for operational fire monitoring across the globe. (W. J. de Groot et
al., n.d.; De Jong et al., 2016; Dimitrakopoulos et al., 2011; W. J. D. Groot et al., 2007,
Karali et al., 2014; Matt Jolly et al., 2019; X. Tian et al., 2011; Wang et al., 2017). CFFDRS
incorporates various meteorological parameters such as temperature, humidity, wind
speed, and precipitation to calculate several fire danger indices (Stocks et al., 1989;
Wagner, 1987). These indices provide a comprehensive understanding of the prevailing
fuel and fire conditions, enabling fire management agencies to make informed decisions
about fire prevention, preparedness, and suppression efforts (Stocks et al., 1989). Many
countries have integrated CFFDRS into their operational fire monitoring systems,
attesting to its effectiveness in diverse geographic and climatic contexts. The FWI is a
component of CFFDRS, which is a meteorologically based index used to quantify the
effects of weather variables on forest fuels and fire occurrence patterns (Stocks et al.,

1989; Wagner, 1987).

Another application of CFFDRS-FWI is to be the basis of a Fire Danger Rating System

(FDRS). In response to forest fires in India, the Forest Survey of India monitors and
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reports on forest fires. However, unlike countries such as Australia, the UK, Indonesia
etc. India lacks a country-wide FDRS for monitoring weather conditions that are
conducive to forest fires. An FDRS is a tool in wildfire management which categorises
fire danger on a scale ranging from "Low" to "Extreme," providing a quantitative measure
of the risk and potential impact of fires (Stocks et al., 1989, Vasilakos et al., 2007). This
systematic approach enables firefighting agencies to proactively allocate resources, plan
responses, and implement preventive measures based on the anticipated fire danger
level. Hence, developing a robust FDRS system is essential for informed decision-making
and timely interventions associated with forest fires in the country. This thesis aims to
take the first step toward developing a unified FDRS based on fire weather tailored to the
diverse forest zones across India using the CFFDRS-FWI system. However, since the
CFFDRS was initially developed for the Canadian climate, it is important to assess its
performance and applicability in the diverse climatic conditions of India. The Indian
subcontinent, with its unique monsoon-driven climate, presents a significantly different
environment for fire dynamics. This evaluation can ensure that the system accurately
reflects the fire-conducive weather patterns specific to India. Furthermore, integrating
machine learning techniques could enhance the robustness of the FDRS system by
optimising predictions through advanced algorithms (Fathima Nuzla Ismail et al., 2024;
Shah et al., 2022). This combined approach of refining the CFFDRS for Indian conditions
and leveraging machine learning holds promise for building a more effective FDRS for

the country.

The effectiveness of the CFFDRS system relies heavily on accurate and timely

meteorological inputs. To generate reliable fire weather indices, the system requires data
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on key meteorological variables such as temperature, relative humidity, wind speed, and
precipitation (Stocks et al., 1989; Wagner, 1987). These factors directly influence the fire
weather conditions by determining fuel moisture and ignition potential. Hence, precise
measurement and forecasting of the weather variables are important for accurate fire
danger assessments. This becomes even more important in a country like India, where
geographical climate and weather vary significantly across regions. Seasonal changes in
weather further add to this variability. Considering these factors, high-resolution
meteorological data integrated into frameworks like CFFDRS is vital for producing

regionally and seasonally tailored fire danger predictions.

Global Circulation Models (GCMs) are extensively used to study the impacts of climate
change on forest ecosystems and processes on a global scale (Edwards, 2000; Flato et
al., 2013; Randall, 2007). These models simulate large-scale climatic shifts under various
future emission scenarios, represented by Representative Concentration Pathways
(RCPs) to reflect different radiative forcing levels (van Vuuren et al., 2011). While GCMs
have contributed significantly to our understanding of global climate changes, their coarse
spatial resolution, ranging from 100-600 km, is insufficient for conducting detailed regional
impact assessments, especially for specific challenges like fire weather in India's diverse
forest ecosystems (Mishra et al., 2020; Navarro-Racines et al., 2020; Trzaska & Schnarr,
2014). Accurate assessment of fire weather risks and developing appropriate strategies
for forest regions in India require more granular climate data that can capture localised
meteorological variations (Castro et al., 2005; Challinor et al., 2009; Flato et al., 2013).
This necessity of high-resolution climate data makes it essential to downscale GCM

outputs to higher spatial resolutions, enabling more precise fire weather modelling and
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risk evaluations in these regions (Castro et al., 2005; Kidson & Thompson, 1998; Navarro-

Racines et al., 2020; Trzaska & Schnarr, 2014).

The Community Earth System Model (CESMv1; (Hurrell et al., 2013), a part of the CMIP5
(Coupled Model Intercomparison Project 5) suite, has been widely employed for global
and regional climate assessments. CESM’s proven ability to simulate the distinct climatic
patterns of the Indian subcontinent made it a suitable choice for this study (Choudhury et
al., 2024; Thomas et al., 2023). Moreover, bias-corrected data from CESM, which
improves the reliability of climate projections by correcting systematic model biases, is
publicly available (Bruyére et al., 2014). These attributes ensured CESM was an optimal
choice for generating high-resolution projections necessary for accurate fire weather

prediction over India.

The literature review clearly highlights a research gap in the quantitative analysis of fire
weather changes under a changing climate scenario, particularly in the context of India.
While several countries have developed national-scale FDRS to monitor and predict fire-
conducive weather, India still lacks a comprehensive FDRS to support fire-climate
studies. This absence of a unified system limits the country's ability to assess and manage
fire risks effectively. Moreover, the diverse climate and topographical variation in India
demand high-resolution climate data for accurate regional climate impact studies.
However, such fine-scale data are currently unavailable. This gap highlights the need for
high-resolution downscaling to generate climate data capable of addressing these spatial

complexities.
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In light of the above-mentioned challenges, this thesis aims to bridge the knowledge gap

by focusing on the following specific objectives:

- To understand spatial and temporal patterns of forest fire occurrences over Indian

forests using satellite data.

- To develop a robust fire danger rating system for Indian forests based on the CFFDRS-

FWI algorithm.

- To develop a high-resolution climate dataset by dynamically downscaling the CESMv1
climate projections for two-time slices, 2006-2015 (baseline) and 2091-2100 (end-

century), to be used as meteorological drivers for CFFDRS-FWI.

- To quantify the changes in fire weather due to climate change by the end-century using

the CFFDRS-FWI driven by the downscaled CESM projections.

In the subsequent chapters, the methods used to achieve these objectives are described

in detail, followed by a discussion of the major findings from each section.
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2.1 Study area

The study domain is India, an important and interesting region for studying forest fire-
climate interactions. India is a vast South Asian country with diverse landscapes and a
significant forest ecosystem. Almost 27% of India is covered by forests home to a wide
range of species. These forests host a wide range of forest types, ranging from the
Himalayas in the north to the tropical rainforests of the Western Ghats in the south. India
also hosts six of the world's biodiversity hotspots, including the Western Ghats, Terai-
duars savanna, Indo-Burma region, Sundaland, Himalayan region, and the Sunderbans.
In this section, a comprehensive overview of the study area, focusing on the topographical
features, forest cover, and climatic zones across the Indian mainland, is provided. One
of the characteristic features of Indian forests is that they are heavily fragmented due to
high human population density and intense land use practices. Fires occur throughout the

year in most of the forest areas of India except for the peak monsoon period.
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Figure 2.1: Map of the Indian mainland featuring (a) topographical classification, (b)

forest cover and (c) climate zones.
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2.1.1 Extents of Indian mainland:

The Indian mainland, geographically positioned between latitudes 8°4'N and 37°6'N and
longitudes 68°7'E and 97°25'E, covers an area of approximately 3.287 million square
kilometres. Bounded by the Arabian Sea to the west, the Bay of Bengal to the east, and
the Indian Ocean to the south, India shares its borders with Pakistan, China, Nepal,

Bhutan, Bangladesh, and Myanmar.

2.1.2 Topographical Features:

India's topography is characterised by diverse landforms (Figure 2.1 (a)). In the
northernmost region, the Himalayan Mountain range stretches across the states of
Jammu and Kashmir, Himachal Pradesh, Uttarakhand, Sikkim, and Arunachal Pradesh.
South of this, India features an expansive alluvial Indo-Gangetic plain extending from
Punjab in the northwest to West Bengal in the east. To the west of the plains lie the arid
regions of Rajasthan and Gujarat, characterised by the vast Thar Desert. In the south,
the Deccan plateau covers much of central and southern India, encompassing states
such as Maharashtra, Karnataka, and Telangana. This elevated region is bordered by the
Western Ghats to the west and the Eastern Ghats to the east. The Western Ghats run
parallel to the western coast of India, stretching from Gujarat to Tamil Nadu. This
biodiversity hotspot is renowned for its dense tropical rainforests. Additionally, an
extensive coastal belt spanning over 7,500 km along the Arabian Sea and the Bay of

Bengal features diverse coastal ecosystems and significant mangrove forests.
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2.1.3 Forest cover of India:

According to the India State Forest Report (2021, 2022), the country's total forest cover
(Figure 2.1 (b)) stands at 712,249 km?, which is 21.67% of its total geographical area.
Within this, very dense forests account for 3.04% of India's geographical area. These
forests exhibit a tree canopy density greater than 70%, creating dense canopies that limit
sunlight penetration to the forest floor. Moderately dense forests, featuring a canopy
density ranging from 40% to 70%, comprise 9.33% of the total area. Open forests,
accounting for 9.34% of India's geographical area, have a tree canopy density of about
10%, allowing more sunlight to reach the forest floor and supporting a greater diversity of

undergrowth.

Geographically, Madhya Pradesh has the highest forest cover, followed by Arunachal
Pradesh, Chhattisgarh, Odisha, and Maharashtra. However, it is noteworthy that the
northeastern states of India exhibit the highest percentage of forest cover relative to their
geographical area. Despite the eight northeastern states covering only 8% of the total
geographical area, they collectively host 24% of the country's total forests. Overall,
64.67% of northeastern India is covered with forests. This region is crucial not only for its
high forest cover but also for its unique socio-cultural practices and land-use patterns.
One such practice prevalent in this region is shifting cultivation, also known as "jhum
cultivation." This traditional agricultural practice involves clearing patches of forest land,

cultivating crops for a short period, and then leaving the land fallow for years before reuse.
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While integral to the livelihoods of many indigenous communities, shifting cultivation
poses challenges in terms of fluctuations in forest cover and uncontrolled fire ignitions.

Altitude-wise, the distribution of forests in India varies significantly across different
elevation ranges. Approximately 81% of India's forests are in the 0-1000 meters elevation
range, including plains, Tarai, and valley regions. Low hills, ranging from 1000 to 2400
meters, host 10% of the forests, while the remaining 7% are situated in high mountainous

regions at altitudes higher than 2400 meters.

2.1.4 Climate of India:

India has diverse climatic zones influenced by geographical location, topography, and
seasonal monsoon winds. The Kodppen climate classification system is commonly used
to categorise India's climate into distinct zones based on temperature and precipitation
patterns (Figure 2.1 (c)). The Western Ghats has a tropical monsoon climate (Am),
characterised by hot and humid conditions with heavy rainfall during the southwest
monsoon season (June-September). The Central and Southern Peninsular regions
exhibit a tropical savanna climate (Aw), which is drier than the tropical monsoon climate.
This class is characterised by dry winters. The Deccan Plateau and certain areas in the
northwestern part of India experience a hot semi-arid climate (BSh). This climate type is
characterised by hot to extremely hot summers and warm to cool winters, with limited
precipitation. On the fringes of the hot semi-arid climate region in the northwest, the hot
desert climate region stretches along the country's boundary that falls in the states of

Rajasthan, Gujarat, and Punjab. The Indo-Gangetic plain and most of Northeast India are

21



Material and Methods

characterised by a monsoon-influenced humid subtropical climate (Cwa), with hot and
humid summers and cool to mild winters. The Himalayan region in the northern high-
altitude zone experiences an alpine climate (ET) characterised by low temperatures.
Here, temperatures remain below 10 degrees Celsius for most of the year, with at least

one month warm enough to melt a substantial amount of annual snow cover.

To account for these variabilities in forest types and climate over India, the forest regions

were divided into five classes in this study. The classification is described in Section 3.2.

2.2 Data

This section provides an overview of the datasets utilised in the study. A high-resolution
Roy et al.,, (2015) land use land cover data, supplemented with Koppen climate
information, was used to create a forest layer and delineate five forest zones of India. The
Moderate Resolution Imaging Spectroradiometer (MODIS) active fire data (Giglio et al.,
2003) was used to generate a daily gridded fire dataset, which was then utilised to study
the patterns of fire occurrences across these forest zones. The ECMWF's ERA5-Land
and ERADS single-level (Mufioz-Sabater et al., 2021) meteorological reanalysis data was
used as a forcing dataset for the CFFDRS system to develop the FDRS. To evaluate this
FDRS, the gridded fire count data derived from the MODIS active fire data was again
used. To force the CFFDRS-FWI for two-time slices, baseline (2006-2015) and end-
century (2091-2100), high-resolution (10 km) gridded Downscaled CESM (DSCESM)

data was developed. This was done by dynamically downscaling CESMv1 climate
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projections under the RCP8.5 scenario using the Weather Research and Forecasting
(WRF) model. A consistent bias in the DSCESM wind speed was observed when
compared with reanalyses and ground observations. Consequently, a linear scaling
approach was adopted to correct this bias with respect to Global Summary of the Day

(GSOD) station observations.

Overall, various high-resolution datasets, including meteorological reanalysis, land
use/land cover data, active fire data, station data, and climate projections, were used in
this study. Below, the details of the sources, resolutions, and availability of each dataset

used in our analysis are elaborately discussed.

2.2.1 High-resolution land use/ land cover (LULC) dataset

The LULC information from ‘Decadal Land Use and Land Cover Classifications across
India, 1985, 1995, 2005’ (Roy et al.,, 2015) was used. This dataset provides LULC
classification products for India at 100-meter resolution. Derived from Landsat 4 and 5
Thematic Mapper (TM), Enhanced Thematic Mapper Plus (ETM+), and Multispectral
Scanner (MSS) data, as well as India Remote Sensing satellites (IRS) Resourcesat
Linear Imaging Self-Scanning Sensor-1 or Il (LISS-I, LISS-III) data, ground truth surveys,
and visual interpretation, the dataset follows the International Geosphere-Biosphere
Programme (IGBP) classification scheme. It comprises 19 classes. Seven forest classes
from the 2005 map were aggregated to determine the forest cover layer. The Forest

Survey of India (FSI) defines forest cover as any land with a tree canopy density greater
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than 10% per hectare. Based on this definition, the following classes were aggregated to
represent forest cover: Deciduous Broadleaf Forest, Mixed Forest, Shrublands,
Mangrove Forest, Evergreen Broadleaf Forest, Deciduous Needleleaf Forest, and
Evergreen Needleleaf Forest. In contrast, classes such as Cropland, Built-up Land,
Barren Land, Fallow Land, Wasteland, Water Bodies, Aquaculture, Salt Pan, Grassland,
Permanent Wetlands, Snow & Ice, and other Non-Forest Areas are excluded from the

forest cover category.

This dataset is evaluated with ground truth data, resulting in an overall mapping accuracy

of 94.46%. This data is freely available to download from the Oak Ridge National

Laboratory Distributed Active Archive Center (ORNL-DAAC,

https.//daac.ornl.gov/VEGETATION/quides/Decadal _LULC India.html)

2.2.2 Koppen climate data

The Koppen climate dataset (https./datacatalog.worldbank.org/search/dataset/0042325)

provides a comprehensive picture of global climate patterns using the Képpen-Geiger
climate classification system. It uses Climate Research Unit Time Series 2.1 (CRU TS
2.1) temperature data and Global Precipitation Climatology Centre Full Version 4 (GPCC
Full v4) precipitation data. The baseline dataset is available from 1976 to 2000. The
Kdppen climate classification system divides climates into five main groups: A (tropical),
B (dry), C (temperate), D (continental), and E (polar), each further subdivided based on

specific criteria related to temperature and precipitation regimes. For instance, the tropical
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climate group (Group A) includes subgroups such as Af (tropical rainforest), Am (tropical
monsoon), and Aw (tropical savanna), distinguished by variations in precipitation
distribution and temperature characteristics. In the context of India, specific Koppen
climate classes hold particular relevance due to their influence on forests, agricultural
practices, water resource management, and ecological dynamics. Notable Kdppen
climate classes observed in India include the tropical monsoon (Am), tropical savanna

(Aw), subtropical (Cwa), and arid (BWh) climates.

2.2.3 MODIS active fire data

The simulated FWI was evaluated, and the modified fire danger rating thresholds were
developed using fire frequency information. For that, the MODIS active fire data (Giglio

et al., 2003) was used to create a daily fire frequency dataset at 25 km resolution.

MODIS, onboard the Aqua and Terra satellites, detects thermal anomalies and active
fires at a 1 km resolution during satellite overpasses under relatively cloud-free
conditions. The instrument captures data in both the daytime and nighttime, providing
comprehensive coverage and high temporal resolution. MODIS active fire detection is
based on thermal infrared bands, which allow for identifying fire pixels through their higher
radiative energy than the surrounding area. Each detected fire pixel is assigned to a
confidence level (low, nominal, or high) based on the detection algorithm, aiding in filtering

false positives.
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The MODIS active fire data includes detailed attributes for each fire, such as geographic
coordinates, detection time, brightness temperature, and the estimated fire radiative
power (FRP), which is an indicator of fire intensity. This dataset is publicly accessible via
NASA's Fire Information for Resource Management System (FIRMS) website
(https://firms.modaps.eosdis.nasa.gov/). FIRMS provides near real-time active fire data
and historical fire information in CSV, KML, and SHP formats for 24-hour, 48-hour, and
7-day periods, supporting a wide range of applications, including wildfire monitoring,
resource management, climate change studies, and validation of fire models. FIRMS
integrates MODIS active fire detections with other satellite data and tools to enhance the

usability and accuracy of fire monitoring efforts.

Giglio et al. (2003) reported improvements in the performance of the Collection 6 active
fire detection algorithm compared to Collection 5. Collection 6 showed reduced omission
errors over large fires and lower false alarm rates in tropical ecosystems. This is a well-
evaluated dataset to detect fires, and the version used in this study has been shown to
have low error margins and fewer false alarms over South Asia. Hence, this dataset was

selected for this study.

2.2.4 ERADS5 reanalysis

While developing the FDRS, ECMWF's ERA5-Land and ERAS5 single-level reanalysis
datasets (Mufoz-Sabater et al.,, 2021) were used as the meteorological input to the
CFFDRS-FWI framework. These datasets have demonstrated reliable performance in

India and are widely used in various applications (Mahto & Mishra, 2019), making them
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suitable for computing fire weather indices in India. These datasets are available from
1981 to the present at various temporal resolutions and can be accessed through the
Copernicus Climate Change Service portal

(https://cds.climate.copernicus.eu/cdsapp#!/search?type=dataset).

