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Abstract
In recent years, forest fire activities have increased in frequency and intensity over the Indian
10 Himalayan region. Year 2024 witnessed numerous fires spread across the Himalayan states of India,
causing devastating economic and environmental impacts. The sparse observational network across the
Himalayas significantly limits the availability of real-time data, thereby constraining the timely
dissemination of wildfire early warnings. This study elaborates on utilising an NWP model, such as the
Weather Research and Forecasting Model, for the simulation of fire weather variables for the 2024
15 summer fire season across the northwestern Himalayan states. A very high-resolution WRF model is
configured with the NCEP-FNL reanalysis dataset as the initial and boundary conditions, and
simulations are carried out to reconstruct high-resolution fire weather conditions during the 2024 fire
weather season across 24 identified fire clusters. The analysis suggests that the two major fire weather
indicators (1) Vapour Pressure Deficit and (2) Fire weather indices from the Canadian Fire Danger
20 Rating System blended with NWP model simulations could be a potential tool in identifying fire
weather conditions for data sparse complex terrains and subsequently issuing fire weather alerts on a
daily basis where the current Fire Danger rating system operates at 10-day intervals.
1. Introduction
Climate change and associated global warming are drivers of more frequent and extended wildfire
25 events globally (Abatzoglou et al., 2025; Bhattarai et al., 2025; Jones et al., 2022; Ruffault et al., 2018).
The increase in frequent and intense wildfire events has garnered global attention over the past few
decades, with the crucial requirement of early warning systems to minimise the impact of wildfires.
Over the past few years, effective wildfire management and mitigation efforts have reduced wildfire-
related casualties (Kalogiannidis et al., 2025). However, fire events, including Chile wildfires,
30 California wildfires, Canadian wildfires, and Australian wildfires, have gained global attention, with
significant forested land burning and wildfire emissions transported across continents (Hoffman et al.,
2022; Jain et al., 2024; Keeley, 2004; Nolan et al., 2020; Turco et al., 2023; Yu et al., 2020). Despite
global advancement in fire danger rating systems and wildfire early warning systems, the management
of large-scale atmospheric circulation-driven wildfires in the changing climate remains a persistent and
35 complex problem (Carta et al., 2023; Flannigan et al., 2009; Jones et al., 2022).
1
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The Indian region, located in the tropics, is prone to multiple fire events annually starting from
early October to late June, depending on the onset of the southwest monsoon, which brings intense
downpours across the country (FSI, 2021, 2023). The geographical extent and varying weather patterns
significantly affect the fire season across the country (Mina et al., 2023; Océn et al., 2021; Prabhakaran

40 & Srivastava, 2024, 2026). Although fires can be natural, the anthropogenic influence on forest fires
remains a critical cause for the ignition of fires with the increasing population near the wildland urban
interface (WUI) across the Indian region (Mina et al., 2023; Prasad et al., 2008), with the governing
factors for the spread of fires depending on the existing meteorological, topographical, geographical and
fuel conditions (Holsinger et al., 2016; Zahura et al., 2024). Over the past few decades, the Himalayan

45 foothills have witnessed multiple wildfire events annually, with the northwestern Himalayan states,
including Himachal Pradesh and Uttarakhand (India), experiencing numerous large fires. The rise of
winter wildfires with the weakening of western disturbances is on the rise, with the antecedent
precipitation prior to the fire season governing the spread of fires over this region (Hunt et al., 2019,
2025; Hunt & Zaz, 2023; Prabhakaran & Srivastava, 2024). The geographical location in the foothills of

50 the Himalayas, with fires over this complex mountain terrain, is modulated by the complex topography
and valley breeze (Mina et al., 2023; Prabhakaran & Srivastava, 2024).

Since forest fires pose significant environmental and economic concerns in the Indian region,
there exists a strong requirement to improve the existing wildfire early warning system for operational
forecasting. The current operational Forest Fire Danger Rating System (FFDRS) over the Indian region

55 utilises the Canadian Fire Weather Index (FWI) (Figure S3 & S4) to disseminate the probable fire
danger with a lead time of 07 days (Forest Survey of India, 2021). Furthermore, the fires detected by the
Moderate Resolution Imaging Spectroradiometer (MODIS) sensor (1000 m x 1000 m spatial resolution)
and Suomi National Polar-orbiting Partnership (S-NPP) sensors (375 x 375 m spatial resolution) are
disseminated to citizens on a geolocation basis to alert the communities residing in vulnerable locations

60 across the country. Moreover, meteorological datasets from the India Meteorological Department (IMD)
are further integrated to provide prefire alerts via the National Disaster Alert portal (SACHET) under
the National Disaster Management Authority, Government of India (NDMA, 2021) (Figure S4).

Although wildfires have seen a gradual rise over the Himalayas, complex and undulating
Himalayan terrain along with limited accessibility to remote locations results in sparse in-situ

65 meteorological observations. Wildfires over the Himalayan region occur in relatively smaller scale in
patches which may be further accelerated by the slope alignment and the corresponding meteorological
conditions. This limits the capture of real-time atmospheric conditions and the fire weather feedback
generated by the fires across observational networks. There has been an increase in the number of AWS
stations in recent years but the lack of long-term (decadal-scale) continuous observational data over the

70 study area poses challenges to analyse the fire-atmosphere interaction processes. Further, in the absence

of dense observational networks, the numerical weather prediction (NWP) model offers a physically

2
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consistent and spatially continuous tool for hindcasting as well as forecasting the fire weather

conditions over data-sparse regions (Di Giuseppe et al., 2016, 2020; James et al., 2025; Vitolo et al.,

2018). The NWP models simulate meteorological variables, including near-surface temperature, relative

