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Abstract: In the Himalayan regions of complex terrains, such as Himachal Pradesh, the
occurrence of extreme rainfall events (EREs) has been increasing, triggering landslides and
flash floods. Investigating the dynamics and precipitation characteristics and improving
the prediction of such events are crucial and could play a vital role in contributing to
sustainable development in the region. This study employs a high-resolution numerical
weather prediction framework, the weather research and forecasting (WRF) model, to
deeply investigate an ERE which occurred between 8 July and 13 July 2023. This ERE
caused catastrophic floods in the Mandi and Kullu districts of Himachal Pradesh. The WRF
model was configured with nested domains of 12 km and 4 km horizontal grid resolutions,
and the results were compared with global high-resolution precipitation products and
the fifth-generation European Centre for Medium-Range Weather Forecasts atmospheric
reanalysis dataset. The selected case study was amplified by the synoptic scale features
associated with the position and intensity of the monsoon trough, including mesoscale
processes like orographic lifting. The presence of a western disturbance and the heavy
moisture transported from the Arabian Sea and the Bay of Bengal both intensified this
event. The model has effectively captured the spatial distribution and large-scale dynamics
of the phenomenon, demonstrating the importance of high-resolution numerical modeling
in accurately simulating localized EREs. Statistical evaluation revealed that the WRF model
overestimated extreme rainfall intensity, with the root mean square error reaching 17.33 mm,
particularly during the convective peak phase. The findings shed light on the value of
high-resolution modeling in capturing localized EREs and offer suggestions for enhancing
disaster management and flood forecasting.

Keywords: Himalayan region; extreme rainfall events; WRF model; flash floods

1. Introduction
Extreme rainfall events (EREs) have been significantly on the rise within the last few

decades and are producing increasingly worse problems worldwide [1–5]. In most cases,
such EREs have devastating impacts ranging from floods and landslides to the extensive
damage of structures and the loss of life. According to the historical trend, the frequency of
heavy precipitation events has increased over the past century [3,6–10]. It is indicated that
if global temperature increases to 2 ◦C, the severity of extreme rainfall which may occur
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once in a decade or in half a century could rise by about 15% [11]. The most contributory
reason behind this rise in EREs is quick climate change that favors more water retention in
the atmosphere and finally leads to rainfall that is usually much more extensive [12–14].
Other regions that show an increasing trend in heavy rainfall events are South Asia, Europe,
and North America, particularly in complex terrains [15–17].

In recent times, there has been a notable increase in EREs over the Indian subcontinent,
which is largely affected by the Indian summer monsoon (ISM) [10,18]. According to
several studies, there has been little to no rise in the average seasonal monsoon rainfall, but
there has been an increase in the frequency and intensity of short-duration heavy rainfall
events [5,19]. This shift is particularly concerning as it disrupts water resource management
strategies, increases the risk of flooding, and affects agricultural economies [19,20]. The
ISM, which occurs from June to September, is responsible for nearly 80% of India’s annual
rainfall [18,21,22]. It is influenced by various large-scale circulation systems, such as the
monsoon trough, low-pressure systems, western disturbances (WDs), Madden–Julian
Oscillation, El Niño–Southern Oscillation (ENSO), and Indian Ocean Dipole [23,24]. The
Arabian Sea and the Bay of Bengal are significant sources of moisture for this whole
monsoon season. A key factor contributing to the increase in EREs in Northern India,
especially in the Western Himalayan region, is the interaction between monsoonal systems
and extratropical disturbances, i.e., WDs [25,26]. Recent studies have shown that the
coexistence and temporary merging of monsoon lows and WDs can result in extremely
heavy rainfall events [27,28]. Monsoon lows, which are low-pressure systems, form within
a monsoon region during the monsoon season (June–September). On the other hand, WDs
originate in the Mediterranean region and bring winter rain to the northwestern parts of the
Indian subcontinent. This interaction is often accompanied by Rossby wave breaking, which
enhances upper-level divergence and intensifies precipitation in the area [29,30]. In the
Rossby wave breaking phenomenon, Rossby waves undergo a transition from smooth and
undisturbed to a turbulent state, which alters the weather patterns and climate processes.