The ERAS5 dataset, produced by the European Centre for Medium-Range Weather
Forecasts (ECMWF), provides a comprehensive range of meteorological variables
essential for diverse applications. The ERA5 datasets are accessible through the
Copernicus Climate Change Service (C3S) Climate Data Store (CDS), available in
multiple formats with extensive documentation and user guides. This enables their use in
both research and operational settings. Key variables important for such fire-related
studies include daily maximum, minimum, and mean temperatures at 2 meters, daily
average and minimum relative humidity values, average wind speeds, and 24-hour
accumulated precipitation, which are included in this dataset. For the CFFDRS-FWI,
ERADS data was used to derive daily maximum 2m temperatures and average or minimum
relative humidity from the ERAS single-level reanalysis dataset at a 0.25° resolution.
Additionally, average wind speeds were calculated from the same dataset, while daily 24-
hour accumulated precipitation was obtained from the ERA5-Land dataset at a 0.1°

resolution and regridded to 0.25° resolution for consistency.

ERADS's high resolution allows for detailed and accurate representations of meteorological

variables. Its long-term data availability supports extensive climate studies and trend

27


https://cds.climate.copernicus.eu/cdsapp#!/search?type=dataset

Material and Methods

analyses. Continuous assimilation of observational data ensures high accuracy and

reliability, making ERAS a versatile tool suitable for such calibration applications.

2.2.5 CESMv1 climate projections

The climate data which was downscaled in this study is the output from the Community
Earth System Model version 1 (CESM1; Hurrell et al., 2013), a coupled global climate
model (GCM) developed by the National Center for Atmospheric Research (NCAR). This
model is part of the phase 5 of the Coupled Model Intercomparison Project (CMIP5),
which supported the Intergovernmental Panel on Climate Change's Fifth Assessment
Report (IPCC ARS). The CESM1 dataset provides a horizontal resolution of
approximately 1° and is available at six-hourly intervals, interpolated to 26 pressure
levels. This high-resolution data supports detailed regional downscaling efforts, such as
those performed using the WRF model in this study. The dataset encompasses the
variables necessary for initial and boundary conditions for simulations with regional

models such as the WRF model and the Model for Prediction Across Scales (MPAS).

The output from the CESM version 1 (Hurrell et al., 2013) was bias-corrected using
ECMWF’s ERA-Interim Global reanalysis (Berrisford et al., 2011) by Computational and
Information Systems Laboratory (CISL), National Center for Atmospheric Research
(NCAR) (Bruyere et al., 2014). The regional scale biases in the CESM1 output were
removed by mean state correction, which involves replacing the CESM annual signal with

the ERA-Interim annual signal and retaining the GCM simulated perturbations. As this
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dataset lacks the GCM output biases that could significantly affect the regional scale
processes after downscaling, it is an appropriate choice to be dynamically downscaled.
This bias correction was applied to the historic (1951-2005) and 3 RCP future scenarios,
RCP4.5, RCP6.0, and RCP8.5, for 2006-2100 of the CESM outputs. In our study, the
extreme case scenario RCP8.5 was downscaled and analysed. This scenario assumes
an addition of 8.5 W/m? of Radiative forcing due to emissions by 2100. The results
obtained by this assumption are consistent with the 2005-2020 CO2 emissions (Schwalm
et al., 2020) and hence provide better future climate estimates than the other RCP
scenarios. Moreover, we observed that over the Indian region, RCP8.5 estimates of the
current monthly mean temperature and precipitation provide a better match
representation when compared with observations during the period 2005-2015. A
comparison was carried out between CESM simulations under RCP2.6, RCP4.5, and
RCP8.5 scenarios and observational datasets for the years 2005 and 2015 (Figure 2.2).
In this figure, the top panel shows the monthly accumulated precipitation from CESM and
Global Precipitation Climatology Project (GPCP), the middle panel shows maximum
temperature from CESM and ERAS5, and the lower panel shows minimum temperature
from CESM and ERAS. All variables were averaged over the Indian region. The Pearson’s
correlation coefficient (r) and Root Mean Square Error (RMSE) of the RCP8.5 2m-
temperature with ERAS5 reanalyses are 0.98 and 3.942 °C, respectively. The highest r of
0.92 and the lowest RMSE of 31.6 mm for RCP8.5 were observed when the monthly

accumulated precipitation was compared with the GPCP observations.
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Figure 2.2: Comparison of CESM precipitation and temperatures under RCP 2.6, RCP
4.5, and RCP 8.5 with observational (GPCP) and reanalysis (ERAS5) datasets for the

years 2005 and 2015

The variables in the GCM output required for the initial and boundary conditions of RCMs
like WRF are provided in 6-hourly intermediate files by the National Centre for
Atmospheric Research (NCAR) CESM Global bias-corrected CMIP5 Output to Support
WRF/MPAS Research dataset, which is available in NCAR CISL’s Research Data
Archive (Monaghan et al., 2014). This dataset is useful for conducting dynamic
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downscaling to enable accurate assessments of regional climate dynamics and future
projections, facilitating informed decision-making in various climate-related studies and

applications.

The CESM1 data, with its extensive temporal coverage and rigorous bias correction,
provides a robust foundation for evaluating future climate impacts on forest fire risk in
India. This comprehensive dataset ensures that the fire danger assessments are based
on high-quality, consistent, and comprehensive meteorological inputs, thereby increasing

the reliability and accuracy of fire danger predictions.

2.2.6 DSCESM downscaled climate projections

For forcing the CFFDRS-FWI for the baseline and end-century, the high-resolution (10
km) gridded Downscaled CESM (DSCESM) data (Barik et al., 2021) was used. This
dataset is archived with the World Data Centre for Climate, which can be accessed from

(https://doi.orq/10.26050/WDCC/WRF10km wbc C5 forc olndia and

https://doi.org/10.26050/WDCC/WRF10_wbc_C5_forcindia_MC_V2). This dataset was
developed by dynamically downscaling the bias-corrected Community Earth System
Model (CESMv1) climate projection under emission scenario RCP8.5 using the Weather
Research and Forecasting (WRF) model over India. The performance of CESMv1 for the
baseline period was extensively analysed, and it was found to work well in India. This
dataset consists of baseline (2006-2015), mid-century (2041-2050) and end-century

(2091-2100) climate projections for the RCP8.5 scenario over India at 10 km spatial
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resolution. The dataset covers the Indian region with a 369 x 369 grid, but the area outside
India is masked out. The data is available at three temporal resolutions: Daily time series
(TS), Monthly TS, and Monthly Climatology. The data contains ten meteorological
variables and information on latitude, longitude, and time. The dataset has been
structured into a total of 90 files (10 variables x 3 temporal resolutions x 3 periods) packed
in self-explanatory and universally accepted NetCDF format. The daily, monthly, and
monthly climatology files contain 369 x 369 x 365, 369 x 369 x 12, and 369 x 369 x 30
data points, respectively. This entire dataset is about 120 GB in size. Details about all
files are available in the dataset’s metadata information. These datasets were evaluated
over the baseline 10-year period against the reanalysis datasets and station observations.
The evaluation of the dataset is described in detail in chapter 4 of this thesis. It can also
be observed that the downscaled product performed better than the raw GCM output. The
downscaled dataset includes all atmospheric variables that are relevant for real-world
applications in agriculture, forestry, and water resource management, such as 2m air
temperature, precipitation, relative humidity, wind, radiation, and heat fluxes. If CESM
RCP8.5 is considered to be a reasonable future scenario, this high-resolution dataset is
expected to be of value for a wide range of purposes including understanding regional
climate change, climate change impact assessment, and developing adaptation and

mitigation strategies over India.

2.2.7 GSOD station observations
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To evaluate the DSCESM and for bias-correction of DSCESM wind speed, the Global
Summary of the Day (GSOD) dataset was used. This dataset is provided by the National
Centers for Environmental Information. This dataset comprises daily 24-hour averages
computed from hourly station observations of over 9000 stations across the globe. This
dataset can be accessed from https://www.ncei.noaa.gov/access/search/data-
search/global-summary-of-the-day. There are 60 GSOD stations within India that have
complete daily averages of variables relevant to our study, such as temperature,
precipitation, and wind speed during the 2006-2015 period. These station data were used
to evaluate DSCESM variables. The relative humidity was calculated from the dew point
temperature. The DSCESM daily values of the grid corresponding to the GSOD station
location were extracted and compared statistically with the observations. The coarse-
resolution raw CESMv1 data was also compared to the station observations to determine
whether downscaling was beneficial. For bias correction, DSCESM wind speed was
corrected using a linear scaling approach with respect to GSOD station wind speed

observations. The details of the bias correction are in section 5.6.

2.3 Models

In this section, two models used in this study are described. The CFFDRS-FWI was used
to simulate fire weather in the study region. The WRF-ARW model was used to
dynamically downscale the climate scenario data to a finer resolution suitable for this

study. This section elaborates on the structure and sub-modules of these models in detail.

2.3.1 Canadian Forest Fire Danger Rating System - Fire Weather Index
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The CFFDRS-FWI (Bedia et al., 2015; Wagner, 1987; Figure 2.3) is a meteorologically
based numerical index used by researchers worldwide to account for the effects of
weather variables on forest fuels and fires and study fire severity patterns. It consists of
three moisture codes, namely the Fine Fuel Moisture Code (FFMC), the Duff Moisture
Code (DMC), and the Drought Code (DC). These codes numerically quantify the moisture
content at 0-1, 2-4-, and 4-8-inches depths under rainfall and drying phases. These
components collectively reflect the moisture content of various fuel layers within the forest

environment, including surface litter, shallow organic layers, and deeper soil depths.

The FFMC quantifies the moisture content of surface fuels, such as litter and grass, and
is primarily influenced by recent weather conditions, including temperature, humidity, and
precipitation. The DMC assesses moisture levels in the organic layer beneath the forest
floor. At the same time, the DC represents the deeper soil moisture content and integrates

longer-term weather patterns and climatic influences.

In addition to these core components, the CFFDRS FWI model incorporates secondary
indices, including the Initial Spread Index (IS1) and the Buildup Index (BUI), which provide
further insights into fire ignition and growth potential. The ISI combines the effect of wind
speed and top layer moisture from FFMC to compute the rate of spread of fire. Meanwhile,
the BUI reflects the cumulative effect of drying conditions on deeper organic layers and
serves as a proxy for fire intensity and resistance to control. FWI is calculated from ISl

and BUI.
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Figure 2.3: Structure of CFFDRS-FWI

2.3.2 WRF-ARW mesoscale atmospheric model

The regional climate model (RCM) used for dynamical downscaling in this study is the
WRF model (Version 3.8.1) (et al. Skamarock WC, 2008). WRF is a state-of-the-art
mesoscale model that has been widely used for regional climate downscaling (Prathipati
et al., 2021; Wang et al., 2021). This model integrates fully compressible, Euler non-
hydrostatic equations and includes full Coriolis and curvature terms. The model uses a
terrain-following hydrostatic pressure vertical coordinate system with vertical grid
stretching permitted. The horizontal grid is the Arakawa C-grid staggering, where
velocities are computed at the centre of each grid and the thermodynamic variables at
the intersections of grid cells. The numerical discretisation uses a 2nd or 3"-order Runge-
Kutta scheme for time integration and 2nd to 6"-order horizontal advection schemes on

the C-grid. It also provides multiple nesting options. Key features of WRF-ARW include
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its non-hydrostatic, fully compressible equations, allowing for accurate representation of
convective storms, boundary layer processes, and complex terrain interactions from the
perspective of dynamical downscaling. WRF is a popular tool for developing high-
resolution outputs from coarser GCM outputs that capture fine-scale atmospheric
processes. The model supports multiple nested domains, enabling users to focus on
specific regions of interest while maintaining smooth interactions between domains.

Additionally, WRF includes physics parameterisations for processes like microphysics,
radiation, and surface exchanges, and it is customisable to suit applications, research,
and operational needs. From the perspective of dynamical downscaling, WRF-ARW plays
a pivotal role in refining coarse-resolution GCM outputs, providing localised climate
information essential for climate impact assessments, regional climate modelling, and
weather forecasting. By leveraging its advanced capabilities, WRF-ARW enhances the
understanding of regional climate variability and change, aiding in the development of

targeted adaptation and mitigation strategies in response to evolving climate conditions.

Structure of WRF model
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Figure 2.4: Structure of the WRF model
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The WRF model comprises several components working together to simulate
atmospheric processes at various scales with high accuracy (Figure 2.4). One key
component is the WRF Preprocessing System (WPS), which includes programs like

geogrid, ungrib, and metgrid.

The geogrid program defines the computational domain, specifying its geographic extent,
horizontal grid resolution, and map projection. It prepares the static geographical and
topographical datasets required for the simulation. Ungrib, or Universal Gridded Data
Translator, is responsible for extracting meteorological fields from input datasets in
various formats (e.g., GRIB, netCDF) and interpolating them to the model's grid. These
fields typically include temperature, humidity, wind, and pressure, sourced from global
reanalysis datasets or GCM outputs, as in this case. Metgrid, the final component in the
preprocessing chain, interpolates the meteorological fields obtained by ungrib to the
operating computational grid. It also computes necessary derivatives of the fields, such
as horizontal and vertical gradients, to facilitate the numerical integration in the WRF

model.

Once the preprocessing is complete, the WRF model, specifically the Advanced
Research WRF (WRF-ARW) core—solves the governing equations of atmospheric
motion using a finite-difference numerical scheme. The model employs a split-explicit time
integration scheme to handle different physical processes separately, such as dynamics,
radiation, and microphysics. This approach ensures efficient computation and includes

sophisticated physics parameterisations tailored to specific atmospheric phenomena.
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Overall, the WRF model, with its preprocessing system and advanced numerical core,
provides a framework for simulating and studying meteorological phenomena at regional

scales. Hence, it was chosen for the downscaling application in this study.

2.4 General Methodology

In this section, the methodology of this study has been outlined in brief. It is also illustrated

in Figure 2.5.

Roy etal, 2016
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Figure 2.5: Graphical illustration of the overall methodology used in this study

First, to analyse the spatial and temporal patterns of fire events in India, a gridded fire
count dataset from the MODIS active fire data (Giglio et al., 2003) was created at 25km

resolution detected over the period 2003-2021. This gridded data is the total count of daily
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active fires occurring within the 25km grid. Next, to eliminate the non-forest/ agricultural
fires, a forest layer in the analysis was introduced. Ten different forest classes from a
high-resolution land use land cover dataset (Roy et al., 2015) were clubbed to classify
forest pixels at 100m. Then, the percentage of forest pixels within every 25 km grid was
computed, and all the fires occurring in pixels where the forest percentage was less than
20% were filtered out. Finally, this forest area was classified into five major forest-climate
zones by combining Koppen's classification of climatic zones over India and the (Roy et
al., 2015) forest class information. The spatial pattern and the seasonal variations of the

fire count dataset was analysed distinctly over the five forest-climate zones.

To test the capability of CFFDRS to operate in Indian weather, the ideal behaviour of the
system was compared to realistic behaviour with Indian meteorological conditions using
ERAS5 reanalysis as the input at 25km resolution. This testing was carried out for the
period of 2003-2021 on a daily temporal scale. The spin-up period required for the system
to produce stable values of intermediate indices and FWI was also determined. The
simulated FWI was tested against a gridded fire count dataset. The evaluation included
non-parametric statistical tests and Epanechnikov kernel density estimations (KDE)
between FWIs associated with fire and no-fire events. These approaches evaluated the
statistical association and distinct differences in FWI spread during fire events. This

rendered FWI an effective metric for identifying conditions conducive to fire occurrence.

Then, an FDRS was developed by classifying the FWI values into five classes: Low,

Medium, High, Very high, and Extreme. For this, an ensemble of four methods were used,
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including the fire count information and FWI data, to characterise limiting FWI thresholds
for each danger class. These methods are based on percentiles of FWI, percentage of
fire events, logistic regression and K-means clustering. To reduce the subjective
decisions involved in these methods, machine learning techniques like receiver operating

characteristic curves and hierarchical clustering techniques were integrated.

The next step was to develop downscaled climate projections. A 10 km gridded dataset
was developed by dynamically downscaling the bias-corrected Community Earth System
Model (CESMv1) climate projections under the RCP8.5 scenario using the WRF model.
The downscaled CESM dataset (DSCESM) is archived in the World Data Center for
Climate (WDCC) portal at three temporal resolutions (daily, monthly, and monthly
climatology) for Baseline (2006-2015), Mid-Century (2041-2050) and End-Century (2091-
2100) periods (Barik et al., 2021). The DSCESM variables were evaluated against ERA5
and IMDAA reanalysis data and Global State of the Day (GSOD) station observations for
the period 2006-2015. The baseline and end-century DSCESM were used as an input to
CFFDRS-FWI to compute the baseline and end-century FWI at a spatial resolution of
10km x 10km. A consistent bias was observed in the DSCESM wind speed compared to
reanalyses and ground observations. Hence, a linear scaling approach (Li et al., 2019)
was adopted to correct this bias with respect to Global Summary of the Day (GSOD)

observations.

The changes expected in end-century FWI were estimated by comparing various aspects
with the baseline FWI. First, the climatological change in FWI was computed by

subtracting the baseline 10-year average from the end-century 10-year average of FWI.
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Then, the major contributor variable causing the climatological change in FWI was
identified by four sensitivity experiments in which we simulated end-century FWI by using
end-century values of one variable and retaining the baseline values of other variables.
Then, the KDE of daily FWI within a particular FWI zone were computed for both periods.
From this, the shift in average daily FWI for each zone was calculated using the bootstrap
confidence interval for the mean parameter at a p<0.05. The number of days exceeding
a certain threshold like Medium, High, and Very High fire dangers for both periods was

also computed.

SSR, an additional seasonal component of the FWI system, is a numeric measure of the
difficulty of controlling fires. A value of 90th percentile SSR was considered in the baseline
scenario as a threshold beyond which the fire potential becomes severe. This metric was
used to study the seasonal pattern of fire weather severity and how it may change due to
changing climate. Lastly, a ‘fire weather danger season’ was defined as a period in which
the daily climatology values are beyond the Medium threshold. The future fire weather

danger season was then compared to the baseline.

These methods have been elaborated in detail, and the results have been reported and

discussed in the upcoming chapters.
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Spatial and temporal patterns of forest fires in India

3.1 Introduction

India's diverse climate and ecological characteristics result in varying fire regimes across
different parts of the country. To account for these differences, a zonal approach was
adopted to understand the forest fire and weather dynamics better. Hence, India was
divided into five distinct forest zones, each with unique ecological traits and fire patterns.
This section provides a comprehensive overview of these forest zones, setting the
foundation for subsequent zone-specific analyses of spatial and temporal fire occurrence

and fire-weather patterns.