75 humidity, wind speed, precipitation and the essential fire weather parameters, at a higher spatial and

temporal resolution compared to the spatially sparse ground-based measurements (Molders, 2008; Tang

et al., 2013). Furthermore, the NWP model outputs may be continuously integrated into operational

forest fire early warning systems (FFEWSs), enabling the dissemination of fire weather indices where

surface observations are sparse or absent (Tang et al., 2013). Several fire behaviour tools, such as

80 FARSITE (Ager et al., 2011; Finney, 1998) and BehavePlus (Andrews et al., 2005; Andrews & Bevins,

2003), are employed to simulate the spread of fires by integrating fuel, terrain and meteorological

parameters within the Rothermel surface fire spread framework. However, they assume steady-state

assumptions, which fundamentally breakdown in the complex and rugged Himalayan terrain (Cruz &

Alexander, 2013; Finney, 1998; Sullivan, 2009). Moreover, during prolonged fire events under rapidly

85 evolving atmospheric conditions, FARSITE struggles with crown fire dynamics owing to its

dependence on empirical parameterisations and simplified combustion physics. Both FARSITE and

related tools assume fuel to be spatially continuous and homogeneous within pixels and do not account

for fire-atmosphere interactions during fire weather scenarios (Ager et al., 2011; Price & Germino, 2022).

BehavePlus is a point-based system where the meteorological and fuel conditions are kept constant for

90 each calculation, which limits the model from predicting the spatiotemporal evolution of fire weather

conditions. Similar to FARSITE, BehavePlus utilises average fuel attribute values per pixel without

accounting for the spatial variability in the fuel structure (Ager et al., 2011; Andrews & Bevins, 2003).

Although global NWP models such as GFS (Global Forecast System, NOAA/NCEP), IFS (Integrated

Forecast System, ECMWF) and UKESM (UK Met office Unified Model) are capable of capturing

95 synoptic-scale fire weather patterns, their coarse spatial resolution (0.2 to ) is insufficient to resolve

the mesoscale thermodynamic and wind structures that govern the spread of fires in complex

mountainous terrain (J. Singh et al., 2021, 2024). The application of a high-resolution regional NWP
model represents a reliable alternative for fire weather forecasting over the Himalayas.

The Weather Research and Forecasting (WRF) model has been widely used as a mesoscale

100 forecast model for high-resolution regional weather forecasts across the world (Powers et al., 2017;

Skamarock WC, 2008). The WRF model solves the nonhydrostatic compressible equations of motion

on a terrain following vertical coordinates, enabling realistic simulation of orographically driven flows,

including slope winds, valley breezes, and fire weather environments, which crucially modulate the

surface fire weather conditions, resulting in fires creating their own environment (Skamarock WC,

105 2008). Multiple studies of wildfire events have been conducted across the globe, including the Santa

Ana wind event-induced fire spread in California (Jin et al., 2014; Kumar et al., 2023), the foehn-driven
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fire episode (Gohm et al., 2004; Solomos et al., 2018) across the European Alps, and the premonsoon
dry spells over the South Asian forests (Mondal & Sukumar, 2014; Prabhakaran & Srivastava, 2024).
This study elaborates on utilising the WRF model as a tool to simulate atmospheric conditions
110 conducive to the spread of fires over the ecologically vulnerable Himalayan states. Furthermore, the
model simulations using the local and nonlocal PBL schemes are validated against in situ observational
and reanalysis datasets. As the model is validated, the prototype is further evaluated against the prior
and postfire scenario variations in meteorological variables, fire weather indices, and vapour pressure
deficit, resulting in the progressive spread of fires.

115 2. Study Area, Data and Methodology

2.1 Study Area
The states of Himachal Pradesh (Geographical Coordinates Latitude 30°22° N to 33°12° N
Longitude 75°45° E to 79°04’ E & Geographical area 55,673 km?) and Uttarakhand (Latitude 28°43° N
to 31°28° N Longitude 77°34> E to 81°03° E & Geographical area 53,483.36 km?) located in the
120 foothills of the Himalayas, India (Figure 1) are prone to several fire events annually starting from the
early winter season in November to early or late June depending on the arrival of the Southwest
monsoon (FSI, 2021, 2023). Both states witnessed significant fires in the year 2024, with the burned
area extending over 60000 ha during the 2024 wildfire season. Apart from the forest fire season from
March to June, winter wildfires are another scenario that gained attention recently, with immense
125 forested lands burned during the winter duration, where the near-surface temperature was less than 2°C
(Mina et al., 2023). Both states possess vegetation rich in Chir pine (Pinus roxburghii) and oak
(Quercus leucotrichophora), with the fire - weather conditions starting from the early winter season
extending until the monsoon season (FSI, 2023). The dry weather, along with the accumulated dry fuels
in the geographically complex Himalayan region, accelerates the spread of fires post ignition, with
130 the impact of wind speed in the form of valley breeze, solar radiation, lack of moisture and near-surface

processes.
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Figure 1 Study area located in the foothills of the Himalayas with Himachal Pradesh (highlighted in
red) and Uttarakhand (highlighted in black), India (© Survey of India, downloaded from:
135  https://onlinemaps.surveyofindia.gov.in/Home.aspx, last accessed on 10 February, 2026)).

2.2 Data
A combination of observational and reanalysis datasets is used for the study. The PBL-specific
simulations are carried out using the NCEP-FNL dataset (NCEP - FNL, 2000) as the initial and
boundary conditions for the WRF model. The in-situ observations from the automated weather stations
140 of the IMD maintained sites across the state of Himachal Pradesh (HP) and Uttarakhand are used to
validate the model results. However, the lack of multiple observatories across the study area limits the
usage of observational datasets alone. In the absence of observational datasets, a combination of ERAS-
Land (Mufioz Sabater, 2019) and ERAS (H. Hersbach et al., 2020) data may be used as an alternative to
evaluate the resulting meteorological conditions (Bhattacharyya et al., 2025) over the Indian region.
145  Furthermore, ERAS and ERAS-Land data are used to evaluate the relative humidity, wind speed,
planetary boundary layer height (PBLH), fire weather indices, vapour pressure deficit (VPD) and
sensible heat flux (HFX) arising during fire weather conditions. A summary of the datasets used, along

with their spatiotemporal resolution, is summarised in Table 1.