The Himalayan region is highly vulnerable to EREs due to its complex terrain, unique
climatic conditions, and proximity to significant monsoon systems [8,31–33]. The Western
Himalayas, covering Himachal Pradesh, Uttarakhand, and Jammu and Kashmir, frequently
experience extreme rainfall and cloudburst events. These intense weather phenomena
are primarily driven by strong orographic lifting and the interaction between large-scale
and mesoscale weather systems [20]. In recent years, several EREs have caused severe
destruction in this area. For instance, the June 2013 Kedarnath disaster in Uttarakhand
was triggered by heavy rainfall and devastating flash floods that resulted in thousands of
casualties and widespread destruction [34,35]. Similarly, a cloudburst in Himachal Pradesh
in July 2021 caused massive flooding and landslides, underscoring growing concerns
about the increasing frequency and impact of EREs in the region [15]. Numerous studies
have connected climate change in mountainous areas to an increase in the frequency
of extreme occurrences [36,37]. The rise in tropospheric water vapor content over the
Indian subcontinent was emphasized by [38]. The study of the Himalayan region has
also benefited from the rising significance of satellite records. Satellite-based nowcasting
techniques have particularly enhanced early warning systems by precisely forecasting times
of heavy precipitation across the Western Himalayan region [39]. Similarly, Shah et al.,
(2023) [40] verified satellite-based cloudburst alerts, demonstrating exceptional location
precision over Uttarakhand.

In recent years, the Weather Research and Forecasting (WRF) model [41] has been
widely used for mesoscale weather phenomenon studies and operational weather pre-
diction at various time scales globally [42–50]. The WRF model simulates a variety of
high-impact weather events such as precipitation, heatwaves, thunderstorms, and trop-
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ical cyclones [42,48,51–62]. Chevuturi et al. (2015) [63] simulated an ERE in the Central
Himalayas, while Kumar et al. (2012) [64] studied the atmospheric processes that led to
the 2010 Leh cloudburst event. Studies by Boyaj et al. (2020) [51] suggested that land use
and land cover change caused by rapid urbanization can enhance rainfall by >20% during
heavy rainfall events. Many more researchers have employed the WRF model to investigate
different case studies over the Himalayan region [65–68]. In July 2023, very severe rainfall
episodes occurred in Himachal Pradesh (India), where some areas recorded a staggering
436% increase in rainfall compared to the average. Only a few studies have conducted a
comprehensive statistical evaluation of high-resolution WRF simulations against multiple
observational datasets, especially using satellite-based precipitation products for a more
robust validation. Thus, we have employed the WRF model for this extreme rainfall event
to evaluate the model’s performance at fine horizontal grid resolution and to analyze
the synoptic and mesoscale features that contribute to this event. In this way, the study
addresses the importance of numerical modeling for sustainable development with regard
to ERE forecasting.

2. Credentials of Extreme Rainfall Event from Satellite Product
As per the India Meteorological Department’s (IMD) reports, many parts of Northern

India covering the states of Himachal Pradesh, Uttarakhand, Punjab, Haryana, Chandigarh,
and Delhi received unusually significant rainfall, with many stations reporting heavy
(64.5–115.5 mm), very heavy (115.6–204.4 mm), and extremely heavy rainfall (≥204.5 mm)
from 8 to 13 July 2023. Several locations in Himachal Pradesh recorded heavy rain during
this period, with some regions receiving more than 200 mm of rainfall in a single day [7].
This ERE caused the widespread destruction of life and property over the region. As per
the report, there were two active synoptic systems present at the same time. The western
end of the monsoon trough at the mean sea level was very active and was to the south of its
normal position from the 8th to the 12th morning (IMD report). Another synoptic system
that was also active over Northwest India was the WD as a trough in the mid-troposphere.
Between 8 and 13 July, both systems merged over the Himalayan region and ended with a
heavy downpour over the Western Himalayas.

The Indian National Satellite-3D Repeat (INSAT 3DR) derived a brightness tempera-
ture (BT; Unit: Kelvin) analysis from 7 July to 12 July 2023, revealing the evolution of a deep
convection associated with the ERE (Figure 1). Initially, on 7 July, widespread cloud cover
was observed over Northwestern India, with scattered convection over Central India. By
8–9 July, the convective system intensified significantly and merged, with widespread low
BT values over Himachal Pradesh, indicating a mesoscale convective system development.
On 10 July, the convective system reached its peak intensity, covering most of Himachal
Pradesh. After 10 July, the system became weak and started moving eastward.
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Figure 1. The daily evolution of infrared brightness temperature (Unit: Kelvin) was derived from the
INSAT-3DR satellite product. Panel figures (a–f) are plotted from 8 to 13 July 2023, respectively.