Next, it was important to exclude non-forest fires. This was necessary because the
MODIS satellite captures agricultural fires, particularly prevalent in northwestern India, in
addition to the forest fires. Filtering out non-forest fires ensures that the analysis focuses
solely on forest fires. This section also explains the methodology adopted to perform this

filtering.

The following subsection studies the geographic distribution of forest fires across different
zones in India. By mapping the filtered fire occurrences, regions with higher fire
frequencies were identified, and the spatial variability of fire events in the country and
across zones were analyzed. Studying the temporal patterns of forest fires was essential

to understanding the prevalent variability in fire seasons across zones.

Overall, this chapter lays the foundation for subsequent fire-weather modelling efforts by

providing detailed background on forest fire patterns in India.
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3.2 Forest zones of India
Indian forests have diverse species types and climates, as discussed in sections 2.1.3
and 2.1.4. So, the danger rating system must be developed, and climate impacts must be
analysed considering these diversities. To cater to that, high-resolution LULC data was
first used to segregate the forest pixels. First, the country was divided into 25 x 25 km
pixels and the pixels with more than 20% of their area were classified as forest pixels
(Figure 3.1. (a)).
Then, these forest pixels were classified into five zones. This classification was done by
combining Koppen's classification of climatic zones over India and the vegetation types
in the forest pixels (Table 3.1). The five zones are

(1) HIM: the cold, dry Himalayan mountainous region covered by alpine and

subtropical pine forests,

(2) NE: the warm, humid North-east with wet evergreen and deciduous forests,

(3) CEN: the hot, dry Central India with mixed deciduous and tropical thorn forests,

(4) DEC: the hot, dry Deccan thorn forest and

(5) WG: the warm, humid Western Ghats with semi-evergreen forests.
To smoothen the sharp edges of these zones, the shapefiles of these zones were created
using the ArcGIS software (Figure 3.1(b)). As the range of fire occurrences and FWI
computed varied across these zones, the FDRS and associated thresholds were
developed separately for each zone. The CFFDRS-FWI model was also evaluated, and

the future fire projections were analysed separately for each zone.
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Table 3.1 Forest zones of India

Himalayan (HIM) Dry and moist temperate, alpine, Montane
subtropical pine forests

North East (NE) Tropical wet evergreen and deciduous Humid subtropical

Central deciduous  Dry and moist deciduous forests Tropical dry

(CEN)

Deccan thorn (DEC) | Tropical thorn forests Semi-arid

Western Ghats (WG) @ Wet and semi evergreen forests Tropical wet

w  b)

% 35

30

o
N

20+

15}

z
Percent of Forest cover in 25 x 25 km pixel

10 ¢

Figure 3.1: (a) Forest cover percentages and (b) Shapefiles of the classified forest

zones of India
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After identifying the zones, the next step was to understand the variability in fire
occurrence patterns within these zones. Before proceeding, non-forest fires detected by

MODIS were removed to retain only the forest fires.

3.3 Removal of non-forest fires

The active forest fire data includes forest and non-forest/ agricultural fires. This data was
used for three purposes in this study. Firstly, it was used to understand the spatial and
temporal pattern of forest fire occurrences in Indian forest zones. Secondly, it was used
to evaluate the simulated FWI from CFFDRS using statistical methods. Third, it was used
to calibrate the fire danger rating thresholds for each zone. For all these purposes, the
spatial and temporal information in the active fire data was converted into a gridded daily
fire count dataset at 25 km resolution. For this, the MODIS fire data from January 1, 2003,
to December 31, 2021, was utilised, and only those fires occurring in the forest zones of
India were retrieved. This step is important as it removes all the intentional agricultural
fires prevalent in the northwestern part of India. Subsequently, these filtered forest fire
data were counted into a daily count of fires in a grid with a 25 km resolution matching
the resolution of ERAS weather data and the simulated FWI information. Additionally,
zone-wise daily and monthly aggregated climatological fire datasets were computed from

this daily fire frequency information.
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Figure 3.2: Exclusion of non-forest fires

This fire count data was used to analyse the spatial and temporal patterns of forest fires

occurring in different forest zones of India.

3.4 Fire occurrence patterns in forest zones of India

In this section, the spatial and temporal variations of forest fire occurrences in each zone
are discussed. Spatial analysis helps identify the geographic distribution and regional
hotspots of fire occurrences within and across zones. For the spatial fire map (Figure 3.3),
the number of fires occurring in each 25 km grid over the forest region from 2003 to 2021
was counted. Then, these values were divided by the number of years to calculate the

average annual fire count per grid.
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In the temporal analysis, all fires occurring within each zone were aggregated for each
year. These values were then averaged monthly for the seasonal analysis of fire count
totals in each zone. Annual total fire counts were also calculated for each zone to assess

the existence of a trend in fire occurrences in the period 2003-2021.

3.4.1 Spatial Signature of fire events in forest zones

The spatial variability of fire occurrences across Indian forests is uneven, with higher fire
activity observed in specific regions such as the NE, northern WG, and southern CEN
zones (Figure 3.3). The NE zone experiences the highest annual fire counts, with
concentrations up to 250 fires per year in some grids. This high-fire activity can be
attributed to the prevalence of shifting cultivation practices, also known as jhum, which
involve deliberate burning for agricultural purposes (Heinimann et al., 2017). The high fire
frequency in this region is also because the forests are subject to frequent ignitions due
to both anthropogenic activities and the regional climate. WG is the zone with the second-
highest number of fires. This zone, particularly the northern part, has annual counts
ranging between 50 to 100. The semi-evergreen and semi-deciduous forests are
subjected to periodic fires, which are often started by human activities such as land
clearing and accidental ignitions (Renard et al., 2012). The combination of steep terrain
and dry conditions during pre-monsoon contributes to the start and spread of fires. The
southern part of Central India, encompassing forest areas of Maharashtra and Andhra
Pradesh states, also exhibits high fire activity. These areas, dominated by mixed
deciduous and tropical thorn forests, experience annual fire counts ranging from 50 to

150. The hot and dry weather conditions that prevail during most of the pre-summer and
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summer periods in this part of the zone help dry biomass accumulate. This contributes to

the high fire frequency in this part.

Overall, these patterns highlight the spatial variability of fire occurrences across different
forest zones in India. Because of these variabilities, all the analyses were done by treating
each zone separately in this study. Differences in climate, forest types, and anthropogenic
factors influence fire patterns considerably. The most effective way to account for these
variabilities in our study is to model them independently, allowing for more accurate and

region-specific fire risk assessments.
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Figure 3.3: Annual fire count data in a 25km grid over forest zones of India
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3.4.2 Temporal signatures of fire events in forest zones
This section looks at the temporal patterns of fire occurrences by analyzing two
aspects. First, the seasonal variation will be used to identify the months with high fire

activity and see how these patterns differ across zones. Second, check the trend for

any pattern in fire occurrences over time.
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Figure 3.4: Monthly sum of forest fire occurrences over Indian forest zones during the
period 2006 -2015. The standard deviation bars in the figure highlight the variability in

fire occurrences.

Figure 3.4 illustrates the seasonal distribution of forest fire occurrences across different
forest zones in India. A clear pattern of high-fire events in specific months can be
observed across all zones. However, the period when this peak of fire occurs differs from

zone to zone. In the DEC, fire occurrences peak sharply in March, April and May. This

50



Spatial and temporal patterns of forest fires in India

period is the dry pre-monsoon season in all parts of this zone. Extreme heat and low
humidity make the weather conducive to fires. The deciduous forests also become most
susceptible to ignition in this period due to increased human activities such as agricultural
residue burning. The fire occurrence pattern in the HIM region shows a similar but less
intense peak during the late spring and early summer months of March to June. This
pattern can be attributed to the complete melting of snow during this period, which
exposes the underlying vegetation to atmospheric conditions. As temperatures rise and
winds intensify, the dry subtropical pine forests, especially dominated by Chir Pine (Pinus

roxburghii), become increasingly susceptible to fires.

Additionally, human activities like tourism and controlled burning are prevalent in this
zone. An increase in such activities during the pre-summer months further elevates fire
occurrences (Sharma, 2020; S. Singh & Suresh Babu, 2021). This region also
experiences a considerable number of fires from January to March. These fires are
primarily concentrated in the foothills. There is no snow cover in these parts, and
prolonged drought periods following the monsoon make the dry vegetation more prone to
ignition. The accumulation of highly flammable Chir Pine needles on the forest floor
significantly contributes to the fire frequency (R. D. Singh et al., 2016). The North-East
(NE) zone exhibits the highest fire counts, particularly in March and April. Among other
zones, NE has the most prominent forest fire season during this period. This intense fire
activity is mainly attributed to the widespread practice of shifting cultivation, known as
Jhum, where large forest areas are cleared and burned to prepare land for agriculture. In

addition, this zone has dense forest cover, making it more susceptible to uncontrolled
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fires once the weather becomes favourable. In the months of June-September, high
humidity and persistent wetness during the southwest monsoon decrease the fire activity
in this zone. The rainfall in the monsoon season effectively suppresses fire occurrences,
making it nearly impossible for fires to ignite and spread in such conditions. Studies have
shown that the high humidity levels, often exceeding 80% during the monsoon and post-
monsoon periods, play a crucial role in preventing fire outbreaks in this region (Murthy et
al., 2019). During the winter months, this region is subjected to the North-East monsoon.
This, combined with cooler temperatures, further enhances the moisture content in the
vegetation and lowers the fire activity during this period. The stark contrast between the
pre-monsoon fire season and the near absence of fires during the southwest and
northeast monsoon is a key characteristic of this zone. The Western Ghats (WG) and the
tropical thorn forests (TH) exhibit similar fire seasons, primarily in March and April,
typically the hot and dry pre-monsoon season in both zones. This similarity in fire season
is due to their geographic proximity and similar climatic conditions during the pre-
monsoon period. Despite the Western Ghats being known for their humid climate, the
accumulation of dry leaf litter and the reduction in moisture content during this period
increases fire occurrences. Ignition is majorly driven by anthropogenic factors such as
forest clearing, firewood collection, and agricultural expansion (Kodandapani et al., 2004).
The TH zone is characterised by thorn forests and scrublands, and fire activity peaks in

March and April, though at a lower intensity.

The standard deviation bars in the figure highlight the variability in fire occurrences. Even
though the timing of peak fire season is consistent, the number of fires varies significantly

from year to year. This variability is due to inter-annual climatic fluctuations, such as pre-

52



Spatial and temporal patterns of forest fires in India

monsoon rainfall and temperature variations, and the random pattern in human activities

that impact the ignition.
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Figure 3.5: Time series of aggregated fire over a year in a zone

The trend was analysed using the time series of normalised aggregated fire occurrences
across various forest zones in India from 2003 to 2021 (Figure 3.5). The analysis shows
significant inter-annual variability with no clear long-term trend. The normalisation process
adjusts fire counts to account for differences in area and helps to compare across zones.
This lack of a consistent trend over the 20-year period suggests that such a timeframe

may be too short to detect significant trend patterns in fire activity.

Many factors, like inter-annual weather variability, ignition sources, and regional
ecological conditions, influence the inter-annual variability in fire occurrences. Years with
comparatively higher temperatures during the fire season, drought, and extended dry
spells have spikes in fire activity. Meanwhile, years with favourable monsoon seasons or
fewer human-induced ignitions may result in lower fire counts. The randomness of ignition
events due to human activities like shifting cultivation, forest clearing, and accidental fires

further cause these variabilities.
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No significant trend in fire occurrences was observed from 2003 to 2021. This indicates
that projecting future fire regimes requires more than just extrapolating historical trends.
Fire activity is strongly influenced by climatic parameters, which are expected to change
in non-linear ways under climate change. Therefore, relying on climate model outputs
becomes essential for understanding potential shifts in fire weather and patterns under
various future scenarios. This approach allows for a more accurate assessment of fire

risks in a changing climate where linear extrapolation methods are insufficient.

This approach also involves models that simulate fire weather with climate data inputs. In
this study, the CFFDRS-FWI was employed for fire weather projections. The next chapter
evaluates the applicability of CFFDRS-FWI to our study area, providing a framework for

assessing climate hazards to fire regimes in response to future climate change.
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4.1 Application of CFFDRS-FWI in Indian climate

4.1.1 Coding the algorithm to function with gridded data

The CFFDRS-FWI algorithm was implemented using MATLAB based on the equations
described by Wagner (1987). Existing tools to compute the CFFDRS-FWI, such as the R
package cffdrs and other available implementations, were designed primarily to manage
point data or station data. However, using them for gridded data requires external utilities
to process one grid at a time. The MATLAB code developed uses matrix operations and
allows all grids to be processed at the same time. During development, the code was
tested repeatedly to ensure it ran quickly and efficiently. This makes it suitable for high-

resolution studies on a regional or national scale.

To address the limitations in the existing modules, the CFFDRS-FWI algorithm was
rewritten in MATLAB. This made the algorithm integrate seamlessly into the workflow for
analysis with downscaled climate data as input. This code is archived in the GitHub open-
access repository (https://github.com/anasuya993/CFFDRS-

FWI_India/blob/main/CFFDRS_FWI_year_ABiitd.m).

The equations of the CFFDRS-FWI system and the danger thresholds were designed

primarily for use in the Canadian climate. The following calibration steps were applied to

implement this system in India.
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e The FFMC index, which represents the fuel load of the topmost layer directly in
contact with the near-surface atmosphere, depends heavily on meteorological
variations. Hence, it does not need any adjustment.

e DMC and DC need adjustment because these computations are influenced by the
daylight factor that depends upon the region's latitude and the date-of-year values.
For our simulations, the latitude value at every grid point was considered to
compute the corresponding day lengths.

¢ In potential evapotranspiration (PET) computation for DC, two assumptions were
made: (1) The latitudes close to the equator (<20 in the northern hemisphere)
receive consistent heating throughout the year, and (2) the PET in the higher

latitudes is dependent on the month of calculation.

For this chapter, the evaluation studies were performed with daily and climatological FWI.
The meteorological inputs to this algorithm for daily FWI were provided from the gridded
(25km) ERAS dataset. The variables were 12 noon IST values of 2 m temperature, relative

humidity, wind speed, and 12 noon IST—12 noon IST accumulated precipitation.

4.1.2 Spin-up of FWI

Sensitivity experiments were conducted to deduce the spin-up required by the algorithm
to provide stable and reliable outputs. The FFMC, DMC, and DC of a particular day
depend on the values of these indices from the previous day. Typically, the first day of
the simulation is started by initialising the FFMC, DMC and DC with the default values of

85, 6 and 15 respectively. Since the typical values of these indices are much higher in the
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the time required by the system to produce stable FFMC, DMC and DC values.

Table 4.1 Sensitivity experiment sets to determine FFMC, DMC, and DC initialization.

Experiment | FFMC DMC DC Experiment
Set Initialization Initialization Initialization Duration
Set1 75, 80, 85,90 6 (default) 15 (default) 3 years

Set 2 85 (default) 6,50, 100, 150 15 (default) 3 years

Set 3 85 (default) 6 (default) 15,50, 100, 150 | 3 years

In all these experiments, different combinations of initialisation values of FFMC, DMC,
and DC were provided on the 1st of January of the first year. In the second and third
years, the simulated values of FFMC, DMC and DC of 31st December in the previous
year were provided as initialisation. The model was provided with daily climatology values

of meteorological inputs for all years.
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Figure 4.1: Spin-up simulation for (a) FFMC, (b) DMC, and (c) DC

In all experiments, it was observed that intra-annual variability in DMC is the most
pronounced, followed by DC, with the lowest variability observed in FFMC. From the first
set of experiments, it is observed that irrespective of the initialisation value of FFMC, the
curve stabilises after year 1 (Figure 4.1.a). For DMC (Figure 4.1.b), curves with different
initialisation values start to converge from day 70, although they do not perfectly align. In
the case of DC, a bimodal signature is observed annually, and the curves with different
DC initialisations converge around day 150 of year 1. Overall, all three intermediate
indices converge by year 1, leading us to conservatively conclude that the CFFDRS FWI
consistently produces stable output irrespective of the initial values of FFMC, DMC, and
DC. In summary, regardless of the input meteorological dataset and the initial values, the

CFFDRs should be spun up for at least a year for reliable outputs.
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4 1.3 Evaluation of CFFDRS-FWI in Indian climate

The CFFDRS was originally developed for use in the Canadian climate, which differs
significantly from the climatic and meteorological conditions in India. While numerous
studies have applied this algorithm in various locations outside of Canada, it was
important to test the applicability of the system to the Indian context before its
implementation. Indian weather has distinct patterns like seasonal and latitudinal
variations in temperatures, humidity, wind patterns and reversing monsoon winds leading
to variations in precipitation patterns. A series of sensitivity experiments were performed
to test the CFFDRS under various combinations of weather patterns. These experiments
aimed to evaluate how well the CFFDRS could operate under Indian meteorological
conditions. The ideal behaviour of the system was compared to the realistic behaviour of

the system with actual meteorological conditions over India.

For idealized experiments, the model was provided with some gradually increasing values
of one meteorological variable while keeping the other parameters at constant values.
These experiments are listed in table 4.2. For all the three a, b, and c sets, the
experiments were done for two rainfall conditions: precipitation = Omm and precipitation
= 10mm. The outputs of these idealistic sensitivity experiments were compared to the
FWI calculated when the CFFDRS was forced with realistic ERA5 data over India. For
this, the ERA5-forced simulated FWIs were segregated into conditions similar to the

idealistic experiments. FWI computed from the ideal and realistic experiments were
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plotted as the function of the corresponding meteorological input varied in that experiment

and compared.

Table 4.2: Sensitivity experiments for assessing ideal CFFDRS behaviour

2m Temperature Relative Wind Precipitation
Humidity | speed
Experiment | (i) Varying from 0-| 20, 40, 60, [ 10 km/hr prec=0
set (a) 100°C 80, 100%
(i) Varying from 0-| 20, 40, 60, [ 10 km/hr prec=10 mm
100°C 80, 100%
Experiment | (i) 10, 20, 30, 40, | Varying 10 km/hr prec=0
set (b) 50°C from 0-
100%
(i) 10, 20, 30, 40, | Varying 10 km/hr prec=10 mm
50°C from 0-
100%
Experiment | (i) 10, 20, 30, 40, | 10% Varying from | prec=0
set (c) 50°C 0-50 km/hr
(i) 10, 20, 30, 40,| 10% Varying from | prec=10 mm
50°C 0-50 km/hr
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The families of curves (Figure 4.2) representing the idealistic behaviour of the FWI| model

identify the sensitivity of the varying weather parameters on the index.
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Figure 4.2: Idealistic (i and iii) and realistic (ii and iv) model performance with Indian
Climate for varying (a) temperature, (b) relative humidity, and (c) wind speed for (i and

ii) no precipitation grids and (iii and iv) precipitation occurring grids respectively.