150
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SI Meteorological variable Source Spatial resolution Tempo.r al
no. resolution
j, | nitial an‘tlhlz‘i;rlf;zsg;dmons © | NCEP-FNL 19 x 10 06:00 hours
2. 2 m temperature IMD Point — based data hourly

3. 2 m temperature ERAS — Land 0.1°x0.1° hourly

4. 2 m dew point temperature ERAS — Land 0.1°x0.1° hourly

5. Wind speed ERAS5 — Land 0.1°x0.1° hourly

6. Precipitation ERAS — Land 0.1°x0.1° hourly

7. Surface sensible heat flux ERAS — Land 0.1°x0.1° hourly

8. Boundary Layer Height ERAS 0.25°x 0.25° hourly

Table 1 Summary of dataset used for model simulation as well as the in situ observational and
reanalysis dataset across the fire clusters.

2.3 Methodology
155 In this study, WRF version 4.3.3 is configured with an outer domain at 5 km grid spacing, while the
nested inner domain preserves a resolution of 1 km (Figure 2), which explicitly resolves the valley
winds and other thermodynamic features that are relevant to simulate the meteorological variables
conducive to the spread of fires over the Indian Himalayan region during the month of May 2024. The
study duration coincided with the excessive heatwave and drought conditions persisting across the
160 North Indian region (India Meteorological Department (IMD), 2024d, 2024c¢, 2024a, 2024b). Moreover,
the summer season of 2024 coincided with the withdrawal phase of a strong El Nino event that affected
the weather conditions over the Indian region (Athira et al., 2023; Burton et al., 2020; Prabhakaran &
Srivastava, 2026). Although the WRF model is capable of simulating mesoscale features, the accuracy
of the simulation depends on the choice of physical parameterisation schemes used to represent the
165 subgrid scale processes that cannot be explicitly resolved at the model grid spacing (Cohen et al., 2015;
Powers et al., 2017). The unresolved processes, including turbulent mixing, radiative transfer, land—
atmosphere energy exchange, and cloud formation, are represented by means of parameterisation
schemes through empirical or semiempirical formulations derived from observational and theoretical
understanding (Khairoutdinov et al., 2005; J. Singh et al., 2021; S. Singh & Srivastava, 2025). These
170 formulations allow the model to approximate the aggregate effects of these processes on the resolved
atmospheric flow (Cohen et al., 2015). The principal parameterisation modules in the WRF model
include the planetary boundary layer (PBL), land surface model (LSM), surface layer, microphysics,
cumulus, and radiation schemes (Skamarock WC, 2008). Among these factors, the PBL scheme holds
great significance, as the fire weather environment is directly controlled by vertical mixing of heat,
175 momentum and moisture within the atmospheric boundary layer, which further governs the near-surface
temperature, humidity, daytime boundary layer growth, wind profile and surface energy balance
(Gilliam & Pleim, 2010; Griffin & Otkin, 2022; Kumar et al., 2023). The errors arising from the

improper PBL representation thus propagate directly into the fire weather index, which is governed by
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basic meteorological variables, including temperature, relative humidity, precipitation and wind speed
180 (Coen et al., 2013; Mandel et al., 2011; Shin & Hong, 2015).

WRF encompasses a range of PBL parameterisation processes broadly classified into nonlocal
first-order closure and local turbulent kinetic energy (TKE)-based closure approaches, where both
approaches possess distinct assumptions about vertical mixing mechanisms (Cohen et al., 2015;
Mantovani Junior et al., 2023; Shin & Hong, 2015). For this study, two schemes, YSU (Yonsei

185 University), which is a nonlocal closure scheme, and MYNN (Mellor — Yamada — Nakanishi — Niino),
which applies a 1.5-order local closure scheme, are used in combination with the appropriate physical
parameterisation schemes. The YSU scheme employs a nonlocal closure where the turbulent diffusivity
is determined by a bulk profile shape function and an explicit counter gradient term, which accounts for
the heat and moisture transport by the large convective eddies that span over the entire boundary layer

190 depth. This produces well-mixed, deep daytime boundary layers with realistic capping inversions and
vigorous entrainment characteristics, which align with observations over heterogeneous and elevated
terrains (Hong et al., 2006; Hu et al., 2013; Skamarock WC, 2008; Xie et al., 2012). Meanwhile, the
MYNN scheme applies a 1.5-order local closure where the eddy diffusivities are derived from the
prognostically computed TKE at each model level, making the mixing responsive to shear and

195 buoyancy but less effective at representing the large plume structures that dominate the convective
boundary layer dynamics (Nakanishi & Niino, 2004; Skamarock WC, 2008).

For the study, the simulations were conducted in blocks of 05 days with the first 24 hours
excluded to reduce the impact of model initialisation and ensure physically consistent atmospheric
evolution. A total of 47 vertical eta levels were incorporated in the simulations to adequately resolve the

200 vertical structure of the atmospheric boundary layer and near-surface processes. Other parameterisation
schemes, including longwave and shortwave radiation, surface physics, land surface option,

cloud microphysics and cumulus parameterisation, remain the same in both PBL schemes (Table 2).