3. Materials and Methods
The numerical simulation of the selected ERE was performed by using the fully

compressible and non-hydrostatic Weather Research and Forecasting (WRF) model version
4.5.1. The WRF model was configured with the following nested domains: parent domain
(D01) with a coarser horizontal grid resolution of 12 km and child domain (D02) with
a finer horizontal grid resolution of 4 km (Figure 2). The initial and lateral boundary
conditions were obtained from the National Centers for Environmental Prediction (NCEP)
Final Analysis (FNL) dataset, available after 6 h from the real-time at a horizontal resolution
of 0.25◦ × 0.25◦. The simulations were initialized at UTC +00:00 on 08 July and integrated
for 144 h, covering all phases of the ERE. A total of 272,410 and 478,502 grids of 12 km
and 4 km, with 55 vertical levels and 30 s and 10 s of integration time steps, were used
to cover the outer and inner domains, respectively. The WRF model used the Arakawa C
grid system. Table 1 provides detailed information about the model setup and the chosen
parameterization schemes.
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Table 1. Description of WRF model’s domain setup and physical parameterization schemes.

Description Outer Domain Inner Domain

No. of Grid points in X × Y 272, 410 478, 502

Domain Resolution 12 km 4 km

Vertical levels 55 55

Time Step 30 s 10 s

Duration of simulation 144 h

Horizontal grid system Arakawa C grid

Acoustic and gravity wave model 3rd order Runge–Kutta scheme

Longwave radiation Rapid radiative transfer model (RRTM)

Shortwave radiation Dudhia scheme

Surface Physics Revised MM5 scheme

Land surface Unified Noah land surface model

Planetary boundary layer scheme Yonsei University scheme

Cumulus parameterization scheme Kain-Fritsch scheme

Cloud microphysics scheme WRF single-moment six-class

Map projection Mercator

This study utilized multiple observational, satellite-based, and reanalysis products for
various purposes (Table 2). The IMD’s gridded rainfall data were used to verify the rainfall
patterns. ERA5 is a global atmospheric reanalysis product produced by the European
Centre for Medium-Range Weather Forecasts (ECMWF), with a horizontal resolution of
0.25◦ × 0.25◦ and 137 pressure levels from the earth’s surface to the top of the atmosphere.
Multi-Source Weighted-Ensemble Precipitation (MSWEP) is a global precipitation data
product. It uses multiple data sources (e.g., satellite measurements, ground-based observa-
tions, and reanalysis data). The 3-hourly MSWEP product covers a wide range of the years
1979 to the present.

Table 2. Brief description of the various datasets used in this study.

Data Source Spatial Resolution Purpose Reference

IMD Gridded Rainfall 0.25◦ × 0.25◦ To verify daily spatial rainfall [69]

ERA5 0.25◦ × 0.25◦ To verify large-scale features [70]

MSWEP 0.25◦ × 0.25◦ For comparison with WRF rainfall [71]

INSAT 3DR 4 km For synoptic scale features [72]

NCEP FNL 0.25◦ × 0.25◦ To prepare input forcings for the WRF model [73]

3.1. Vertically Integrated Moisture Transport (VIMT)

Moisture transport plays a vital role in atmospheric circulation, weather phenomena,
and precipitation. The VIMT represents the movement of water vapor content in the
atmosphere over a vertical column [74]. Mathematically, it can be expressed as follows:

Q =
1
g

∫ pt

ps
qVdp

where g, pt, ps, V, and q are the acceleration due to gravity, top of the atmosphere pressure,
surface pressure, wind vector, and specific humidity, respectively. The vertical integration
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of the equation is carried out from surface pressure level to 300 hPa, since specific humidity
has a negligible effect above this level and is not a part of the reanalysis [75].

3.2. Equitable Threat Score (ETS)

The equitable threat score or Gilbert skill score evaluates the proficiency of a model in
forecasting whether a specific weather event has occurred or not. A contingency table is
used to compare the observed and forecasted values.

ETS =
H − E

H + M + F − E

where H, M, and F denote the hits, misses, and false alarms respectively. E is the number of
hits expected by chance.