FWI increases with an increase in temperature and wind speed, whereas the relative
humidity parameter has an inverse effect on the index (Figure 4.2 i(a), i(b), i(c),
iii(a), iii(b), iii(c)). A warm atmosphere helps ignite and burn fuel faster as less heat energy

would be used to raise the fuels to their ignition temperature (Flannigan et al., 2000;
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Wotton & Flannigan, 1993). At lower relative humidity, a steeper curve of FWI increasing
with increasing temperature is observed. The rise in temperature also contributes to a
decrease in relative humidity. Hence, the FWI is affected by the individual variables and
their interdependence (Countryman, 1972). Unshaded fuels experiencing warmer and
drier atmospheres are more susceptible to causing more intense fires if ignited (Scheiter
et al., 2015). At very high relative humidity or when precipitation occurs, the available fuel
becomes saturated with moisture (Dimitrakopoulos & Papaioannou, 2001), and under
such conditions, FWI is very low and does not change with any change in temperature.
With steadily increasing relative humidity, the evaporation rate of moisture from the fuel
surface is affected, thus increasing the fuel moisture and decreasing FWI values. Drier
atmospheres lead to conditions where a fire is likely to ignite easily and burn more
vigorously (Cruz et al., 2012). Wind speed primarily affects the FFMC and ISI indices
(Arnell et al., 2021; Field, 2020). Increased wind leads to more evaporation from damp
surfaces by carrying away moist air and bringing in dryer air. When the fire is ignited, the
wind increases the oxygen supply and facilitates the combustion process (Santoso et al.,
2019). In the ideal experiments, it was observed that with uniformly increasing wind
speed, FWI increases, and warmer and drier conditions increase the slope of this
variation. These characteristic patterns were observed even when the FWI was computed
with ERAS forcing over India (Figure 4.2 column (ii) and (iv)).

The sensitivity experiments tested the applicability of the CFFDRS for simulating fire
weather in Indian climatic conditions. The results showed that the idealized behavior -
derived under controlled variations of meteorological parameters - corresponded well with

the FWI computed using realistic ERAS meteorological inputs over India. The
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experiments also highlighted that FWI in India is highly sensitive to variations in

temperature, relative humidity, and wind speed.

4.2 Association between FWI and fire frequency

The relationship between fire occurrences and FWI was required to be tested to ensure
that FWI is suitable as a proxy for fire activity. It is important that high (low) FWI values
are observed in areas with high (low) fire occurrences. This would make the index
meaningful to be used in studying fire hazard. To test the association between MODIS
fire data and the ERA5-based daily FWI over the period 2003-2021, multiple approaches

were used.

First, three non-parametric statistical tests like the Chi-square test of association/
independence (McHugh, 2013), Yule's correlation (Yule, 1897) and Fisher’'s exact test
(Upton, 1992) were used to test the association between the raw MODIS active fire data
and the FWI values of the grid where the fire occurred. These tests are best applied over
nominal or ordinal variables. Hence, the FWI was converted to a nominal variable by
introducing percentile data bins. FWI values lesser than the 40th percentile were
considered to be zero, and the rest values to be 1. This threshold of the 40th percentile
was chosen based on the observation that the curve of the percentile ranks showed
maximum change in slope, with 97.9% of fires occurring beyond this threshold. The fire

presence and absence were denoted as 1 and 0, respectively.
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1. The Chi-square test of association/ independence tests the existence of a
significant relationship between the datasets. The Chi-square test of association/
independence test returns a value of 8968.6, which is greater than the critical decisive
test value. Thus, the null hypothesis was rejected, and the association between the two
variables was established at a 95% significance level.

2. Yule's correlation tests the strength of the association between FWI and fire count.
Yule’s coefficient gives a correlation parameter between 0 and 1, with higher values
signifying a stronger relationship. For computing Yule’s correlation (Q), the concordant
cells consist of two favourable scenarios wherein low FWI and high FWI correspond to
no fire and fire scenarios, respectively. The discordant pair consists of unfavourable
outcomes for FWI and fire datasets. Q yields a value of 0.803, indicating a strong positive
association.

3. Fisher’s exact test also tests the strength of the association between the datasets.
Fisher's odds ratio is a measure of the relative odds of the occurrence of the outcome of
interest, which, in our case, is more fire-counted and associated with higher FWI values.
Fisher’s exact test over FWI and fire data yields a value of h=1 at a 95% significance level
and an odds ratio of 9.18 (8.54-9.87). This test also suggests a significant non-random
association between the fire occurrence and its corresponding FWI value. The odds ratio
of 9.18 indicates that the odds are 9.18 times higher that a fire will occur at low FWI values
than at high FWI.

These non-parametric statistical tests suggest consistent results, indicating a significant

association between FWI and fire occurrences.
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The Chi-square goodness of fit test (Cochran, 1952) returns a decision h=1 (null
hypothesis for FWI) and h=0 for fire occurrences, which denotes that the FWI dataset
belongs to a normal distribution, whereas the fire count does not. Hence, using Pearson’s
correlation coefficient and simple linear regression between the two variables is
inappropriate as they assume a normal distribution. In addition, a higher FWI does not
necessarily ensure a high number of fires. The number of fires depends on other factors,
such as ignition. A fire occurrence, however, would generally translate to comparatively

high severity of fire favourable conditions and hence higher FWI.

Next, the percentiles of annual mean FWI were compared with the MODIS observed
annual fire count by pixel with spatial plots. A scatterplot of FWI percentile bins vs. the
count of fire events corresponding to those percentile values was also plotted. The
percentile bins were computed from the daily FWI dataset at all grid cells within a
particular zone. Even the fire count was aggregated from the daily fire count for 10 years
between the percentile bins. These curves showed us how the fire counts are spread
across various percentile levels of FWI. Also, the best-fit curves were computed and

plotted to determine the nature of the curve and the coefficient of determination.
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Figure 4.3: Relationship between fire counts and percentiles of FWI. (i) Spatial map of
percentiles of annual mean FWI and b MODIS observed annual fire count and (ii)
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determination.
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The maps of the annual mean FWI percentile for the baseline case and the observed
MODIS fire count for the same period (Figure. 4.3.i) show that there is a spatial
correspondence between fire count and FWI. Grid cells with high fire counts have higher
(above the 40 percentile) FWI values. For example, NE has a high FWI and extremely
high fire count due to high anthropogenic ignition from the prevalence of shifting
cultivation practices (Bedia et al., 2015) also reported a high correlation between burned
area and FWI averaged over the fire season in this region. Similar signatures of higher
FWI and corresponding high fire occurrence can be observed in HIM, southern CEN,

northern WG, and DEC.

To further study the association between FWI and fire count, a scatterplot of fire count vs.
the FWI percentile values corresponding to the fire events was plotted (Figure. 4.3.ii).
This is slightly different from the spatial map, where overall FWI| values were averaged
irrespective of whether a fire occurred or not. It was observed that there is a strong
relationship between FWI and fire count, with more (less) fire events at high (low) FWI
values for all the forest zones (Figure. 4.3). However, the nature of the relationship varies
by forest zones. The best-fit curves with the highest values of coefficient of determination
show that the relationship is exponential in the case of the NE zone (Figure. 4.3.ii.b) but
cubic in the HIM, CEN, DEC, and WG zones (Figure. 4.3.ii.a and c-e). As discussed later,
this difference has implications for developing FWI thresholds for fire severity classes for

different forest zones. Overall,
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In the third approach, the Epanechnikov Kernel Density Estimations (KDE; Epanechnikov,
1969; Samiuddin & El-Sayyad, 1990) was plotted to compare the distribution of FWI
values corresponding to fire and no-fire events (Figure 4.4). This approach demonstrated
the distinct differences in FWI spread, affirming its effectiveness as a metric for identifying

conditions conducive to fire occurrence.
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Figure 4.4: Kernel Density Estimation of FWI corresponding to that of fire-occurring

grids and non-fire grids for different zones.

It was observed that in all the zones, the FWI corresponding to the fire points spread
towards higher values. The peak of FWI spread corresponding to no-fire points occurs at
comparatively lower FWI values. Also, in all the zones, the median of FWI at the fire points
curve is at a higher value than that of no-fire points. This affirms that fire occurrences are

69



A robust FDRS for Indian forests

accompanied by comparatively higher FWIs. This difference between the KDE curves is
prominent in HIM, NE and DEC regions. In the CEN and WG regions, although the FWI
in fire points extends towards higher values, there is also a notable peak of fire point FWIs
at lower values. This can be attributed to the higher fragmentation of forests in these
regions, with some grids exhibiting as low as 20-30% forest cover. Consequently, a grid
with lower forest cover may exhibit fewer fires than a grid with higher forest cover despite

the latter having a lower FWI.

Overall, this analysis shows that FWI is a robust indicator of fire weather hazard.

4.3 Fire danger rating system

Fire danger rating is a necessary tool for the quantitative assessment of fire danger in a
systematic way (Stocks et al., 1989; Vasilakos et al., 2007). It is a tool to communicate
with the public and fire agencies about potential threats. Five classes, Low, Medium, High,
Very high, and Extreme, were chosen as they adequately represent the FWI spread over
the zones. These classes show the increasing degree of fire hazard and also make it
easier to communicate the hazard. For this, FWI was computed using the CFFDRS-FWI
MATLAB code with ERA5 meteorological inputs on a climatological scale. Daily
climatologies of maximum 2m temperature and averages of relative humidity and wind
speed were computed over the period 2003-2021 from the hourly ERAS single-level
reanalysis dataset at a 0.25° resolution. For operational fire danger assessments, the

values of these variables at 12 noon local time are used as inputs to the CFFDRS-FWI.

70



A robust FDRS for Indian forests

However, for climatological evaluations, daily maximum temperature, average or
minimum relative humidity, and average wind speed are preferable. This approach
ensures that the assessments are less sensitive to short-term fluctuations in weather
conditions at specific hours of the day, providing a more statistically robust assessment

of fire hazard over extended periods.

Regarding relative humidity, an ongoing debate exists about whether daily minimum or
daily mean values are more appropriate for use in the CFFDRS. However, a global study
by (Quilcaille et al., 2023) indicates that using mean or minimum relative humidity does
not significantly affect the outcomes. In this study, daily minimum relative humidity was
used. Daily climatology of precipitation was obtained by averaging the daily 24-hour
accumulated precipitation from the ERA5-Land dataset at a 0.1° resolution over 2003-

2021 and aggregated to a 0.25° resolution.

The default approach to calculate the fire danger class thresholds is to define the lower
limit for the Extreme class using the FWI dataset. If this value is considered to be the 99th
percentile of FWI in each zone, and geometric progression is used to define the limits of
other danger classes, the conditional probability of fires occurring beyond High and Very
High classes in a few zones saturate at 1. This defeats the purpose of developing different
classes to denote different fire danger levels. Hence, to compute these upper FWI
thresholds for the danger classes, an ensemble of 4 different methods was selected and
evaluated. These four statistical methods are based on logistic regression, percentile-

based, percentage of fire-based and K-means clustering (Figure 2.5). Machine learning
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techniques were also introduced within these methods to reduce subjective decision-
making and finally computed modified thresholds in terms of percentiles. As the range of
FWIs varied across zones, these thresholds were calculated separately for each zone.

Following is a detailed description of the methods.

1. Percentile based

This is a popular method used by various operational fire management services such as
the U.S. Forestry Services. Initially, 22nd, 45th, 90, and 97th percentile FWI thresholds
are considered as the upper threshold values for Low, Medium, High, and Very high
danger classes respectively. Then, to further refine these thresholds, the Receiver
Operating Characteristics (ROC) curve was plotted in these intervals for all the zones
(Figure 4.5). The ROC curve is a tool used to find the best classifier in categorical
problems. In a given interval, it plots a curve between the True Positive Rate (TPR) and
the False Positive Rate (FPR) at varying decision thresholds. The point in the curve
closest to the (1,0) point marks the best operating point. In this case, the interval between
the Oth and 22nd percentile was first selected. Considering all consecutive values
between 0-22 as the decision threshold, the ROC curve was plotted, and the best
operating point was determined. This was the threshold value of that interval. This was
then repeated for the other intervals and all the zones. Thus, instead of the threshold
values at the 22nd, 45th, 90th, and 97th percentile, the best classifier percentile values in

that interval were selected using the ROC curve.
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Figure 4.5: Graphical illustration of ROC curves of the percentile-based method for

every zone

2. Percentage of fire events based

In this method, the percentage of fires occurring beyond every percentile index (Pl) of

FWI was computed and hierarchical clustering was applied to classify the dataset into 5

clusters. Hierarchical clustering (Nielsen, 2016) is an unsupervised learning method that

is used to divide data points based on similar attributes and patterns. Here, agglomerative

hierarchical clustering was used, where data points start as individual clusters and are

successively merged to form larger clusters. Hierarchical clustering is implemented by

calculating distances between data points, which in our case is the percentage of fires

corresponding to each PI (blue curve in Figure 4.6). Then, it iteratively merges clusters

based on these distances. The process continues until a desired level of detail or structure

is achieved. The highest value of the percentage of fires was computed in the 5 clusters,
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and the corresponding FWI and Pl were computed as thresholds for each class (Figure
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Figure 4.6: Graphical illustration of classes developed using percentage of fires beyond

Pl and hierarchical clustering for every zone

3. Logistic regression based

Logistic regression is another method that computes the probability of occurrence in
problems with two possible outcomes (DeMaris, 1995). It is particularly useful in scenarios
where the dependent variable is categorical or dichotomous, such as the occurrence or
non-occurrence of a fire. The logistic regression model estimates the probability of the
outcome occurring based on one or more predictor variables.

The basic equation for logistic regression is:
y=1/(1+exp(B0+B1 x) ) (Eq.1)

Where y is the predictand, x is the predictor variable, and 0 and 1 are the regression
coefficients. The logistic function, also known as the sigmoid function, maps the linear
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combination of predictors to a probability value between 0 and 1. In this study, logistic
regression was used to model the probability of fire occurrence based on the FWI values.
The fire data was first converted into a nominal variable, representing the binary outcome
(fire occurrence or no fire). Each data point in this dataset corresponds to a specific grid
cell. The converted binary fire information and the corresponding FWI values of each grid
cell were provided as inputs to the logistic regression model. The FWI value served as
the predictor variable, while the binary fire data served as the response variable, and fire
occurrence probability was computed as a function for both. Initially, The FWI values
corresponding to fire probabilities of 0.2, 0.5, 0.7, and 0.9 were considered to be
thresholds for the classes. These thresholds were further optimized by using hierarchical
clustering between the classes and computing the highest value of likelihood in each

cluster (Figure 4.7).
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probabilities and hierarchical clustering for every zone
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4. K-means clustering

K-means clustering is a machine learning-based clustering technique. This unsupervised
learning method is effective in identifying patterns and grouping similar data points based
on their features. The K-means algorithm operates through a process of initialization,
assignment, and update until convergence. Initially, k centroids are randomly selected
from the dataset. Each data point is then assigned to the nearest centroid by calculating
the Euclidean distance between the data points and the centroids. The centroid of each
cluster is recomputed by taking the mean of all data points assigned to that cluster. This
process of assignment and update is repeated until the centroids no longer change
significantly or a maximum number of iterations is reached, resulting in the data points

being grouped into k clusters characterized by their centroids.

K-means clustering was applied to the fire count per percentile bin of the FWI dataset
for every grid point (Figure 4.8). This fire count per Pl was clustered into five danger
class clusters and their corresponding FWI Pl values were considered as the thresholds.

It took 106 iterations to get the results to converge.
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Figure 4.8: Graphical illustration of classes developed using K-means clustering for
every zone
The highest value in each threshold class computed from the above five methods were
averaged. These characterized the limiting values of each fire danger class in terms of
percentiles (Table 4.3). By expressing the thresholds in terms of percentiles, they become
adaptable for use with any dataset, gridded or station data, facilitating a more versatile
and operationally relevant threshold classification. This approach makes the thresholds
applicable across different forest regions, time periods, and FWI datasets, contributing to
a robust fire danger assessment framework. The range of thresholds in terms of
percentiles in all the zones is similar with the Low class threshold ranging around the 40th

percentile to the Extreme class beyond the 95th percentile.
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Table 4.3: Upper thresholds of fire danger classes in percentiles of FWI for the different

zones
Fire danger classes HIM NE CEN DEC WG
Low 40 36 38 40 34
Medium 61 57 65 66 58
High 85 82 87 90 87
Very high 95 96 97 98 98
Extreme >95 >96 >97 >08 >98

4.4 Evaluation of FDRS

To ensure the robustness of

implemented.

our developed thresholds, three key criteria were

1. Minimum overlap between the classes when considering different methods.

It was ensured that there was no overlap between classes. For example, if the low

threshold in method 1 surpasses the medium threshold of method 2, then there

would be an overlap, and it would be inappropriate to use the methods in an

ensemble threshold computation. To assess this, the spread of FWI was observed

in each class for different methods using a violin plot (Figure 4.9).
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Figure 4.9: Violin plots for danger class thresholds developed using different methods

along with the mean and median for different zones

This plot combines the aspects of a box plot and a kernel density curve and displays the
distribution of data across different categories or groups. The violin shapes convey
information about the kernel density of the data in the category, highlighting
characteristics such as skewness and multimodality. The black and the red lines indicate
the mean and the median of data in that category, which provides measures of central

tendency.

From this, it is observed that the mean and median thresholds in each method
consistently do not overlap with the thresholds of the previous class. This also shows
agreement between the methods in threshold development, which is essential for their
ensemble use. Also, the pattern of kernel densities, including the shape of the kernel

density curve, skewness, and relative frequency magnitudes, are in agreement across
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the chosen methods. This uniformity also shows coherence within the methods and
develops confidence in our approach. Another observation is that the spread of kernel
densities is more pronounced in the very high class in all the zones. This ensures a broad
range of values in the class denoting high fire danger, effectively minimizing the
occurrence of true negatives. This strategic emphasis on a comprehensive range in the
Very High class enhances the sensitivity of our fire danger thresholds, which is crucial for
accurate risk assessment and management strategies. The observed skewness in the
distribution of some methods towards lower values can be attributed to the lower
prevalence of highly fire-conducive conditions compared to moderate fire weather
conditions. In some zones, the kernel densities in the Low class exhibited skewness

towards higher values.