PBL Scheme MYNN YSU
Longwave RRTM longwave Radiation
Shortwave Dudhia Shortwave Radiation Scheme

Surface Physics Revised MMS5 Scheme
Land Surface option Unified Noah Land Surface Model
Cloud Microphysics Purdue Lin Scheme
Cumulus Parameterisation Kain-Fritsch Cumulus Scheme (only d01)

Table 2 This table defines the WRF model setup and corresponding parameterisation schemes used in
the simulation.
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Figure 2 This figure shows the study area with the outer domain (D01, 5 x 5 km - blue shade) and
nested inner domain (D02, 1 x 1 km — red shade) covering the Northwest Himalayan region (© Survey
of India, downloaded from: https://onlinemaps.surveyofindia.gov.in/Home.aspx, last accessed on 10
February, 2026)
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Figure 3 This diagram represents the methodology, including the model setup, numerical simulation
and validation.

A combination of an in situ observational dataset from the IMD and a reanalysis dataset from
the European Centre for Medium-Range Weather Forecasts is used to validate the modelled results with
observations. Furthermore, the fire alerts over the Northwest Himalayan region are filtered out using a
high confidence fire interval from both MODIS and S-NPP satellites to deduce the fire events over the
Indian Himalayan region. The model simulations are compared with the observational dataset across 98
automated weather stations of the IMD (Figure S1). Furthermore, a total of 16 major fire clusters
are identified during the fire window across Uttarakhand and 08 major fire clusters over Himachal
Pradesh (Table S1, Figure 4 to Figure 10 & S19 to S24), India. Figure S2 shows the detailed spatial fire
distribution map over the states of Himachal Pradesh and Uttarakhand, scattered across the foothills of
the Himalayas. The fire clusters are classified on the basis of observable fire alerts obtained over the
study domain (Table S1). The inner domain with a 1 km resolution is used for model performance
evaluation. The model performance is further evaluated with the ECMWF Reanalysis Version 5
(ERA5) and ERA5-Land data using the Python 3.8 regridding algorithm for model evaluation at the
same spatiotemporal reference. Statistical analysis, including correlation coefficient, root mean square

error (RMSE), mean bias, and index of agreement, is performed to understand which PBL scheme

EGUsphere\
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better represents the fire weather conditions. Furthermore, the VPD governing the drying power of the

atmosphere was calculated using Teten’s equation as follows:

230 VPD = (1 RH) D
=& 100

where

VPD - Vapour pressure deficit (in kPa)

es(T) - Saturation vapour pressure at air temperature T (kPa).
RH - Relative humidity (%).

235 Apart from the basic meteorological variables, the vapour pressure deficit and fire weather index
(FWI) from the Canadian fire danger rating system (Lawson & Armitage, 2008) are calculated to
further identify the significance of choosing different PBL schemes for fire weather simulation. The fire
clusters are used as fire ignition points to evaluate the variations in PBLH, FWI, VPD, and sensible and
latent heat fluxes during the fire weather scenario. Moreover, FWI is computed from the daily fire noon

240 (12:00 pm IST) values of relative humidity, temperature, precipitation and wind speed via drought code
(DC), duff moisture code (DMC), fine fuel moisture code (FFMC), initial spread index (ISI) and build
up index (BUI) following the standard FWI calculation procedure (Lawson & Armitage, 2008). The
inputs from the WRF simulations are utilised to generate the FWI over the Himalayan foothills at a 1
km resolution. Since the Canadian FWI values are not standardised with a defined maximum, a fixed

245 upper bound is not defined in the study conducted. For a complete representation of the methodological

approach, refer to Figure 3.

3 Results and Discussion

The initial step involves the validation of the meteorological variables simulated using local and
250 nonlocal PBL schemes and characterisation of the associated fire weather environment responsible for

the spread of forest fires. The meteorological variables include 2 m temperature, relative humidity,

surface sensible heat flux, planetary boundary layer height, and wind speed. Since precipitation remains

relatively lower during the pre-monsoon season, the validation of precipitation has been discarded from

the following study. Once the applicability of NWP model is established, the fire weather indices and
255 VPD are validated to understand the fire weather characteristics conducive to fire evolution and

resulting spread.

3.1 Temperature (2 meters) & Relative Humidity

Forest fires across the states of Himachal Pradesh and Uttarakhand, India, coincide with the summer

season from April to June (FSI, 2023). Although winter wildfires are prominent over the study area,
260 summer fires dominate in terms of burned areas and fire intensity (FSI, 2019, 2021). The 2024 wildfire

activity over the Indian Himalayan region was dominated by convective boundary layer development

(PBLH > 3000 meters) and persistently higher surface temperatures, with the coincidence of heatwave

10
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conditions existing over the North Indian region (India Meteorological Department (IMD), 2024b,
2024d, 2024c, 2024a). WRF simulations during the fire period are validated against the observational
265 datasets from IMD. The validation of the 2 m temperature against the 98 stations (Figure S5 — S18)
across the Himalayan states is summarised in Table 3. Both the YSUncer and MYNNNncep simulations
resulted in nearly similar statistical skill scores, with YSUncep performing comparatively better than the
MYNNncep simulations. Over HP, the YSUncep simulations generated a mean Pearson correlation of
0.866 and an RMSE of 3.39°C, whereas the MYNNncep produced an R value of 0.860 and an RMSE of
270 3.47°C. However, over Uttarakhand, the YSUncep simulation shows a mean R value of 0.844 with a
mean RMSE of 3.43, while the MYNNNnNcEep simulation results in a mean R value of 0.840 and RMSE of
3.5°C. Both states possess a positive bias in 2 m temperature, with YSUncep showing +0.64 and
+1.32°C and MYNNncEep showing +0.68°C and +1.41°C over the HP and Uttarakhand, respectively. In
the HP, weather stations located at the valley floor sites exhibited positive biases in both schemes,
275 exhibiting bias values exceeding 3.1°C. Across the state of Uttarakhand, nearly 71 of 85 (YSUncep) and

72 out of 85 (MYNNncep) stations show a positive 2 m temperature bias.