3.3. Mean Bias Error (MBE) and Root Mean Square Error (RMSE)

The MBE quantifies the average tendency of the model to overestimate or underesti-
mate rainfall compared to observations. A positive value of MBE indicates that the model
overestimated the rainfall, whereas a negative MBE indicates that the model underesti-
mated the rainfall. It is calculated as follows:

MBE =
1
N ∑N

i=1 RWRF,i − ROBS,i

RMSE measures the overall magnitude of error between the simulated and observed
rainfall. Unlike MBE, it penalizes large deviations more heavily. It is calculated as follows:

RMSE =

√
1
N ∑N

i=1(RWRF, i − ROBS,i)
2

where RWRF, i is the WRF simulated rainfall at grid point i, ROBS,i is the observed rainfall
from MSWEP, and N is the total number of the grid points.

4. Results and Discussion
4.1. Rainfall Analysis

The 40-year climatological mean rainfall over the study region, valid for six days
(8 to 13 July), is shown in Figure 3a. It is evident from Figure 3a that the magnitude of
climatological mean is around 10–20 mm/day during this period over most of the West-
ern Himalayan region. It reveals that the Himalayan foothills receive more rainfall than
the mountaintop. Figure 3b shows the rainfall anomaly (mm) for the year 2023. During
8–13 July 2023, the Western Himalayas receives a higher amount of precipitation than the
climatological mean. Southern Himachal Pradesh, Chandigarh, and some parts of Haryana
receive 40 mm/day more rainfall than normal Figure 3b). The large positive anomaly indi-
cates the extraordinary nature of the heavy rainfall event. The highest positive anomalies
are over the Kullu, Mandi, and Kangra districts of Himachal Pradesh, Chandigarh, and
some parts of Haryana, indicating widespread flooding. The high positive anomalies align
with low BT vales (shown in Figure 1), confirming a well-organized convective system over
the region.
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Figure 3. (a) Climatological mean rainfall distribution (mm/day) for the six days (8 July to 13 July)
over the 40 years (1984 to 2023); (b) Rainfall anomaly for the period from 8 July to 13 July for 2023.

To investigate the spatiotemporal evolution of rainfall spread over the region, the
daily rainbands were depicted for all six days using the IMD gridded data, ERA5, MSWEP
products, and WRF model inner domain simulation’s output (Figure 4). The model simu-
lated the spatial distribution of rainfall in the initial days. As the system intensified, the
model captured a marked increase in rainfall over Himachal Pradesh, particularly over
the Kullu and Kangra districts, agreeing with ERA5, MSWEP and IMD. The captured
rainfall also coincided with low BT values, suggesting the presence of a well-organized
convective system. On 9 July, the system reached its peak intensity, with the maximum
daily accumulated rainfall over Himachal Pradesh exceeding 140 mm. This phase marked
the most active and widespread precipitation, influenced by the interaction of a monsoon
low-pressure system and WD. Thus, the WRF model successfully captured the spatial and
temporal evolution of rainfall, although some regions exhibited a slight overestimation.
From 11 July onwards, the convective system started to weaken, showing a southward
shift in the rain distribution (Figure 4). This shift in rainfall also coincided with the shift in
low BT values (Figure 1).
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the IMD gridded data (top row), ERA5 (second row), MSWEP data (third row), and the WRF model’s
inner domain simulation (bottom row).
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Furthermore, the MSWEP dataset was taken as the true value for the statistical verifi-
cation of WRF rainfall due to its finer resolution. The equitable threat score for the inner
domain’s simulated rain for all six days at the various thresholds is shown in Figure 5. At
the lower threshold (10–30 mm), the model exhibited a good ETS for 8, 9, 10, and 11 July
(Figure 5). The maximum equitable threat score (0.35) was observed on 10 July. This
indicates that the WRF model accurately simulated widespread rainfall during this period.
However, for higher thresholds (>50 mm), the ETS declined (~below 0.2), highlighting that
the model faced challenges in simulating localized extreme rainfall accurately. The decline
was largely due to the underestimation of localized heavy rain. A day-to-day variability in
the equitable threat score was present at the end of this HRE (Day 6) because the model
needs additional components to simulate localized rain. This could be a good point of
interest for future research.
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Figure 5. The Equitable Threat Score (ETS) for simulated rainfall (inner domain) validated against
the MSWEP product at various threshold values from 8 July to 13 July 2023.