2. Increase in the fire occurrence probability with each class.

Fire occurence probability

) 1
Low Medium High Very high Extreme

Figure 4.10: Fire occurrence probability at fire danger classes for different zones
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The second criterion is to ensure that the probability of fire occurrence within each
danger class increases in comparison to its previous class (Figure 4.10). The
probability was computed as the ratio of favorable events—in this case, instances
of fire occurrence—to the total number of events in each class. As anticipated, the
results show that lower fire danger classes exhibit a correspondingly lower fire
probability, and the higher fire danger classes demonstrate a higher fire probability.
The significance of this probability criterion lies in its role in ensuring the reliability
of the established danger classes. If, for instance, a high fire danger class were
associated with a low fire probability, it would introduce a contradiction and
diminish the practical utility of the thresholds. Therefore, incorporating this
probability criterion is essential for developing thresholds that make the delineated
danger classes acceptable. Moreover, the violin plot in Figure 4.9 also illustrates
a clear progression of thresholds, showing the increase in the spread of FWI
values from low to high classes in all the methods. This alignment between fire
danger classes and the associated fire occurrence likelihood provides a robust

foundation for the developed thresholds.

3. Coherent values of evaluative parameters like critical success rate (CSI; Schaefer,
1990), probability of detection (hit rate), and false alarm ratio (FAR; Schaefer,
1990), hits due to chance and correct rejection. These parameters were calculated

using the following equations:

1. Critical Success Index (CSI):

CSI = Hits/(Hits + Misses +False alarms)
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2. Probability of Detection (Hit Rate):

Hit Rate = Hits/(Hits + Misses)

3. False Alarm Ratio (FAR):

FAR = (False alarms)/(False alarms + Correct rejections)

4. Hits due to Chance:

Hits due to chance = (Total events x Total Hits)/(Total observation?)

5. Correct Rejection:

Correct rejection = (Correct rejections)/(Correct rejections + False alarms)

To assess these parameters, the Low danger class threshold was considered as a
benchmark for the confusion matrices for each zone. The results reveal a consistently
high hit rate across all zones, with the highest value in HIM. This high hit rate indicates
that the danger classes defined in this study are effective in capturing true positive events.
Hits due to chance are consistently low across all zones. This ensures that the observed
hits are not merely coincidental but are due to the model's ability to accurately predict fire
occurrences. Correct rejection rates vary within the range of 15-35% across zones,
representing the proportion of instances where the model correctly identifies non-fire
events. The moderate values in this parameter indicate a balanced classification
performance. An interesting observation is the relatively high False Alarm Ratio (FAR),
especially in CEN, DEC, and WG zones. This metric is the ratio of false alarms to the total

positive predictions. Within these zones, the prevalence of hot and dry conditions during
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the pre-summer monsoon months contributes to a large number of days having high FWI.
However, the presence of high FWI does not necessarily result in fires unless there is an
ignition source. Despite the elevated FAR in these zones, the overall classification
remains acceptable as it does not compromise the accurate identification of true
negatives. The comprehensive CS| combines various performance measures and
indicates high values in HIM and NE. In other zones, the CSI is comparatively lower
because of high false alarms. In summary, the defined danger classes demonstrate
coherent values for evaluative parameters, with a consistently high hit rate, low hits due
to chance, moderate correct rejections, and an acceptable FAR. The rigorous evaluation
of these thresholds makes the designed danger classes suitable for operational fire

management use.

Table 4.4: Evaluative parameters to test the skill of the developed system in fire prediction

HIM NE CEN DEC WG
Critical success rate (CSR) 0.52 0.56 0.26 0.22 0.18
Probability of detection/ hit rate | 0.92 0.76 0.56 0.7 0.56
False alarm ratio (FAR) 0.45 0.31 0.67 0.75 0.78
Hits due to chance 0.22 0.36 0.23 0.12 0.13
Correct rejection 0.25 0.15 0.24 0.32 0.33
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These thresholds were also compared with the thresholds developed without integrating
the ROC curve and clustering techniques. The thresholds without machine learning relied
on subjective threshold numbers and were tailored to specific regions and applications.
This limits their usage as potential thresholds for operational usage for India with all kinds
of datasets. To ensure the robustness of these danger classes, recalibration of the initially
chosen numerical thresholds was undertaken. The incorporation of clustering and ROC
curves provided a more adaptive and data-driven framework for threshold computation.
The metric CSI was used to compare these new thresholds with the previous ones. CSI
is a comprehensive metric that factors in true positives, false positives, and false
negatives. This approach gauges the effectiveness of our thresholds, considering both

accurate predictions and false negatives.

The results show consistently higher CSI values for the thresholds derived from machine
learning methods (Figure 4.11). This suggests an improvement in the classification to
predict fire danger accurately. An overall improvement of 30-50% was observed in the
CSl in all the zones except WG where it was observed that Low and Medium class
thresholds show no significant improvement. However, there is a 23% improvement in
the CSI of the Very high danger class. The highest improvement is in the DEC zone
followed by CEN with CSI increasing by 49.5% and 43% respectively in the newer
thresholds than the older ones. In the Low and Medium classes, the most significant
improvement was observed in the NE zone. In higher danger classes, DEC and CEN
zones show maximum improvement. In summary, the overall CSI of new thresholds

shows an increase of 28% across all classes and zones in Indian forests. This evaluation
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shows that the inclusion of objective decision-making approaches significantly influences

the overall performance of the resulting fire danger threshold computation.

l T T T
—— HIM
—— NE
== CEN
0.8
o —— DEC v
=
L]
v
$0.6[
Q
o
=
»n
.g 0.4
-
=
© f
0.2 7,
',’; . Based on machine learning
YX 0 | me==== Without machine learning
7
7
0 ' : '

Low Medium High Veryhigh

Figure 4.11: Critical Success Rate (CSR) of thresholds for each danger class developed
without machine learning (dashed lines) and with machine learning (solid lines) for

different zones.

4.5 Summary

In this chapter, a comprehensive approach to developing a robust fire danger rating
system (FDRS) was presented. The CFFDRS-FWI algorithm was implemented in
MATLAB to adapt to work with high-resolution gridded climate data, aligning with the
objectives of this thesis. This code is archived on GitHub. It was determined that a
minimum spin-up period of 365 days is required for stable and reliable outputs. Analysis
shows that this algorithm provides reliable outputs if spun up properly, even with Indian

climate conditions. The ERA5 weather data was used as input for the CFFDRS-FWI to
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produce fire weather conditions that demonstrated a statistically significant relationship
with MODIS fire count data. This established that the F\WI is a reliable metric for assessing

potential fire occurrences.

Then, a systematic FDRS was developed, classifying FWI values into five classes—Ilow,
medium, high, very high, and extreme—in different forest zones in India. Classical
methods were integrated with machine learning approaches to ensure that the system is
adaptable to a wide range of inputs and applicable to regions with similar weather patterns
like that of the five zones. The evaluation of threshold values confirmed that the methods
used are consistent, and the thresholds robustly reflect fire occurrence patterns across

the zones.

With this revised version of the CFFDRS-FWI algorithm and the developed FDRS, the
FWI was simulated using high-resolution climate data for baseline (2006-2015) and end-
century (2091-2100) periods. This will help in analyzing the potential impacts of climate
change on fire danger across India’s forest zones. The subsequent chapter details the
development of this high-resolution climate data through the dynamical downscaling of

GCM outputs.
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High-resolution climate scenarios

5.1 Introduction



High resolution climate scenarios

In this chapter, the dynamical downscaling of the bias-corrected CESMv1 (Hurrell et
al., 2013) climate projections from the CMIPS project for the RCP 8.5 scenario is

discussed.

The CFFDRS requires accurate climate projections as input to estimate fire danger
indices like the FWI under climate change scenarios. However, the coarse spatial
resolution of GCMs, ranging from 100 to 600 km, limits their ability to capture localized
climatic variations necessary for high-resolution fire weather assessments.
Downscaling is a technique to refine GCM outputs to higher spatial resolutions. Local
climatic processes, such as convective activity and terrain influences, are not well
captured by GCM outputs. These processes are crucial for accurately estimating high-
resolution values of temperature, humidity, wind speed, and precipitation. These
meteorological factors, in turn, are essential for calculating fire weather indices at high
resolution. Downscaling helps overcome this limitation by providing detailed regional

climate projections that account for these local processes.

Two primary approaches exist for downscaling climate projections: statistical and
dynamical (Trzaska & Schnarr, 2014). The statistical approach, which is
computationally efficient, involves deriving empirical relationships between large-scale
predictors and local climate variables using observational data (Navarro-Racines et
al., 2020; N. S. Patil & Laddimath, 2021). Conversely, the dynamical approach uses
high-resolution Regional Climate Models (RCMs) to simulate local climate conditions
driven by large-scale atmospheric features from GCM projections while incorporating
the effects of local drivers such as topography and land cover (Trzaska & Schnarr,
2014). However, biases and uncertainties inherent in GCM outputs may be transferred

to RCM simulations, making preprocessing methods like bias correction necessary
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before downscaling (Xu & Yang, 2012). Although computationally expensive, dynamic
downscaling at optimized spatial and temporal scales offers a robust method for
simulating locally relevant phenomena under changing climate conditions (Wood et

al., 2004; Xu & Yang, 2012).

The selection of a GCM for downscaling required careful consideration of how well the
primary climate model performs over the Indian region. For accurate fire weather
predictions, the model needed to capture the distinct climatic patterns that influence
fire activity across India's diverse forest landscapes. The CESM was selected based
on its established performance in simulating climate processes over India. CESM is a
widely used model and is validated in various studies for the Indian subcontinent. Its
inclusion in numerous regional climate assessments further shows its reliability in
capturing the meteorological variables required for fire weather estimation.
Additionally, CESM projections were available in a bias-corrected form, which is useful
for minimizing model errors and aligning the simulations with observed climate data.
This correction enhances the credibility of using CESM output for further downscaling.
This ensures that the downscaled results are both accurate and suitable for regional-
level analyses. While CMIP6 data has recently become available, bias-corrected
outputs are not yet widely accessible. This further justified the use of CESM from
CMIP5 for our study, as it offers a validated, bias-corrected dataset that supports the
high-resolution downscaling needed for fire weather computations in the Indian
context (Hurrell et al., 2013; van Vuuren et al., 2011). Thus, CESM was chosen to
provide a robust foundation for producing downscaled climate data and reliable FWI

projections over the Indian forest zones.
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This coarse resolution CESMv1 climate dataset was downscaled by a popular
mesoscale RCM, the WRF model (et al. Skamarock WC, 2008), to produce a high-
resolution input dataset to CFFDRS-FWI at 10 km spatial resolution for the current
(2006-2015) and end century (2091-2100) time periods. The 10 km spatial resolution
was selected to enable detailed analyses of climate impacts and for informed decision-
making on forest fires at the district level for India. With a 10 km grid spacing, as per
sampling theory, the dataset will be able to resolve processes at 20 km x 20 km (=400
km?). Since more than 96% of Indian districts have an area larger than 400 km?, this
resolution was considered sufficient to skillfully represent climate variability at the
district scale across most regions. While higher resolutions, such as 1-2 kilometers,
could provide more accurate representation of convective processes over forest
zones, it would be computationally expensive. The chosen 10 km resolution offers a
cost-effective and skillful compromise, with finer details beyond this resolution
appropriately addressed through parameterization. Since the performance of the WRF
model is sensitive to various physical parameterizations such as cumulus, planetary
boundary layer (PBL), surface layer, and radiation schemes (Gunwani et al., 2021;
Gunwani & Mohan, 2017; Rai & Pattnaik, 2019), eight sensitivity experiments were
conducted to find the appropriate parameterization combination over the study region.
The combination that performed the best compared to reanalysis data from the ERA5S

and IMDAA were selected for the downscaling.

5.2 WRF model configuration

The downscaling simulations in this study were performed using a nested grid system
in the WRF model to refine the resolution of the simulations over India. In this case,

the finest grid, or domain (d03), has a resolution of 10 km and covered an area of 3700
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km x 3700 km (Figure 5.1). This grid was “nested” within two larger grids: the second
domain (d02) with a resolution of 30 km and the largest domain (d01) with a 90 km

resolution.
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Figure 5.1: WRF simulation domains showing the topography and bathymetry (in m
with respect to mean sea level) and three nested grids d01, d02 and d03 at

resolutions 90 km, 30 km, and 10 km, respectively

Table 5.1: Nested Grid Configuration in WRF Simulations

Domain Name Resolution Time Step
do1 90 km 270 seconds
do02 30 km 90 seconds
do3 10 km 30 seconds

Nesting allows the model to focus computational power on smaller areas while still
capturing large-scale atmospheric patterns from the outer grids. The simulation's time
steps were adjusted for each grid to ensure numerical stability and accuracy. Time
steps were set at 270 seconds (d01), 90 seconds (d02), and 30 seconds (d03), with

shorter intervals for finer grids because of their higher resolution. Shorter time steps
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reduce numerical errors by ensuring the calculations between each model step

account for rapid atmospheric changes in higher-resolution areas.

The initial and boundary conditions, which are the starting atmospheric states and the
external conditions influencing the model, were provided by a coarser-resolution
climate model, the CESM bias-corrected dataset. These inputs were updated every
six hours to keep the simulations aligned with the GCM data. This method ensures
that the smaller grids (d03) receive the necessary large-scale information from the

coarser grids to simulate the local atmosphere more accurately.

Hourly values of downscaled atmospheric parameters were saved as output to capture
detailed, high-resolution data. Saving data at hourly intervals provides a fine temporal
resolution, allowing for a more thorough analysis of weather and climate patterns,

which is critical for studying short-term variations and extreme events.

5.3 Sensitivity analysis to select parameterization schemes

Parameterization is crucial in numerical weather prediction models like the WRF model
because it represents the physical processes that occur at scales smaller than the
model’s grid resolution. These processes include cloud formation, radiation transfer,
surface-atmosphere interactions, and more. The WRF model offers a variety of
parameterization schemes to represent different physical processes. These include
microphysics, cumulus convection, planetary boundary layer (PBL), surface layer,
radiation, and land surface schemes. Each scheme has its own set of assumptions
and formulations that influence how specific processes are simulated. A literature
survey was conducted to identify parameterization schemes that have been
successfully used in simulations over the Indian region. Based on this, the WRF model

was configured using these schemes:
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Radiation Schemes:

The Dudhia scheme (Dudhia, 1989) was used to simulate shortwave radiation transfer.
The Rapid Radiative Transfer Model (RRTM) (Mlawer et al., 1997) was employed for
longwave radiation transfer. These radiation schemes have been found to effectively
simulate the sensitivity of Indian meteorological features, particularly the summer

monsoon (Andraju et al., 2019; R. Patil & Kumar, 2016; Ratnam et al., 2017).

Land Surface Scheme:

The NOAH-MP land surface scheme (Niu et al., 2011) was selected to provide the
bottom boundary conditions to the atmosphere. NOAH-MP is a multi-parameterization
scheme that includes advanced canopy and soil moisture computations, enhancing
the simulation of surface fluxes and soil moisture (Niu et al., 2011; Reddy et al., 2020).
This scheme has shown better performance in simulating precipitation over the core

monsoon area in India (Attada et al., 2018).

Surface Layer Scheme:

The MMS5 surface layer scheme (Paulson, 1970), which uses the Monin-Obukhov
similarity theory to compute surface exchange coefficients for heat, moisture, and
momentum, was utilized. This scheme has provided satisfactory results in simulations

over India (R. Patil & Kumar, 2016)

In addition to the above-mentioned parameterization schemes used for the dynamic
downscaling of CESMv1, the WRF model also requires schemes to simulate
atmospheric microphysics, planetary boundary layer (PBL) transport and cumulus
convection. However, there is no consensus in the literature about the best possible
schemes for these processes over the Indian region. Past works over this region have
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used The Yonsei University Scheme (YSU) non-local scheme (Hong et al., 2006) and
Mellor-Yamada-Janjic (MYJ) local closure scheme (Janji¢, 2000) to simulate PBL
dynamics (Andraju et al., 2019; Ratnam et al., 2017), WSM6 (Hong et al., 2006) and
Thompson (Thompson et al., 2008) schemes to simulate microphysics (Andraju et al.,
2019; Rajeevan et al., 2010; Ratnam et al., 2017), and Betts Miller Janjic (BMJ) (Janjic,
2002) and Kain—Fritsch (KF) (Kain & Kain, 2004) schemes to simulate cumulus
convective processes (Rajeevan et al., 2010; Ratnam et al., 2017; Reddy et al., 2020;
Srinivas et al., 2013) over India. Sensitivity experiments (Table 5.1) were conducted
using various combinations of these physical parameterizations to identify the ideal

model configuration over our domain.

Table 5.2: Physics parameterization combinations for the sensitivity experiments

Sr. No. PBL Scheme Microphysics Scheme Cumulus Scheme
SET 1 YSU WSM6 BMJ

SET 2 YSU WSM6 KF

SET 3 YSU Thompson BMJ

SET 4 YSU Thompson KF
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SET 5 MYJ WSM6 BMJ
SET 6 MYJ WSM6 KF
SET7 MYJ Thompson BMJ
SET 8 MYJ Thompson KF

WRF downscaling simulations are typically conducted by initializing the model and
running it continuously for the desired time period. Some studies show that continuous
month-long runs can lead to model drift (Qian et al., 2003; Tian et al., 2020; Xia et al.,
2017). In contrast, other studies have found that WRF downscaling for a month-long
continuous run is the optimal choice for their area of interest (Tian et al., 2020). To test
the performance of these two approaches, each of the eight test simulations (Table 2)

was performed by two methods:

1. Reinitialization approach where the model is initialized at 00 UTC of each day
and run for 24 hours. Outputs from 30 consecutive day-long runs are concatenated to

generate a month-long downscaled dataset.

2. Continuous approach where the model is initialized at 00 UTC of the first day
of the month and run for 30 days straight to generate a month-long downscaled

dataset.
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The sensitivity simulations were conducted for the months of January (dry season)
and July (wet season) for the normal monsoon year 2006, which was wetter than the
usual year 2007 and drier than the usual year 2009. With eight parameterization
combinations and two types of initializations for 2 months in 3 different years led to a

total of 96 month-long simulations.

To test the performance of the model, the January and July simulated 2m Temperature
(T2m) and July Precipitation for the three years were compared with the IMDAA
reanalysis data. The IMDAA reanalysis dataset accurately captures Indian weather
patterns, particularly monsoon variability (Ashrit et al., 2020; Singh et al., 2021).
Hence, it was used to evaluate the different experiments. The simulated data was
regridded from 10 km to 12km resolution to match the IMDAA resolution. The area
outside the geographical boundaries of India was masked out, and grid-to-grid monthly
average T2m and monthly accumulated precipitation were statistically compared
against the respective IMDAA grid values. The Pearson’s correlation coefficient (R),
root mean square error (RMSE), and standard deviation (p) of each simulated dataset

compared with the IMDAA data were computed and depicted in a Taylor diagram.
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Figure 5. 2: Taylor Diagram of sensitivity experiments vs IMDAA reanalysis dataset
of monthly mean 2m-temperature for (a) January and (b) July, and (c) total monthly

precipitation for July.