Region Scheme Mean R Mean RMSE (°C) Mean Bias (°C) N stations
HP MYNN 0.860 3.47 +0.68 13
HP YSU 0.866 3.39 +0.64 13
Uttarakhand MYNN 0.840 3.50 +1.41 85
Uttarakhand YSU 0.844 3.43 +1.32 85

Table 3 Summary validation statistics for 2 m temperature with an in situ observational dataset from the
India Meteorological Department and WRF simulations using the MYNN and YSU-PBL schemes.

The lack of spatially continuous in situ observational networks is further compensated by the ERAS-
280 Land dataset for relative humidity (RH), wind speed, sensible heat flux and planetary boundary layer
(Hersbach et al., 2023; Muiioz Sabater, 2019). RH validations across the 16 fire spots derived from the
study domain show considerable dry bias across the simulations, with the ERAS5-Land reference mean
RH ranging from ~32 to 53%, while both simulations exhibit values within 18 to 33%, with YSUncep
simulations performing marginally better across all metrics (Table 4). However, none of the RH
285 simulations outperformed the ERAS5-Land climatological mean as a reference at the fire cluster
locations. The dry biases are visible across multiple fire locations with P05 (30.411°N, 78.38°E) and
P07 (30.368°N, 78.427°E) on fire dates 28 May 2024, located near the Uttarakhand Himalayas, which
exceeded the ERAS-Land reference by 52% with the WRF simulation mean restricted within 20 to
22%, resulting in bias values of -30.50% and -31.56% for YSUncep, while the MYNNncep simulation
290 biases were -31.48% and -32.49%. When comparing the RH across the fire points, nearly all the fire

11
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clusters depict spatially consistent RH variation irrespective of the slope aspect, which indicates that

synoptic-scale atmospheric forcing dominates over the local topographic microclimate effects in the

2024 Himalayan fires as the fire progresses. However, the south-facing slopes remain consistently drier

than the north-facing slopes prior to the fire season (Maren et al., 2015; Schaefer et al., 2024; Yang et

295 al., 2020). Although the bias remains comparatively positive, both simulations could capture the diurnal

variations in the resulting RH. Overall, the model performs reasonably well in simulating the near-

surface air temperature and relative humidity.
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300 Figure 4 This figure shows the variation in relative humidity (in %) across the 16 major fire clusters.
The red shaded region represents the fire period window, with the dotted line representing fire detection
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by the satellite sensors. ERAS — Land reference, MYNN, and YSU simulations are represented in the
respective plots.
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Mean RMSE 21.50 18.59

Mean Bias +19.30 +16.44

305 Table 4 Summary validation statistics for relative humidity, planetary boundary layer height, sensible
heat flux, vapour pressure deficit, and fire weather index with WRF simulations using MYNN and YSU
— PBL schemes across the identified fire clusters.

3.2 Wind Speed and Surface Sensible Heat Flux
Wind speed remains another critical factor affecting the spread of fires post-ignition. The wind speed at
310 10 m remains the least performing fire weather variable across the WRF simulation, with mean R values
0f 0.435 for MYNNncep and 0.443 for YSUncep, and the mean IOA remains ~0.4 in both simulations. A
systematic positive bias of +1.81 for MYNNncep and +1.75 for YSUncer. Both experiments used
Revised MMS5 surface layer schemes, providing insights that near-surface wind speed is strongly
controlled by mesoscale circulations and terrain representation within the model. The consistent positive
315 bias in the wind speed was observable across the fire clusters, suggesting that the subgrid orographic
drag is not fully parameterised at a 1 km resolution. In-depth analysis of fire clusters revealed
contrasting and, in certain cases, similar fire weather characteristics. Fire scenarios at P01, P03, P05,
P06, P07, P10, P13, P11, P13, P15 and P16 show increased wind speed values prior to and during the
fire weather event (Figure 5). PO1 corresponds to the SW-facing slope with consistently increased wind
320 speed values. However, exceptional cases with the north- and northeast-facing slopes (P05, P06, P07,
and P15) convey slightly increased wind speed values with lower fire counts, and the wind speed
remains relatively lower after the fire weather scenarios. Fire clusters such as P04 and P11 (south-facing
slopes) indicated consistently higher wind speeds and postfire weather events.
Surface sensible heat flux (HFX) is another factor that enhances near-surface heating and drives
325 buoyant plume development in wildland fire dynamics (Muth et al., 2025; Trentmann et al., 2006). The
enhanced heating from the near—surface increases boundary-layer instability and further promotes
vertical mixing, resulting in an elevated PBLH. Thus, the deepened boundary layer increases the fire-
atmosphere coupling, accelerating fire spread and intensity through a continuous feedback system
(Clark et al., 1996; Linn et al., 2005; Sun et al., n.d.). The HFX simulation remains the best represented
330 variable in both PBL schemes, with both schemes achieving R > 0.9, IOA > 0.9, and Nash-Sutcliffe
efficiency (NSE) values exceeding 0.8 across all fire clusters (Figure 5) in both simulations. Although
the variations were relatively lower, the RMSE and mean bias remained relatively lower for MYNNncEp

than for the YSUncep simulations.
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335 Figure 5 This figure shows the variation in wind speed (in m/s) across the 16 major fire clusters. The
red shaded region represents the fire period window, with the dotted line representing fire detection by
the satellite sensors. ERAS - Land reference, MYNN, and YSU simulations are represented in the
respective plots.
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Figure 6 This figure shows the variation in sensible heat flux (in W/m?) across the 16 major fire
clusters. The red shaded region represents the fire period window, with the dotted line representing fire
detection by the satellite sensors. ERAS - Land reference, MYNN, and YSU simulations are represented
in the respective plots.