Taylor diagrams are widely used for comparing the performance of multiple models or
experiments against observations. This is a well-suited method to determine the best

performing experiment statistically. In these diagrams, the pixel-by-pixel similarity in
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patterns between the simulated and observed variables is represented by the
correlation coefficient (R), shown by the azimuthal angle. The observed value is
always positioned on the x-axis, where the azimuthal angle is 0, corresponding to R=1.
The root mean square error (RMSE) is indicated by the distance between the model
and observation points. At the same time, the standard deviation (p) is depicted by the
radial distance from the origin. Therefore, the model value closest to the observed
value is the best performer, as it exhibits high correlation, low RMSE, and similar p to

the observation.

The results in Figure 5.2 indicate that for a 2-meter temperature, all experiments
produced similar outcomes for both winter (January) and monsoon (July) seasons. In
each case, the correlation was high, the RMSE was low, and the standard deviations
were close to those of the IMDAA data. This shows that all experiments successfully
simulated daily temperature patterns. For precipitation, the RMSE values were within
a similar range across all combinations. The differences in standard deviation
compared to IMDAA were also similarly distributed. Based on this, the Set 2 was
selected, which had the highest correlation value (R = 0.74). This set used the YSU

scheme for PBL, WSM6 for microphysics, and KF for cumulus parameterization.

The results also demonstrated that the reinitialization approach did not offer any
significant advantage over continuous simulations for the domain and resolutions
used. Additionally, the reinitialization approach was found to be slightly more
computationally expensive than the continuous method. Therefore, the continuous

approach using Set 2 was chosen for the downscaling simulations.

5.4 Evaluation of downscaled data
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Using the model configuration described above, the bias-corrected CESM data was
downscaled for the two study periods - baseline and end-century. The DSCESM data
are provided at an hourly frequency in UTC hours. These UTC outputs were converted
to Indian Standard Time (IST) as for FWI estimation, temperature, wind speed and
relative humidity is required at 12 noon of the local time. Daily time series (TS), monthly
TS, and monthly climatology for eight variables (as listed in Table 5.3) were computed
for the current and future ten-year periods. These variables include minimum and
maximum temperature, wind speed, relative humidity, precipitation, downward
shortwave flux at the ground surface, outgoing longwave radiation, mean surface
sensible and latent heat fluxes. Standardized formats of these variables are archived
in the dataset repository. For this, the maximum and minimum temperatures are
estimated by taking the highest and lowest values, respectively, from the 24-hour IST
data. Daily total precipitation was computed by aggregating the 24-hour rainfall values.
These daily values were added (for total precipitation) or averaged (for other variables)
over a month to obtain the monthly TS, and mean values for each month were
calculated to obtain the monthly climatology dataset. These standardised variables

are evaluated against reanalysis and station data.

Table 5.3: List of variables in the DSCESM dataset

Variable | Variable [Variable Dataset Description Units
short Description
name |long
name
Daily TS Monthly TS [Monthly
climatology
Dataset dataset dataset
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t2m_me | Mean 2m [Air Daily Monthly Monthly K
an Tempera [temperature at| average of [average oficlimatology
ture 2m above land| 24hrs 2m airlof 2m air
surface (O0IST- temperature temperatur
00IST) 2m e
air
temperature
t2m_ma | Maximu |The  highest| Daily highest |Monthly Monthly K
X m 2m temperature of] average oficlimatology
the air at 2m| (00IST- highest 2mlof highest
Tempera |apove  land| 00IST)  2m |4 2m air
ture surface since| @l temperature [temperatur
the time it was| temperature g es
last archived | documented |qocumented
for each day.
t2m_mi | Minimum |[Lowest Daily lowest [Monthly Monthly K
n 2m average oficlimatology
Tempera |temperature of| (00IST- lowest 2mlof lowest
ture air at 2m[O00IST) 2m (g om air
above  land| air temperature [temperatur
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last archived for each day.
precip Total Combined Daily Monthly Monthly mm
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convective 00IST) total |precipitation [aggregated
rainfall precipitation total
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rh Relative |Water vapor| Daily Monthly Monthly %
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expressed as| 24hrs relative of relative
percentage of| (00IST- humidity humidity
value at which| 00IST)
air begins to| relative
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wspd Wind The Daily Monthly Monthly m s-1
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shf Mean Transfer off Daily Monthly Monthly W m-
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e
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ward
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)

For evaluation, the DSCESM variables were statistically evaluated against the IMDAA

and ERAS5 reanalyses as well as GSOD observations for the period 2006-2015 on

various temporal frequencies. The metrics used to assess the performance of the

dataset are Pearson’s correlation coefficient (r), standard deviation (p), Root Mean

Square Error (RMSE), and bias. The p, RMSE, and bias statistics were normalized by

dividing their values with corresponding annual mean so the performance of different

variables can be compared. These statistics were plotted in Taylor diagrams (Figure

5.3 (a)).
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Figure 5.3: (a) Taylor Diagram and (b) the RMSE vs BIAS diagram of DSCESM daily

variables against IMDAA and ERAS reanalysis variables.

Also, the RMSE and bias were plotted against each other (panel b). Then, the RMSE
of monthly averages of all DSCESM variables were compared to IMDAA and ERAS5 at
every grid point in the domain (Figure 5.4). These maps give us an idea of the spatial

pattern of the performance of the downscaled variables.
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Figure 5.4: RMSE of (a) monthly accumulated precipitation and monthly means of (b)
2m temperature (K), (c) wind speed (m/s), (d) relative humidity (%), () sensible heat
flux (W/m2), (f) latent heat flux (W/m?), (g) downward surface shortwave
radiation(W/m?) and (h) outgoing long wave radiation (W/m?) with respect to IMDAA

(column i and iii) and ERA5 (column ii and iv) reanalyses.

Then, the monthly climatology of the downscaled DSCESM variables was compared

with the reanalysis datasets (Figure 5.5).
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Figure 5.5: Seasonal cycle of DSCESM variables (black) in comparison with the

IMDAA (orange) and ERA5 (blue). The grey shaded area represents the DSCESM

uncertainty (one standard deviation).
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The Probability Density Functions (PDFs) of the DSCESM monthly climatology

variables at every grid cell were also computed and plotted against the PDFs of

reanalysis datasets. PDFs are particularly useful to understand how well a model

simulated data captures the distribution of observed values. Moreover, the PDFs are

sensitive to localized differences. This allows us to analyze if the model can represent

both mean and extreme events.
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Figure 5.6: Probability distribution functions (PDFs) of the 10-year average values of

DSCESM variables (blue), IMDAA (Green) and ERAS (red).

Temperature, relative humidity, wind speed and precipitation for the period 2006-2015
from the raw CESMv1 and DSCESM were retrieved at all the 60 GSOD station
locations within India. Correlation of daily climatology of these datasets and GSOD

observations were computed and plotted (Figure 5.7).
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Figure 5.7: Location wise Pearson’s correlation coefficients for daily climatology of

CESMv1 and DSCESM against GSOD station observations from 2006-2015

Figures 5.3a and 5.3b show the Taylor diagram and the RMSE-bias plot for the
DSCESM data, respectively. The 2m Temperature shows reasonably good
performance with high R (~0.97) and almost equal DSCESM and reanalysis p. The

overall R values of other variables are above 0.5, and their ps are comparable to that
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of the corresponding reanalyses. In Figure 5.3b it can be observed that 2m
temperature depicts negligible bias as well as RMSE with both the reanalyses. The
performance of the DSCESM relative humidity and latent heat flux fares well against
the reanalyses, suggesting reliable future estimates of the variables. The mean
surface latent heat and the shortwave radiation fluxes show positive and negative
biases for IMDAA and ERAS5, respectively, denoting the slight underestimation of the

variables compared to IMDAA and overestimation compared to ERAS.

Figure 5.4 shows the RMSE of monthly accumulated precipitation as well as monthly
averages of other DSCESM variables compared to IMDAA and ERAS at every grid
point in the domain. These maps give us an idea of the spatial pattern of the
performance of the downscaled variables. Accurate simulation of daily precipitation
characteristics over the Indian region has been a challenge for the scientific
community. The coarse-resolution uncorrected CESM1 outputs are known to have
shortcomings, such as underestimation of rainfall over Northern India and the Bay of
Bengal and poor prediction of the rainfall extremes over the region (Xia et al., 2017).
The chances of transmission of these systematic errors in precipitation have been
reduced by the bias correction prior to downscaling. Though the RMSE of precipitation
remains low throughout the country with a value of about ~5-10 mm, the error is
comparatively higher in the complex terrains of the Northeast and Western Ghats
along the west coast of India (Figure 5.4a). Overall DSCESM precipitation can
satisfactorily capture the rainfall pattern over India. Hence, the downscaled mid and
end century precipitation can be used to study various rainfall-based processes in the

future scenario at high resolution.

The RMSE values of monthly DSCESM 2m temperature is consistent at about 1 K
throughout the country with slightly larger errors 4-6° K over the Northern Himalayan
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region (Figure 5.4b). As observed from Figure 4c, monthly averaged DSCESM wind
speed performs better against IMDAA as compared to ERA5, with very consistent
RMSE throughout the country. Relative humidity estimates fare better in the coastal,
Southern and Northeast India (Figure 5.4d). The error in the heat flux variables is low
at about 10% of their maximum values as compared to the IMDAA dataset. However,
higher error values are observed at the urban clusters (Figure 5.4e, 5.4f). Outgoing
Longwave Radiation (OLR) estimates are better with lower RMSE values, about 5%
of maximum values (Figure 5.4h), than those of shortwave estimates, which are about
20% of the maximum values (Figure 5.4g). Consistent with all the variables, the high-
resolution estimates show an overall low RMSE with IMDAA reanalysis as compared

to ERAS.

In Figure 5.5, the monthly climatology of the downscaled DSCESM variables with the
reanalysis datasets (ERA5 and IMDAA) was compared. This assesses how well the
DSCESM captures the seasonal variations of different climate variables. For each
variable, the solid lines represent the datasets, while the shading indicates the spread

of downscaled data.

It was observed that the DSCESM 2m air temperature captures the general seasonal
trend, showing a peak during the pre-monsoon months of May and June. However,
DSCESM tends to underestimate temperatures slightly compared to ERA5 and IMD,
particularly during the pre-monsoon period. The alignment between the datasets is
closer during the post-monsoon and winter months, where the temperature differences
become minimal. In the case of average accumulated precipitation, DSCESM matches
more closely with ERAS than with IMDAA. However, both the reanalyses curves lie
within the spread of the DSCESM data, indicating that the downscaled data

successfully captures the range of precipitation variability. This suggests that
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DSCESM is able to reproduce the general seasonal pattern and intensity of
precipitation over India. In the case of mean wind speed, DSCESM shows less
pronounced seasonal variation compared to both ERA5 and IMDAA. While the
reanalyses show a strong increase in wind speeds during the pre-monsoon season,
DSCESM maintains more consistent values throughout the year. This indicates that
the downscaled model may smooth out some of the seasonal extremes present in the
reanalysis data. For relative humidity, DSCESM aligns well with ERA5 and IMDAA,
showing lower humidity levels before the monsoon and a significant increase during
the monsoon. However, seasonal dynamics are more pronounced in DSCESM,

especially in the pre and post-monsoon seasons.

Other variables, including surface sensible heat flux and latent heat flux, show good
agreement between DSCESM and the reanalyses, with some variations during the
pre-monsoon period. Shortwave radiation and TOA longwave radiation follow similar
seasonal cycles in all datasets. Overall, DSCESM demonstrates a strong ability to
capture seasonal variations, particularly in temperature and precipitation, while
showing some smoothing of wind speed seasonal patterns. Its spread encompasses

both the reanalyses signatures. This shows the reliability of the downscaled variables.

Overall, the results show that the seasonal variability pattern of the downscaled
variables is similar to the IMDAA and ERA5 seasonality. The reanalyses monthly
climatology values are within one standard deviation of the DSCESM values for most

cases.

From the PDF analysis (Figure 5.6), it was understood how well a model simulated
data captures the distribution of observed values. Moreover, the PDFs are sensitive

to localized differences. This allows us to analyze if the model can represent both
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mean and extreme events. It was observed that the distribution of DSCESM 2m
temperature, relative humidity and longwave were in agreement with those of ERAS
and IMDAA. In the case of precipitation and sensible heat flux, the DSCESM
frequencies match more with IMDAA than ERA. For latent heat flux and shortwave,
the DSCESM frequencies are in between those of ERA and IMDAA. The downscaled
output overestimates the spread of wind speed as compared to the reanalyses, which
is also clear from the monthly climatological mean in Figure 5.5. Corrective measure
was taken prior to using the DSCESM wind speed in FWI calculations as explained in

section 5.6.

In Figure 5.7, temperature, relative humidity, wind speed and precipitation for the
period 2006-2015 from the raw CESMv1 and DSCESM were retrieved at all the 60
GSOD station locations within India, and Pearson’s correlation coefficient of daily
climatology of these variables and GSOD observations were plotted. It was observed
that in most of the stations, the downscaled variables are in better agreement with the
station observations compared to the raw data. Out of the 55 stations where the
correlation coefficient is statistically significant for temperature, 45 stations show
improved correlation after downscaling, and the rest of the stations show almost
negligible change. For relative humidity, out of the 48 statistically significant stations,
33 stations show a significant improvement in correlation, and about eight stations
depict similar r values. Thirty-three stations show that the precipitation amount
simulated by DSCESM is a better estimate of the variable as compared to raw CESM,
with some stations in Northeast India and along the Western Ghats having not much
improvement in the r. In almost all these station locations, wind speed shows

considerable improvement in correlation.
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The monthly mean temperature and accumulated precipitation of DSCESM was also
compared with the Coordinated Regional Climate Downscaling Experiment-South
Asia (CORDEX-SA) against GSOD station observations over India for 2006-2015. For
this, the monthly mean temperature and precipitation data were retrieved from both
CORDEX-SA and DSCESM datasets for the period 2006-2015 at GSOD locations and
correlation coefficient values were computed. The DSCESM dataset, which uses a
finer 10 km resolution, showed a significantly better correlation with the GSOD
observations compared to the coarser CORDEX-SA dataset (Figure 5.8). This
indicates that the DSCESM dataset provides a more accurate representation of local
climate conditions, demonstrating its added value for detailed climate impact studies

and for this study.
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Figure 5.8: Comparison of correlation coefficients of GSOD observations with
DSCESM and CORDEX-SA for monthly mean 2m temperature and monthly

accumulated precipitation.
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Overall, the performance of the downscaling is satisfactory as the DSCESM variables
adequately match the GSOD observations as well as IMDAA and ERAS reanalysis

daily, monthly and climatology patterns.

5.5 DSCESM data archival with DKRZ

The DSCESM dataset

(https://doi.org/10.26050/WDCC/WRF10km wbc C5 forc olndia and

https://doi.org/10.26050/WDCC/WRF10_wbc C5 forcindia MC V2) (Barik et al.,

2021) provides climate projections for three time periods: current (2006-2015), mid-
century (2041-2050), and end-century (2091-2100), based on the RCP8.5 scenario
over India. These projections were generated by dynamically downscaling bias-
corrected CESM1 output using the WRF model at a 10 km spatial resolution. The
dataset spans the Indian region on a 369 x 369 grid, with areas outside India masked
out. Data is offered at three temporal resolutions: daily, monthly, and monthly
climatology, across 10 meteorological variables (see Table 2), along with latitude,
longitude, and time details. The dataset is structured into 90 NetCDF files (10 variables
x 3 temporal resolutions x 3 periods), with daily, monthly, and climatology files
containing 369x369x3650, 369x369x30, and 369x369x12 data points, respectively,
totalling approximately 120 GB in size. Detailed metadata about the files is included

with the dataset. The file naming convention follows:

2006-2015: Current_ XXX_YYY.nc
2041-2050: MidCenturyRCP85_XXX_YYY.nc

2091-2100: EndCenturyRCP85_XXX_YYY.nc

Here, "XXX" indicates the temporal resolution and "YYY" represents the variable short
name as defined in Table 5.2. The WRF-ARW source codes and tutorials are provided
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as an open-source model, accessible on NCAR’s website

(https://www2.mmm.ucar.edu/wrf/users/download/get sources.html). The WRF

model configurations, specified in the namelist, can be found in the WRF_namelist.pdf

file available on GitHub (https://github.com/anasuya993/postprocessing DSCESM).

The WRF codes were compiled and executed on Linux servers, which required

licensed compilers and libraries, such as NetCDF and Jasper.

Postprocessing of the downscaled data was done using MATLAB. The scripts for
converting hourly WRF outputs from UTC to IST, generating daily and monthly time
series, and creating NetCDF files for monthly climatology are provided in the same
Github repository in the form of self-explanatory *.m MATLAB codes. Further details

are available in the repository’s readme file.

5.6 Bias correction of DSCESM wind speed

To check for biases in variables, all four variables of DSCESM dataset (averaged over
India) was compared with the mean of 35 GSOD station data (both averaged over
2006-2015). A consistent bias in wind speed was observed (Figure 5.9), but the biases
in other variables are well within limits. The downscaled output overestimates the
spread of wind speed as compared to the GSOD and also the reanalyses, which is
clear from the monthly climatological mean in Figure 5.5. Thus, suitable corrections
prior to using the DSCESM wind speed are recommended. The downscaled wind
speed from the DSCESM dataset was bias-corrected for the baseline period against
the GSOD observations. All the 35 GSOD stations within our FWI zones with
continuous wind speed data for our baseline period were selected. Then, the
correction was computed using two popular methods: linear scaling and variance

scaling. For the linear scaling method, a linear correction value by subtracting the
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monthly mean value of DSCESM wind speed extracted at the GSOD station locations
from their respective monthly mean values of GSOD wind speed for each of the 12

months was computed.
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Figure 5.9: Bias of DSCESM climatology with GSOD station data observations

This correction value was applied to the DSCESM daily wind speed value at all grid

points (eq. A1).

W Sbaseline =W SbaselinetimWSGsop-U m WShaseline (eq. A1)

The correction value in the variance scaling method is computed using both the mean
and variance of the daily wind speed dataset. In this approach, first, the daily linear
scaled correction value for all stations is calculated (Eq. A2). The mean of this daily

dataset is then subtracted to shift the values to a zero mean (Eq. A3). This zero-mean
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dataset is subsequently scaled by applying the ratio of the standard deviations
between the GSOD dataset and the dataset's own standard deviation (Eq. A4). Finally,

the mean value, which was previously subtracted, is added back to the scaled values

(Eq. A5).

WShaseline™ = WShaselinet ha WSesop- U a WSbaseline (eq.
A2)

WShbaseline™ = WShaseline™ - ( 4 d WShaseline *1), (eq.
A3)

WShaseline™ = WShaseline™® X ( 0 d WSeson/ 0 ¢ WSbaseiine *1), (eq. A4)
WShaseiine® = WSbaseiine™® + ( Md WSbaseline *1) (eq-
A5)

When the two bias-corrected outputs were compared, it was observed that the
statistically linear scaling approach performed better than the variance scaling
approach. The quantile-quantile map of linear scaling bias-corrected, and variance
scaling bias corrected wind speeds were also plotted, each with daily ERA5 reanalysis
wind speed for the period 2006-2015 (Figure 5.9). In the linear scaling approach, the
fitted distribution closely follows the reference line (Figure 5.9(a)). It shows the
distribution of linear scaling bias corrected DSCESM follow that of ERAS5. In the
variance scaling approach (Figure 5.9(b)), at the higher values of wind speed, the fitted
distribution deviates to the left from the reference line, indicating an overestimation of
the bias-corrected data. Thus, a linear scaling approach was selected to bias correct

the daily baseline as well as end-century wind speeds.

117



High resolution climate scenarios
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Figure 5.10: Quantile-quantile plot of daily ERAS wind speed with (a) linear scaling
bias corrected wind speed and (b) variance scaling bias corrected wind speed. The
dotted red line denotes the normal reference line, and the blue markers denote the

quantile of x quantity plotted against the quantiles of y quantity.

After the application of the linear correction values, the bias at all 35 GSOD stations
were recomputed. The bias-corrected wind speed, when compared at every grid point

against the ERAS reanalyses, also showed considerable improvement (Figure 5.10).

118



High resolution climate scenarios

BC DSCESM bias vs original DSCESM

1 T T L 1 T T 1
Thiruchirapalli |- ¢ Before BC AY 7
Cuddalore A After BC ¢ e
Coimbatore [ A ¢ -1
Kozhikode [ A ¢ .
Bangalore [ A 4 7
Mangalore - B + -
Nellore - < o

Chitradurga [ A ¢ .
Kurmool [ - ¢ 7
Belgaum A ¢ .

Ratnagin |- +
Ramgundam [ - + .

A

A

Pune [
Jagdalpur [
BOM airport | o & R
Bhubaneshwar - A ¢ -
Balasore [ - + B
Jharsuguda [ - + R
PBO Raipur - o @ -
Dr, Ambedkar Intl. | o~ & R
Jamshedpur [ - 4 .
Pendra Road [ - ¢ R
DAH S 4 -

Birsa Munda [ o & .
JabalPur - A ¢ .
Bhopal & 4 4
Gaya [ B & R

Satna [ A L J -1

LBS - ¢+ .

Tezpur | ¢ A R
Guwahati ¢ A R
Gwalior [ A L .
Dibrugarh [ A e -
Dehradun A * .

L
-5 -4 -3 -2 -1 0 1 2 3 4 5
Normalised bias

Figure 5.11: Comparison of correlation coefficients of GSOD observations with
DSCESM and CORDEX-SA for monthly mean 2m temperature and monthly

accumulated precipitation.

Then, the linear correction was assumed to be consistent for the entire analysis period
and hence applied to the baseline as well as end-century daily wind speed at every

grid point (Eq. no. AG).
W Sendcentury*=WSendcentury+ 4 WSaesop- u WSbaseline, (eq. A6)

Overall, the performance of the downscaling was found to be satisfactory, as the

DSCESM variables show a strong match with GSOD observations, as well as the
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IMDAA and ERAS reanalysis for daily, monthly, and climatology patterns. The results
from the extensive evaluation suggest that downscaling improves the quality of climate
projections at finer spatial scales. This enhanced granularity allows for a more detailed

understanding of regional climate dynamics.

In this study, multiple precautions were taken to ensure the reliability of the
downscaled product. The WRF model, known for its strong performance in the Indian
region, was chosen for the downscaling process. Sensitivity experiments were
conducted to fine-tune the model to align the simulated data more towards the
observational data. Rigorous validation was carried out to assess the downscaling
performance, and parameterization schemes were selected based on their
effectiveness over the specific domain. The DSCESM results demonstrate a closer
match to historical observations compared to the raw CESM outputs. Thus, confidence
in the robustness of the downscaling approach and tool is high. Using different GCMs
and RCMs might yield varying results and provide a range of climate projections.

However, such an endeavour would be computationally expensive.

In conclusion, the downscaled high-resolution DSCESM is a reliable product, and it

can be effectively utilized to assess climate change impacts on fire weather in India.
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Effect of climate change on fire weather index



Effect of climate change on FWI

6.1 Introduction

This chapter explores the impact of climate change on the FWI in India by using data from
the dynamically downscaled DSCESM dataset and the extensively evaluated CFFDRS-
FWI algorithm. The FWI was computed across the study area of 3680 km x 3680 km,
centered around India. The domain was discretized into a 10 km grid, matching the
DSCESM data resolution. Simulations were conducted with a daily timestep for two
distinct time slices: the baseline period (2006-2015) and the end-century period (2091-

2100) under the RCP8.5 climate change scenario.

In this chapter, the changes in end-century FWI as compared with baseline values are
analysed. This end-century minus baseline approach is a widely used and effective
method for assessing changes in fire weather. It provides a direct measure of how fire
risk evolves under future climate conditions relative to the present. The changes in mean
annual FWI are evaluated, and the primary meteorological drivers of these changes are
identified. Additionally, the chapter investigates changes in the number of severe fire
weather days, the fire weather danger season, and the Seasonal Severity Rating (SSR)
resulting from climate change. By computing changes at various temporal resolutions—
daily, seasonal, and annual— different patterns of fire behavior and risk are analysed.
While seasonal and annual assessments help in understanding long-term shifts in fire
danger and developing broader fire management strategies, change in number of days
with severe fire weather captures changes in extreme fire weather signatures. This multi-
temporal analysis ensures that strategies can be tailored effectively to different time

scales and levels of risk.
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6.2 FWI computation for baseline and end-century

All components of the Fire Weather Index (FWI) system were computed using the
CFFDRS-FWI module with DSCESM meteorological input for the baseline period (2006—
2015) and the end-century period (2091-2100). As per the requirement of the CFFDRS-
FWI model, 12 noon IST values of 2 m temperature and relative humidity were retrieved
from the hourly output of raw DSCESM. The 12-noon values of wind speed were bias
corrected using the linear bias correction method discussed in Section 5.6, and 12 noon
IST—12 noon IST accumulated precipitation was computed from the hourly raw DSCESM
outputs. For both periods, the system was initialized with default FFMC, DMC, and DC
values of 85, 6, and 15, respectively, for every forested grid cell and run for 5 years. Even
though the spin-up period required is much less for the system to produce stable outputs,
a spin-up of 5 years ensured the reliability of the actual simulations used in the analysis.
The FFMC, DMC, and DC values for each forest grid cell at the end of the spin-up
simulation were used to initialize that grid cell for the actual 10-year simulations for the
baseline and future scenarios. The final output FWI dataset was created at a daily

temporal resolution and a spatial resolution of 10 x 10 km for both periods.

6.3 Change in mean annual FWI by end-century

The climatological change in FWI was computed by subtracting the baseline 10-year
average from the end-century 10-year average. Out of the four variables of temperature,

relative humidity, precipitation, and wind speed, four sensitivity experiments were
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conducted to identify the major contributors to the climatological change in FWI. Each
experiment used end-century values for one variable while retaining baseline values for
other variables. This approach separated the individual impacts of each variable on future
FWI changes. For each spatial pixel, the variable with the highest sensitivity relative to
baseline FWI was identified as the major contributor to future FWI change. A modified
scale based on De Martonne’s aridity index (Martonne, 1923; Ullah et al., 2022) was used
to classify the forest grids into arid, intermediate, and humid categories. Pixels with index
values less than 20 were classified as arid, those with values between 20 and 35 as
intermediate, and those with values greater than 35 as humid. All the contributor variables

were then analyzed against this modified aridity index.

A non-parametric probability density estimation of daily FWI was performed within each
FWI zone using Epanechnikov KDE with an optimally computed bandwidth for both the
baseline and end-century periods. The Epanechnikov KDE is often preferred over other
types, such as the Gaussian KDE, due to its advantages regarding the bias and variance
trade-off, which is critical in FWI studies. It minimizes mean integrated squared error,
resulting in lower variance and controlled bias, which is crucial for precise density
estimation of fire weather indices. Its robustness to outliers further enhances its suitability
for comparing FWI in two-time slices. The shift in average daily FWI for each zone was
calculated using the Bootstrap confidence interval for the mean parameter at a p <0.05.
This bootstrapping method optimizes the length of the confidence interval and is less
conservative compared to the asymptotic method. This approach ensured that changes

in fire weather danger by the end-century were not underestimated. The number of days
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exceeding thresholds of Medium, High, and Very High fire danger was also computed for
both periods. The baseline values and the difference between the end-century and
baseline severe fire weather days were plotted spatially, and changes observed were

analysed.

The projected change in annual mean FWI was analyzed by comparing the end-century
average FWI with the baseline (Figure. 6.1 (a)). It was observed that fire weather is
projected to show a mixed signal of increase and decrease across different forest zones
of India. FWI is projected to increase in the northern CEN zone, southern WG, NE, and
most of the HIM zone. Conversely, a decrease in mean projected FWI is seen in western
CEN and northern WG. To understand the underlying reasons for these changes, a map
was plotted to show which variable contributes most to the FWI change for each pixel
(Figure. 6.1 (i)(b)). The information regarding the dominant contributor was then
compared with a modified de Martonne’s aridity index for each pixel. In arid and
intermediate regions, temperature was identified as the major contributor to the projected
change in FWI (Figure. 6.1 (i)(c,d)). However, in humid regions, precipitation and/or
relative humidity were found to play a more significant role than temperature (Figure. 6.1
(i)(e)). For instance, in the humid NE zone, a major decrease in climatological FWI is
expected due to an increase in annual precipitation. In contrast, the decrease in
climatological FWI in the humid northern WG region is primarily governed by an increase
in relative humidity. Temperature is recognized as the dominant factor driving the change

in future FWI in the arid and intermediate regions of CEN, southern WG, and DEC.
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Figure 6.1: (i)(a) Spatial map of the change in mean annual FWI| between baseline and
end-century, (b) variable contribution resulting in this change, pie charts of dominant
contributor in (c) arid, (d) intermediate, and (e) humid regions and (ii) Kernel density

estimation (KDE) for baseline and future daily FWI for different FWI zones
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To analyze the expected change in the mean annual shift in FWI by the end-century, the
Kernel Density Estimation (KDE) distribution of mean FWI was computed for different
forest zones for both time slices. The KDE distribution curves in all zones were found to
be multimodal (Figure. 4(ii)). In the CEN zone, where a hot and arid climate persists for
most of the year, the distribution curve is skewed toward higher FWI values (Peel et al.,
2007). Conversely, in the NE and HIM regions, the values are skewed primarily to the left,
indicating comparatively lower overall FWI values. This can be attributed to the relatively
colder temperate temperatures in HIM. In NE, the lower FWI values are mainly due to the
wetter tropical monsoon climate. Although NE has a distinct peak in KDE at low FWI
values, the frequency and severity of fires in these regions remain high due to factors
such as terrain, species composition, and ignition sources (Badarinath et al., 2007; Fulé
et al., 2021). This observation justifies the necessity for a lower danger threshold in this

region.

In WG, several peaks in KDE are observed. The peaks corresponding to low FWI values
can be linked to the humid climate prevailing in that zone during the southwest monsoon
season. Heavy precipitation during this period inhibits fire occurrences. The minimal fire

activity during low FWI periods maintains a higher fire danger threshold compared to NE.

The KDE curves for the end-century shift toward the right from the baseline, with a
significance level of p > 0.05 in all forest zones. This indicates that, overall, higher FWI
values are expected in the end-century compared to the baseline for a particular value of

probability density. To quantify the extent of the shift in FWI by the end-century,
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bootstrapped mean values of the kernel distributions at 95% significance were computed.
The results show an overall increase of 5-10% in mean FWI by the end-century. The CEN
region exhibits the maximum difference of about 0.54, while the least difference is found
in the NE zone at about 0.09 FWI. Additionally, some parts of the KDE curve in NE and
WG (Figure. 6.1 (ii)(a,c)) indicate that the end-century curve shifts to the right, signifying

lower future FWI in those areas.

6.4 Change in spatial pattern of severe FWI days

In this section, the spatial pattern of expected changes in severe fire weather days by
end-century was analysed. The analysis of the number of days exceeding thresholds, as
developed in the FDRS system, focuses on the frequency of extreme fire danger
conditions. This provides insights into how often severe fire weather is likely to occur in
baseline and how this frequency would change in the future. This differs from the mean
change in FWI analysis, which reflects overall shifts in average fire weather conditions.
While mean, FWI gives a general sense of long-term changes; the threshold-based
analysis highlights potential increases in the intensity and frequency of extreme fire

hazard events.

Maps were plotted to show the number of days per grid cell where FWI values exceeded
Medium, High, and Very High thresholds under baseline conditions, along with projections
for changes by the end of the century (Figure. 6.2). The results indicate considerable
variation both between and within different forest zones. Currently, large areas of the

CEN, NE, and WG forests are subject to Medium, High, and Very High fire weather for
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more than 150, 50, and 30 days per year, respectively, while the HIM forests experience

the lowest fire weather danger.

The most vulnerable regions include the dry deciduous forests in western CEN, moist
deciduous forests in NE and northern WG, and semi-evergreen forests in southern NE
(ISFR, 2021). Satellite and ground-based observations confirm that tropical dry deciduous
forests in India experience the most fire events, closely followed by tropical evergreen
forests (ISFR, 2021; Srivastava & Garg, 2013; Vadrevu et al., 2013; Verma et al., 2017).
Similar trends are observed in tropical evergreen forests in Indonesia (Herawati &

Santoso, 2011).

By the end of the century, a significant portion of forested areas is expected to experience
an increase in the number of days with severe fire weather. Increases across all three
danger classes are projected for moist deciduous forests in the Himalayan foothills (HIM)
and southern NE, dry deciduous forests in eastern CEN and DEC, and tropical evergreen
forests in northern WG. A 20-60% rise in severe FWI days is anticipated. Areas of greatest
concern, where the number of extreme fire weather days may increase by 30-50 days per
year, include the Cachar semi-evergreen and mixed moist deciduous forests in Tripura
and Mizoram, Chir pine and Sal forests in the Himalayan foothills, northern moist
evergreen forests in the Western Ghats, and southern mixed deciduous forests in Orissa
and Andhra Pradesh. Similar increases in fire disturbance have been observed in the
northwestern USA (Halofsky et al., 2020), projected for Canada (Augustin et al., 2022),
and predicted for various regions globally (Bedia et al., 2015; Liu et al., 2010; Quilcaille

et al., 2023; Scholze et al., 2006).
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Certain forest areas are expected to experience a decrease in severe fire weather days.
Opposite signals are noted within some forest zones, such as NE, CEN, and WG. For
instance, the western part of CEN is likely to show a decrease in High and Very High FWI
days by the end of the century, while the eastern part is projected to experience an
increase. This is different from the signal of climatological change in FWI (Figure. 6.1 i(a)).
In northern CEN, although mean FWI is expected to increase in the future, the number of
severe fire weather days will decrease. This reduction is attributed to the increase in
temperature in the region (Figure 6.1 i(b)). However, the DSCESM precipitation
projections show that the daily rainfall amounts would increase in 70% of the days in the
future. More number of wetter days in an extended monsoon season would result in

higher fuel moisture content and hence, fewer days with severe FWI in the future.

In WG, the northern part shows an increase in high FWI days, while the central and
southern parts are expected to decrease. This contrast is explained by different variables
influencing the change. In southern WG, the projected ~2.1°C increase in mean annual
temperature drives the rise in mean FWI, while in northern WG, a 40% increase in relative
humidity lowers the future FWI. However, the number of high FWI days is primarily driven
by projected increases in precipitation events, which are stronger in the south than in the
northern WG. In central NE, a decrease in days exceeding all three danger thresholds is
expected. This is primarily due to increased mean annual rainfall, identified as the key

contributor variable in that region (Figure 6.1 i(b)).
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Figure 6.2: Number of days per year exceeding (a) Medium, (b) High, and (c) Very High
thresholds of FWI for (i) the baseline period and (ii) change in these numbers of days

expected by end-century.

6.5 Change in seasonal pattern of fire weather severity

The Seasonal Severity Rating (SSR) was used to examine the seasonal pattern of fire
weather severity and its potential changes under future climate conditions. SSR, a
numerical index derived from FWI, represents the level of difficulty in controlling fire
events on a seasonal scale. In addition to the mean change in FWI and extreme fire
weather days, the SSR offers detailed insights into how fire danger fluctuates throughout

the year in baseline as well as in future. This is aimed to help in understanding the
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seasonality of fire weather hazards, identifying critical periods of heightened fire risk, and

developing more precise seasonal fire management strategies.

The Daily Severity Rating (DSR), an additional component of the FWI system, is a
numeric measure of the difficulty of controlling fires. It is based on the FWI and represents
the expected effort required for fire suppression.

DSR=0.0272 * FWI M.77 (Eq.6.1)

Higher FWI values are emphasised through the power relation. The DSR can be
accumulated over time as the cumulative DSR or averaged over time as the Seasonal

Severity Rating (SSR) as in Eq. 6.2

SSR=Y (i=1)*n [DSRi/n] (Eq.6.2)

where DSRi is the DSR value for day i, and n is the total number of days.

SSR was computed for the baseline and future periods to analyse seasonal changes in
fire danger. These parameters were filtered using forest layer shapefiles and divided into
zones. A 90th percentile SSR value in the baseline scenario was used as a threshold
beyond which fire potential becomes severe. The SSR thresholds for the HIM, NE, CEN,

DEC, and WG zones are 0.52, 0.3, 0.59, 0.8, and 0.62, respectively.