3.3 Planetary Boundary Layer Height

Apart from the basic meteorological variables, the PBLH determines the vertical extent over which the
surface-generated heat, moisture and aerosols are mixed into the lower troposphere, thereby governing
the fire weather intensity. The height of the PBL is found to vary from 100 to 3000 m, which varies
with time, location, local meteorological conditions, and solar radiation acting as a major factor
influencing near-surface turbulence. Fire events under increased solar insolation with reduced moisture

promote the growth of the PBL, which often reaches a depth of 2 to 4 km (Seibert et al., 2000). PBLH

16
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simulations from the YSUncer and MYNNncep resulted in contrasting variations in the statistics.
MY NNncep overestimated the PBLH with a mean bias value of +595 meters and a mean RMSE of +888
m and an NSE of —0.039, which indicates low predictive skill with the ERAS reference, whereas
Y SUncep closely aligned with the ERAS reference, producing R = 0.90, RMSE = 560 m, IOA = 0.904,

355 mean bias = +116, and mean NSE = +0.568, exhibiting comparatively better predictive skill. Across
P01 and P08, adjacent to the high-altitude Himalayan region, the bias in MYNNncgp remains greater
than 900 m. However, across P02 and P09, YSUncep underestimated the PBLH with a mean bias of -
300 m, possibly due to the inadequate representation of surface atmosphere interaction over the forested
slopes.

360 , The spatial variation in the PBLH during the intense forest fire event day on 21st May 2024 is
shown in Figure 7. Both schemes overestimated the PBLH with greater variations compared to ERAS-
Land. The early morning 05:30 IST shows a shallow PBLH of approximately 200 to 400 m, and
YSUncep shows nearly the same pattern with slight variation over the Himalayan terrain, whereas
MYNNncep shows an elevated PBLH compared to the reference values. The morning convective

365 growth had a significant impact on both simulations, with MYNNncep simulations estimating PBLH
values in the range of 2500 to 3000 meters. Although YSUncep overestimates PBLH at this time frame,
the variation remains neutral to slightly positive, which closely aligns with the ERAS5-BLH ranging
from 500 to 1500., PBLH peaks in the afternoon at 15:30 IST with ERAS5-BLH ranging from 2000 to
2650 m (in yellow and green), while MYNNncep reaches higher PBLH levels (in brown shade, Figure

370 7) exceeding 4000 to 5000 meters over the flat hills of the Indo-Gangetic Plains (IGP). Unlike other
cases, YSUncep also overestimated the PBLH with more moderate afternoon growth. However, over the
fire cluster locations, the values are consistent with the mean bias shown in Figure 7 near the Himalayan
foothills (pale red, YSUncer — ERAS). Moreover, during the evening hours at 18:30 IST, the PBLH
began to decrease gradually with respect to the reference ERAS as well as YSUncep as the surface

375 buoyancy flux weakened. However, the PBLH continued to grow in the late evening, with MYNNncEp
failing to capture the late-evening stable layer reformation. YSUncep, although positively biased,
captured the decay toward the nocturnal stable condition. During the late night at 23:30 IST, both
YSUncep and the reference ERAS returned to shallow PBLH, with MYNNncep attaining lower levels
similar to the 05:30 IST PBLH, confirming that the MYNNncep overestimation is mainly restricted to

380 daytime convection driven by the TKE response to peak surface buoyancy forcing during the heatwave
active, premonsoon, summer, and fire seasons in 2024.

The spatiotemporal analysis of PBLH values across the fire clusters showed that they remained
higher during the fire weather days across P01, marking the highest number of fire events with 23 fire
alerts. The fire weather generated by the fires and the southwest-facing slope resulted in turbulent fluxes

385 increasing the PBLH across P01 (Figure 8). Meanwhile, the PBLH remains relatively lower across other

cases, with a noticeable spike in the PBLH observed during the fire progression across points P05, P06,

17
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P07, P09, P10, P14 and P16. The north-facing slopes, notably P02, P05, P06, and P07, reveal a distinct
pattern where PBLH remains relatively lower during the fire-free period, with PBLH showing
significant spikes within the fire weather duration.
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Figure 7 The figure shows the spatial variation in the planetary boundary layer height (in meters) at
different Indian standard times (ISTs). The first column is the reference ERAS data, the second column
(MYNNncep) represents the D02 simulation, the third column represents the difference between the

395 MYNN simulation and the ERAS5 reference, the fourth column represents the YSUncep simulation, and
the fifth column represents the YSU — ERAS5 reference.

18



https://doi.org/10.5194/egusphere-2026-2474
Preprint. Discussion started: 6 July 2026

(© Author(s) 2026. CC BY 4.0 License.

400

405

PBLH (m)

PO1: 29.053°N, 79.421°E

P02: 30.145°N, 78.834°E

EGUsphere

5000
( 1 (b) !
2500 -
0 T T T T T
18 19 20 21 22 23 24 03 04 05 06 07 08 09
P03: 29.510°N, 79.301°E P04: 29.049°N, 79.416°E
5000
(c) 1 ( 1
2500 - -
o T T T T T i
02 03 04 05 06 07 08 06 07 08 09 10 11 12
PO5: 30.411°N, 78.375°E P06: 29.764°N, 79.566°E
5000
(e) 1 (f) 1
2500 -
o T T T T T T T T T T
24 25 26 27 28 29 30 02 03 04 05 06 07 08
P07: 30.368°N, 78.427°E P08: 29.503°N, 79.361°E
5000
(9) ! (h) :
2500 -
o T T —— T
24 25 26 27 28 29 30 18 19 20 21 22 23 24
P09: 30.139°N, 78.815°E P10: 29.682°N, 79.766°E
5000 T— -
(i) 1 (1)) 1
2500 - -
o T T T T T T T T T T
03 04 05 06 07 08 09 03 04 05 06 07 08 09
P11: 29.773°N, 79.695°E P12: 30.733°N, 78.360°E
5000
(k) 1 (0] :
2500 - -
o T T T T T T T T T T
02 03 04 05 06 07 08 02 03 04 05 06 07 08
P13: 30.086°N, 78.910°E P14: 30.077°N, 78.722°E
5000
(m) I (n) 1
2500 -1
o T T T T T i
03 04 05 06 07 08 09 11 12 13 14 15 16 17
P15: 30.034°N, 78.964°E P16: 29.910°N, 79.467°E
5000
(o) : (p) 1
2500 - -
o T T T T T 1 T T T T
17 18 19 20 21 22 23 03 04 05 06 07 08 09
Day (May 2024) Day (May 2024)
[— ERA5  — MYNNucer — YSUncer Fire Period |