Figure 6.3 (i) shows that MAM experiences the most extreme fire weather. According to
research using satellite and ground-based observation, the majority of forest fires in India

happen during this season (ISFR, 2021). In this season, the SSR exceeds the 90th
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percentile severity thresholds in areas such as the northern DEC and WG zones, the
western CEN, and the foothills of the western Himalayas in HIM. It is interesting to note
that even during the JJA monsoon season, there is a significant level of fire weather
severity in the western CEN and DEC regions. This is because the month of June typically
has a high SSR before the southwesterly monsoon reaches these inland areas. When
the monsoon precipitation arrives in July and August, the fire weather severity significantly
drops. The lowest SSR occurs during the post-monsoon season (SON). The WG, DEC,

and southwest CEN forest zones have high SSR during the winter (DJF) season.
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Figure 6. 3: Spatial Seasonal Severity Rating (SSR) of the (i) baseline and (ii) the

difference between the end-century and baseline SSR for different seasons
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The pattern of changes in end-century SSR change is mixed. Eastern CEN increases
consistently throughout the year, though at different intensities (Figure. 6.3 (ii)). Only
during the MAM season does the WG zone have an increasing signal; in other seasons,
the signal decreases. A decrease in the number of High and Very High fire weather days
is consistent with a decrease in the SSR during MAM, JJA, and DJF seasons in certain
areas of the western CEN (Figure. 6.2 (ii)). By the end of the century, the most severe fire
weather season of MAM can be expected to become more severe (Figure. 6.3 -iib). It is
projected that the forest area whose SSR increases beyond the 90th percentile criteria
will increase by approximately 34.5% compared to the baseline. A 3-5 °C increase in
temperature in the western CEN will result in a 30% increase in SSR. We expect the HIM
zone to become 8% drier and more than 5 °C hotter. Future temperature and RH
fluctuations in this zone will likely have a combined impact on increasing the SSR in the
future. The estimated ~3 °C warming in WG is expected to increase SSR. On the other
hand, a 15% rise in RH and pre-monsoon precipitation will reduce the future SSR even

though MAM is expected to be ~3°C warmer in the Northeast by the end-century.

In other seasons too, some interesting patterns were noticed. A 50% rise in future SSR
in the HIM and eastern CEN regions and a 30% increase in DEC during the JJA monsoon
season is expected (Figure. 6.3 (ii). ¢). This is primarily due to the fact that certain regions
will see a higher increase in temperature in the future than other regions. The high SSR
regions of western CEN will experience a decrease in the future. In the post-monsoon
season of SON, southern parts of CEN show a high increase in SSR (Figure. 6ii(d)). This

is because the southern part is projected to be drier and hotter than the northern CEN.
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SSR would moderately increase by about 20-30% in some parts of HIM and NE and

decrease moderately in the rest of the regions.

In DJF, forest areas exceeding the 90th percentile criteria would still experience a 26.5%
increase in end-century SSR despite an estimated 20-50% decline in mean SSR across
all the zones. The NE, northern WG, and western CEN zones show a significant decline
in SSR in this season. Additionally, climate projections indicate that these areas will
experience a 5-10% increase in precipitation by end-century. SSR is projected to
increase in some parts of northern NE, eastern CEN, and the northernmost part of WG.
These are the regions where projected future temperatures are higher than other regions.
In general, temperature is the contributing variable in the increase in SSR throughout the
year, while precipitation and RH are key contributors in decreasing the SSR. This finding

is similar to the annual change signal in FWI discussed in the previous section.

6.6 Change in fire weather danger season

A 'fire weather danger season' was defined as the period when the probability of fire
occurrence is elevated. This season was identified from the daily climatology curve when
the FWI exceeded the Medium fire danger threshold in each zone. The fire weather
danger season during the end-century period was compared with that of the baseline to
assess potential increases, decreases, or shifts. It is important to distinguish the fire
weather danger season from the 'fire season.' The fire season is defined as the period
during which a high number of fire incidents are recorded, whereas the fire weather

danger season is identified as the period when the likelihood of fire occurrence is high
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due to favourable weather conditions, assuming the availability of ignition sources. Shifts
in the fire weather season, driven by projections of weather variables, have significant
implications in both policymaking and forest health. When the fire weather season
extends into hotter months or starts earlier in the pre-monsoon period, the combination
of higher temperatures and reduced humidity can lead to drier vegetation, increasing fuel
availability. This creates conditions conducive to more intense and frequent fires, as drier

fuels ignite more easily and spread more rapidly.

Understanding these shifts is important for developing fire management strategies. Early
warning systems may need to be adjusted to alert authorities sooner in the season.
Furthermore, understanding these shifts enables more accurate predictions of ecosystem
responses. Extended fire seasons may disrupt forest ecosystems by increasing the
frequency of fires, which can affect species that are not adapted to frequent burning. This
could lead to changes in forest composition, with fire-resistant species outcompeting
others. Additionally, extended seasons can cause soil degradation, reduced regeneration
rates, and the loss of carbon storage capacity. This will further contribute to climate

change.

In Figure. 6.4, the daily climatology of FWI for both the baseline and end-century periods
is depicted, with shaded regions indicating uncertainty at a significance level of p<0.05.
Results demonstrate a strong periodicity in FWI across all forest zones. FWI generally
peaks during the pre-monsoon season due to high temperatures and low humidity. This
pattern is also observed in the SSR maps (Figure. 6.3 (i)) and observational studies. Post-
monsoon, FWI declines as humidity rises. Despite this similar pattern, significant
variability exists in the timing of peaks and troughs in different forest zones, making it
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difficult to define a uniform fire weather danger season for all forest types. If the Medium
FWI threshold is used to define the fire weather danger season, it generally begins
between December and February and ends between June and September, depending
on the forest zones. For example, in HIM forests, two distinct periods of high FWI are
observed due to the dry pre-monsoon and winter seasons (Figure 6.4 (a)), while in DEC
thorn forests, FWI peaks during the monsoon and drops sharply by late February (Figure

6.4 (d)).

Changes in the fire weather danger season are expected in the future. Figure. 6.4 shows
that future FWI values are likely to increase during pre-monsoon months and decrease in
winter months, a pattern consistent with the projected rise in SSR during MAM. Figure.
6.2 shows that some regions may experience an increase in Medium, High, and Very
High FWI days, potentially extending the fire weather danger season. To quantify this
change, the start and end days of the fire weather danger season were identified from
FWI climatology (Table 1). The results show that the length of the fire weather danger
season could increase by up to 61 days, with the largest increase occurring in the CEN
forest zone, followed by HIM and NE zones. The nature of the change in fire weather
danger season was also analysed. For example, in the CEN, HIM, and DEC zones, the
season is expected to start earlier, while in NE, it would end later by approximately 15
days in April. In WG, the season would shift slightly by 5 days, maintaining almost the

same length as the baseline period.
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Figure 6.4: Daily FWI climatology for baseline (blue) and end-century (red) for (a) HIM,

(b) NE, (c) CEN, (d) DEC, and (e)WG. The shaded region denotes the bootstrap

uncertainty computed at 95% significance.

Table 6.1: Zone-wise severe fire weather danger season for baseline and end-century

Zones | Baseline severe Future severe season Diff. Remarks
season in
days
HIM 15t April - 25™" June 15t April — 24" June 33 Early start

and extended

end
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15™ October- 28t 20t September — 10t
January February
NE 15t October — 15t April 15t October — 15" April | 15 Extension of

end

CEN 10" October — 1t August | 20" August — 20t July 61 Early start

DEC 20" June — 2" February | 8™ June — 2" February | 12 Early start

WG 15t October — 8t June 20t October — 10t June |3 Shift
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Conclusion and future work

Through an analysis using CFFDRS-FWI integrated with dynamically downscaled
DSCESM climate projections, this work provides insights into the fire weather dynamics
across India's diverse forest zones under baseline and projected end-century scenarios.
By applying high-resolution land cover data, WRF modelling, and MODIS observation
validation, the study ensured robust fire weather estimates. It also creates a foundation
for a long-term fire hazard rating system. This chapter consolidates the main conclusions
of the thesis and focuses on the novel features of the study, followed by future work

recommendations.

This thesis is a comprehensive analysis of the impacts of climate change on forest fire
weather in India. Most of the existing studies in the domain relating fire, weather, and
climate across India are highly localized. They majorly focus on specific regions without
providing a comprehensive picture of the entire country. Existing global studies, while
broader in scope, generally lack the spatial resolution necessary to capture India’s unique
regional fire dynamics. Many such studies have generalized their inferences for the entire
country. This lack of countrywide studies creates a gap in understanding fire-weather-
climate interactions across India's diverse forest zones. Many forest zones are
geographically distant, and their fire dynamics differ significantly. This thesis addresses
this gap by using an optimal spatial resolution and by conducting analyses across defined
forest zones. This approach enables a more comprehensive understanding of fire-
weather-climate interactions specific to each zone. Also, countrywide meaningful insights
into both current fire weather patterns and projected changes under future climate

scenarios were derived.
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This comprehensive approach not only fills a critical gap in understanding fire-weather
dynamics across India but also establishes a foundation for future studies on analyzing
fire weather behavior at both national and zonal scales. Some of the novel aspects of this

thesis that contribute to advancing our knowledge in this domain are as follows:

e First, the analysis presented has an optimal spatial resolution for a countrywide
analysis, which provides a unified view of fire behavior across India’s diverse
forest zones.

e Second, the use of the CFFDRS-FWI system was adapted for Indian forest
conditions and evaluated extensively. This provides a basis for better
understanding the fire-climate dynamics via a modelling approach.

e Third, this thesis developed and incorporated a high-resolution, dynamically
downscaled climate dataset.

e Next, this study establishes, for the first time, a structured framework to develop
an FDRS tailored for India. This framework is designed for operational use and
can also support research into future fire projections.

e Finally, high-resolution projections of future fire weather were developed. Multiple
approaches to quantify future fire hazards, such as fire weather danger days and

mean and seasonal shifts, were analysed.

Summarizing, the introductory chapter provides a broad context, focusing on the
prevalence of forest fires in India and the mechanism of how they are affected by climatic
variables. A literature review establishes that a quantitative analysis of fire weather
changes in a climate change context has not been adequately addressed for India. The
chapter also identifies the need for high-resolution climate data and a country-wide FDRS,
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establishing a research gap. These gaps lead to the formulation of the thesis objectives.
In the second chapter, spatial and temporal patterns of forest fires in India based on
satellite data were analysed. The key objective here was to map the distribution of forest
fires across different forest zones and to determine the seasonal variations in fire
occurrences. Using MODIS fire data and high-resolution land cover maps, this analysis
shows significant heterogeneity in fire activity across forest types. Specific zones where
fires are more frequent and high-frequency periods or major fire seasons during the year
were identified. In Chapter 3, a robust fire danger rating system is developed specifically
for Indian forests by adapting the CFFDRS and its FWI module. The results from the
chapter indicate substantial regional variability in fire weather across India’s forest zones.
The fire weather indices varied significantly, with northeastern forests showing
susceptibility to fire at lower FWI values than other regions, underscoring regional
differences in fire danger thresholds. The main outcome of this chapter was the
establishment of fire danger thresholds tailored to distinct forest types of India, setting up
a foundational tool for understanding and managing fire risk in the Indian context.

Chapter 4 outlines the development of a high-resolution climate dataset by dynamically
downscaling CESM projections using the WRF model. This dataset is at a 10-km
resolution and meets the need for district-level climate data. This makes it a useful
resource for detailed regional climate impact studies. Validation with ERA5 and GSOD
observations confirms the accuracy of this dataset. This dataset provided climate data to
drive the CFFDRS framework to analyze the effect of climate change on fire weather,
which is discussed in detail in Chapter 5. This chapter reports that the mean FWI is

expected to increase by approximately 5%, though the impact will differ from forest to
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forest. Climate change will likely increase fire danger in the arid and intermediate forests,
while humid forests may see a decrease in fire risk due to increased precipitation and
humidity. Arid and intermediate zones will likely experience a 60% increase in days
exceeding high-severity thresholds, driven by temperature shifts. Conversely, humid
forest regions could see a decrease in fire danger days due to increased rainfall and
relative humidity. The heterogeneity of the impacts highlights a non-uniform response to
climate drivers, especially in regions where extreme rainfall may counterbalance the
effects of warming. Additionally, the length of the fire season is projected to extend by up
to two months in certain regions. Notably, the MAM pre-monsoon season holds the
highest hazard with a projected extension of severe fire weather across several months,
especially in central and eastern regions, covering around 55% of the country's forested
area. These findings align with the global understanding that climate variability strongly
governs fire regimes, as shown by Gincheva et al., (2024), who found that around 60%
of interannual variability in burned areas is explained by climatic factors, with wetter
regions being more responsive to same-season weather and arid regions to antecedent
conditions. Similarly, (Turco et al., 2018, 2023) demonstrated the substantial influence of
anthropogenic climate change on fire activity, notably attributing nearly all the observed
fivefold increase in summer burned area in California since 1996 to human-induced
climate change. While these studies collectively emphasize the dominant role of climate
drivers in shaping fire regimes, the present findings suggest that in regions with high
precipitation and humidity — such as India’s humid forests — increases in these moisture-
related variables under future climate scenarios may locally reduce fire danger, despite

rising temperatures. Thus, context-specific assessments become important, as climate-
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fire interactions can differ substantially between arid, intermediate, and humid

ecosystems.

The spatial and seasonal variability of projected fire danger over India aligns with
observed patterns of fire occurrence and vulnerability reported in existing studies. The
most vulnerable regions are known to include the dry deciduous forests in western Central
India, moist deciduous forests in the Northeast and northern Western Ghats, and semi-
evergreen forests in southern Northeast India (ISFR, 2021). These areas, already prone
to frequent fire events (Srivastava & Garg, 2013; Vadrevu et al., 2013; Verma et al., 2017),
are projected to experience increased fire danger due to climate-induced shifts in
temperature and humidity. Similar trends have been observed globally, where dry and
intermediate forest ecosystems have exhibited heightened fire sensitivity under warming
scenarios, as seen in Indonesia (Herawati & Santoso, 2011), the northwestern United
States (Halofsky et al., 2020), and Canada (Augustin et al., 2022). Global model-based
projections also report region-specific variations in fire danger, though with considerable
inconsistencies over India (Bedia et al., 2015; Liu et al., 2010; Quilcaille et al., 2023;
Scholze et al., 2006). The present findings, indicating an intensification of fire danger
particularly during the pre-monsoon season and an extension of the fire season in parts
of Central and Eastern India, provide high-resolution, India-specific evidence of these
emerging risks. This reinforces the critical role of localized, ecosystem-specific fire
management strategies in responding to the heterogeneous impacts of climate change

on fire regimes.
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One of the important outcomes of this research is the development of a 10-km high-
resolution downscaled climate dataset - the DSCESM. This dataset bridges a critical gap
in fine-scale climate information necessary for district-level analysis over India,
addressing the diversity in climate and topography that is essential for understanding
region-specific climate impacts. With this high-resolution product, the climate signal can
be reliably modelled for over 96% of Indian districts, capturing processes down to
approximately 400 km?2. Validation efforts confirmed that the downscaled dataset aligns
well with GSOD and ERAS reanalyses, reinforcing its suitability for robust climate impact
studies. Although achieving finer resolutions could enhance detail, the 10-km scale
balances accuracy and computational efficiency, making it practical for a range of
applications, including climate adaptation planning and regional environmental

assessments.

This thesis also advances scientific understanding by showing that fire weather in India
is influenced by an interaction of multiple climatic factors, with precipitation and humidity
moderating the impact of temperature increases, particularly in humid zones.
Methodologically, the use of a 10-km spatial resolution and well validated DSCESM
climate projection represents an enhancement over previous studies by providing
granular insights suitable for district-level fire management. The elimination of non-forest
fires from the analysis further strengthens the focus on forest-specific fire hazard. This is
an advancement in accurately representing fire-climate relationships in complex forested
landscapes. The development of a robust FDRS is an important advancement in the field

of fire danger management across India. As India lacks a nationwide FDRS, this work
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sets a foundation for a comprehensive fire danger classification, identifying high-risk
areas and offering region-specific thresholds for action. The FDRS framework adapts to
diverse climatic and vegetation zones. This system, integrated with climate data across
forest zones, highlights the need for non-uniform fire danger thresholds to inform
policymakers. Continued refinement of the FDRS based on high-resolution climate

reanalysis data is expected to further support adaptive wildfire management.

Overall, this study also contributes significantly to understanding and managing fire
weather in a changing climate. The methods and codes developed, including the

CFFDRS MATLAB code and associated datasets, are made open access.

This study utilises a single climate model and one emission scenario to project future fire
weather conditions. While the CESMv1 model was evaluated for its performance over
India during 2006—2015 and the downscaled DSCESM product was validated against
ERAS5, IMDAA, and GSOD datasets, it is recognised that this represents only one possible
future realisation. Although the model’s satisfactory performance in the baseline period
lends confidence to the projections, uncertainties remain regarding the range of possible
climate responses. In the future, incorporating additional GCMs to achieve a more
diversified and robust projection could considerably strengthen the FWI projections.
Using multi-model, multi-scenario framework, would allow assessment of inter-model
variability and scenario-based uncertainties. However, the computational demands of
bias correction, dynamical downscaling, and FWI simulation across multiple models were

beyond the present study’s scope. In downscaling with RCM, each grid cell requires
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detailed calculations based on various physical processes. Additionally, the downscaling
process in this study incorporates sensitivity analyses and validation against
observational data. Such procedures further amplify the computational requirements.
The memory demands also increase due to the larger datasets produced at higher
resolutions. Although computationally demanding, future studies could build on this
framework by using multiple climate models and scenarios to provide a more
comprehensive and reliable assessment of future fire danger conditions in India’s forest

ecosystems.

Other than climate variables, socio-economic and anthropogenic factors also play a
significant role in fire risk. Integrating variables like population density, land use patterns,
and industrial or agricultural proximity into fire risk assessments would provide a more
nuanced assessment of fire ignition and spread dynamics. Incorporating these socio-
economic drivers, especially in regions with high human activity adjacent to forested
areas, would improve the specificity and accuracy of fire risk models. Similarly, the
structural diversity of India’s forests—ranging from dense tropical to sparse deciduous
ecosystems—calls for species-specific assessments. By including more detailed
vegetation data, future studies could tailor fire risk assessments to the unique

characteristics and vulnerabilities of different forest types.

In addition to future projections of fire weather by end-century, accurate short-term
forecasting is also necessary for effective fire management. Integrating real-time weather
forecasts with the FDRS framework could enable a more dynamic system. This approach

would support proactive firefighting efforts, better allocation of resources, and timely
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warnings for vulnerable areas. Climate extremes, including extended droughts or intense
heatwaves, are becoming more frequent and affect fire risks. These events, which deviate
from typical fire weather indices focused on averages, require further study. Fire weather
forecasting would require integrating such extremes into models. Additionally, exploring
feedback loops between climate extremes and forest fires—such as the impact of
increased carbon emissions from fires on atmospheric warming—would provide insights
into the potential for fire-climate feedback mechanisms that could intensify future fire

regimes.

A holistic approach to fire management will require integrating these research findings
into operational policy-making frameworks. Including the inferences from this thesis in
policy formation could guide the design of adaptive interventions in fire management.
Moreover, long-term planning based on scenario-based projections of fire hazard.
Engaging local communities and stakeholders to develop fire management frameworks,
which blend traditional knowledge with advanced scientific insights, could enhance

resilience across forested landscapes.
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