3.4 Application of the NWP model across the data-sparse region

Figure 8 This figure shows the variation in planetary boundary layer height (in m) across the 16 major
fire clusters. The red shaded region represents the fire period window, with the dotted line representing
fire detection by the satellite sensors. ERAS - Land reference, MYNN, and YSU simulations are
represented in the respective plots.

The validation of multiple meteorological variables suggested that both schemes exhibit similar
statistical scores over the Indian Himalayan states. When comparing the 2 m temperature, YSUncep
performs comparatively better, which may be attributed to the YSU scheme's nonlocal counter gradient
transport term that redistributes the heat upwards from the surface more efficiently than MYNN's local
TKE closure, which predicts slightly lower temperature values consistent with the reduced warm bias

across both regions. The consistent warm biases from the simulation may further be associated with the
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model's capability to overestimate the shortwave surface insulations under anticyclonic pre-monsoon

410 conditions. Furthermore, the model's limitation in resolving subgrid cooler air pooling at a resolution of

1 km over the narrow Himalayan valley suppresses the nocturnal temperature minimum. Such biases

alone may not be attributed to PBL schemes; these biases arise from the complex Himalayan
topography itself, along with the feedback resulting from the fire weather environment.

Across 16 fire clusters, the fire events initiated at the lowest RH values, asserting the validity of the

415 modelled outputs to simulate the dry weather conditions conducive to forest fire events. The dry bias in

the RH is directly related to the 2 m temperature positive mean bias discussed earlier. The elevated

temperature increases the saturation vapour pressure, which reduces the RH, resulting in bias values

greater than expected over the study domain. Across the HFX simulation, both schemes reproduced

similar statistical skill scores across the fire clusters, where the parameterisation schemes used for the

420 simulations with Unified Noah LSM and Revised MMS5 surface layer modulate their influence on near-

surface temperature gradients and stability. The MYNNncep simulations possess a mean bias of 1.10

W/m? lower than that of YSUncep, with a mean bias of 3.6 W/m?. However, both the MYNN and YSU

simulations were able to capture the HFX diurnal and nocturnal variations without significant

variations, which was unexpected over the complex Himalayas. As the simulations proceeded further,

425 MYNNncep PBLH simulations resulted in increased PBLH values, while YSUNcep simulations resulted

in values resembling the ERAS5 reference. However, statistical skill scores across the basic
meteorological variables remain nearly the same with meagre bias over the study area.

Although temperature observations were recorded at 98 stations across the Himalayan states, the

datasets may/may not represent the fire zone cluster weather conditions, which resulted in the utilisation

430 of reanalysis datasets for fire cluster analysis. Both the YSUncer and MYNNncep simulations resulted

in statistical skill scores comparatively similar to the mean bias, index of agreement, correlation

coefficient and RMSE to remain closer to the reference dataset. This leads to insights into utilising

numerical weather prediction models such as WRF in simulating the fire weather conditions associated

with the 2024 North Indian fires. The analysed parameters are further used to calculate probable fire

435 spread parameters and fire weather indicators, including VPD and FWI, in the following subsections.

3.5 Vapour Pressure Deficit
Fuel desiccation and fire-prone environments govern the potential for the spread of fires post-
ignition. VPD predicts the atmospheric moisture demand and determines the evaporative losses from
vegetation and the rapid drying of fuels, which increases the surface fuel flammability. VPD is
440 governed by RH and air temperature, and any variations in their estimation result in
overestimating/underestimating the effective VPD. Across the simulations, both schemes perform
relatively similarly. YSUncep simulations performed comparatively better, capturing the diurnal

variations and the associated drying of the atmosphere. As the YSUncer and MYNNncep simulations

20
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overestimated the RH and 2 m temperature, this resulted in overestimation spikes in the observed VPD
445 variation. However, except for PO1 (Figure 9), all the other fire zones depict negligible variations. P01,
located within the Tanda Forest Range, Uttarakhand, faced significant forest fires in the year 2024 with
prolonged dry conditions, and the RMSE, mean bias, IOA, and R skill scores increased significantly by
a factor greater than 0.1 when considering P02 to P16 alone. Statistical scores for the performed
simulations are summarised in Table 4. POl shows an elevated VPD with dry conditions conducive to
450 the spread of fires. As mentioned before, the combined RH and temperature bias escalated the errors
across the schemes. The reference ERAS suggests extreme fire-prone conditions with VPD values in the
range of ~5 to ~7 kPa, similar to the YSUncer and MYNNncep simulations, which resemble extreme
dry conditions. While other locations predict similar values within the admissible range of VPD, P01
remains a critical fire zone with overshooting VPD values during extensive fire events. VPD variations
455 across the fire clusters show a varying pattern, with VPD indicating values similar to extreme fire-
conducive environments at POl. The south-facing slope with relatively lower RH and increased
temperature and solar radiation results in increased VPD across the Tanda forest range (P01) in
Uttarakhand, India. However, across the majority of the fire clusters, VPD values were relatively within

the range of dry to extreme dry conditions conducive to the spread of fires.
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Figure 9 This plot shows the variation in vapour pressure deficit (in kPa) across the 16 major fire
clusters. The red shaded region represents the fire period window, with the dotted line representing fire
detection by the satellite sensors. ERAS — Land VPD, MYNN, and YSU simulated VPD are represented

in the respective plots.

3.6 Fire Weather Index

Canadian FWI over the Northwest Himalayan region shows significant variation across the 16 fire

clusters. Across the study area, the YSUncep mean R remains 0.591, mean IOA = 0.522, mean RMSE =
18.59 and mean bias = +16.44, while for MYNNncep, the values are R = 0.501, mean IOA = 0.460,
mean RMSE = 21.50, and mean bias = +19.30. The ERAS-reference FWI ranges from ~7 to ~50,

showing a gradient from relatively moderate fire danger in the low elevation zone to increasing danger

in the moderate to high altitude Uttarakhand fire cluster across the state of Uttarakhand. MYNNncep
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produced mean FWI in the range of 22 to 66, while YSUncep generated FWI in the mean range of ~ 20
to ~60. Fire clusters P01, P05 and P07 show an increased FWI across all the datasets, with YSUncgp
and MY NNncep reaching values greater than 50. At P02, P09, and P12 show lower FWI with fire events
475 claiming the occurrence of fires event at lower FWI. Such lower FWI fires are better represented by the
WREF simulations, while the large fire events noticeable over P01 are overestimated by the model. Such
nonlinear compound structures of the index system point to the basic indexing within the FWI system
with FFMC’s strong response towards RH and noon temperature. The ISI scales multiply with the
FFMC and wind speed, and the FWI amplifies the ISI through the BUI Thus, the mean bias
480 accumulation from the temperature, RH and wind speed, along with the precipitation, propagates in the
same direction, resulting in the overestimation of the FWI. As the FWI is not standardised over the
Indian region, this study uses FWI as a proxy to identify the fire weather conditions without defining an
upper bound. The occurrence of fires at lower FWI compared to the higher FWI in PO1 raises concern
regarding the existing FWI and its application across the tropical region, regarding the representation of

485 solar radiation and tropical region-specific inputs to the existing FWI.
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Figure 10 This figure shows the variation in the Fire Weather Index across 16 major fire clusters. The
red shaded region represents the fire period window, with the dotted line representing fire detection by

490
respective plots.

4 Conclusion

the satellite sensors. ERAS — Land FWI, MYNN, and YSU simulated FWI are represented in the

This study elaborates on a systematic evaluation of suitable PBL schemes for simulating fire

weather conditions conducive to the spread of wildfires over the Indian Himalayan states of

495
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statistical scores for 2 m temperature, relative humidity, wind speed, and surface sensible heat flux.
However, PBLH values were abnormally higher for the MYNNn~cep during the 18:30 IST time across
the lower portion of the Indo — Gangetic Plains, which do not coincide with the fire cluster zones. The
PBLH over the fire clusters remains nearly the same across both the MYNNncer and YSUncep

500 simulations. As the statistical skill scores were relatively better across the fire clusters, the model
simulations may be utilised as a proxy over the Himalayan region to determine the fire weather
evolution across the fire clusters.

The majority of the fire clusters were located on the south-facing slopes compared to the north-
facing slopes, where solar insolation increases the dryness across the south compared to the north, and

505 surface moisture remains relatively higher on the north-facing slopes due to relatively lower solar
radiation reaching the surface. However, fires were noticeable over the north-facing slope with
considerably lower wind speeds compared to the south-facing slope surfaces. RH remains relatively
drier across the study area with a warm dry bias, and the temperature values remain significantly higher
during fire weather events. During the fire events, the PBLH value shows a spike during and postfire

510 initiation due to the fire near-surface turbulence that is perfectly captured by the WRF model
simulations. The sensible heat flux values remain relatively similar and possess near-perfect correlation
across the simulated scenarios. Fire weather indicators, including VPD and FWI values, were relatively
higher, with the Tanda forest range, Uttarakhand possessing extremely dry weather conditions
susceptible to the spread of fires. VPD values except POl resemble the VPD study by Prabhakaran &

515 Srivastava, (2024) over the North Indian region, denoting fire-prone conditions being accurately
represented by the simulations. A pattern of peak FWI value clusters being susceptible to fires is clearly
simulated across all the fire clusters. The FWI indices fall short at locations where lower FWI responses
correspond to fire events. FWI values beyond the fire date may not be used for forecasting, as the fire
scenarios have eradicated the surface fuels across the area.

520 As the Himalayan region is prone to several fires on an annual basis, with the increasing number of
winter wildfires, this study extends the application of the NWP model as a proxy over the data-sparse
tropical region for simulating atmospheric conditions conducive to forest fires. The appropriate
incorporation of solar radiation, alignment of slope and regional-specific topographical data and drying
factor in the drought code (part of FWI) into the fire weather indices may accurately reflect the fire

525 weather conditions over the Indian region. Furthermore, this study may be coupled with a suitable fire
module, such as WRF-FIRE or WRF-SFire, to couple the impact of fire weather to predict the fire-
induced behaviour and the evolution of fires in the tropical Himalayas under the changing climate,
which enhances the early fire danger rating system for the vulnerable population in the Himalayan
foothills.

530
Code and Data Availability
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All the codes used for the study may be available upon request. An observational dataset from the India
Meteorological Department is used in the study. The NCEP-FNL dataset used as the initial and
boundary conditions for the WRF model is available at https://gdex.ucar.edu/datasets/d083002/. The

535 wvalidation dataset of ERAS is available at https://doi.org/10.24381/cds.adbb2d47, and ERAS-Land is
available at https://doi.org/10.24381/cds.e2161bac.
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