The MBE, correlation coefficient (CC), mean absolute error (MEA), and RMSE for
each day of the ERE were calculated for the inner domain simulation against the MSWEP
product (Table 3). The results indicated a progressive increase in the MBE values over the
initial four days. Day 1 exhibited a near-zero bias (−0.13 mm), and this bias increased to
a peak positive on day 4 (2.72 mm). This means that the model initially underestimated
rainfall on day 1 but subsequently overestimated it as the event intensified, indicating that
the model tended to simulate higher rainfall compared to the MSWEP during the peak
convective phase of the event. Also, the CC values exhibited a steady trend of decline
throughout the six days, ranging from 0.65 to 0.18. This indicates that the mode captured
the rainfall variability better in the early phase of the event but struggled in the later phase.
This declining trend is likely attributed to shifts in the large-scale forcing mechanisms and
the weakening of organized rainfall systems.

The RMSE and MAE trends further reinforced these findings. The RMSE values were
highest on days 2, 4, and 5 of the event, indicating large deviations between the WRF and
the MSWEP during the maximum rainfall period. The MAE remained relatively stable
during all days of the event. The low CC values with high RMSE and MBE values in the last
phase of the event indicate that the overestimation of extreme rainfall also contributed to
spatial mismatches in the rainfall distribution. The combined spatial and statistical analysis
suggests that although the model effectively simulated this ERE over Himachal Pradesh,
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the systematic overestimation of extreme rainfall intensity and localized discrepancies with
the MSWEP data highlight the areas for potential improvement.

Table 3. The day-wise mean bias error, correlation coefficient, mean absolute error, and root mean
square error for the simulated rain (inner domain) against the MSWEP data.

Day MBE (mm) Correlation Coefficient MEA RMSE

08/07/2023 −0.13 0.65 6.70 13.84

09/07/2023 1.02 0.59 6.94 16.81

10/07/2023 1.9 0.56 5.99 14.74

11/07/2023 2.72 0.46 6.47 16.57

12/07/2023 2.5 0.31 5.94 17.33

13/07/2023 0.5 0.18 5.23 15.41

4.2. Vertically Integrated Moisture Transport

As mentioned in Section 3.2, the role of VIMT is very crucial in determining the
spatiotemporal evolution of extreme rainfall events, as it governs the large-scale movement
of moisture from the source region to the area of heavy rainfall. Figure 6 provides the
VIMT distribution in the outer domain for all six individual days using the ERA5 data. It
can be observed a strong south-westerly moisture flux from the Arabian Sea, intensifying
from 8 July onwards. The peak moisture transport is observed on 9 July, coinciding with
the highest recorded rainfall in the region. This moisture transport aligns with the active
monsoon phase. The intense northward advection of moisture, particularly along the
monsoon trough axis, suggests the presence of a well-organized monsoon system. This
monsoon system interacts with orographic features and a WD, leading to heavy rainfall
over the region.
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To weigh the aptitude of the WRF model on detecting moisture influx and the as-
sociated dynamics leading to an ERE over Himachal Pradesh, the VIMT was calculated
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from the model simulation that was valid for the outer domain (Figure 7). The model
perceived broad moisture transport patterns similar to Figure 6 and captured the strong
south-westerly inflows from the Arabian Sea and moisture convergence over the western
Himalayan foothills. However, the model showed a slightly higher localized moisture
flux over the Himalayan region, particularly on 9 July. The moisture vectors were also
more pronounced in the WRF analysis. This suggests that the model simulated large-scale
monsoonal moisture transport realistically. From 11 July, both the WRF and ERA5 exhib-
ited a south-eastward retreat of moisture transport, indicating a weakening of this event.
However, slight differences between ERA5 and model simulation remain, with the WRF
indicating more concentrated moisture flux near the foothills, while ERA5 shows more
widespread moisture transport over the Arabian Sea. The overall analysis highlights the
critical role of moisture transport in driving this ERE. Also, this analysis demonstrates
the WRF model’s potential to successfully reproduce the monsoon-driven moisture influx
comparable to ERA5, albeit with slightly stronger local convergence.
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model simulation.

4.3. Vertical Profile of Relative Humidity

The localized or small-scale dynamics of the extreme rainfall event are investigated
using area-averaged time versus pressure levels cross-sections for relative humidity
(RH; Figure 8). The area average is taken over Himachal Pradesh (30◦ N–33.5◦ N and
75.5◦ E–79◦ E). The vertical cross-section allows us to examine the depth of moisture avail-
ability, its vertical transport, and the efficiency of convection on both datasets. The ERA5
dataset (Figure 8a) highlights high RH (>85%) across all pressure levels on the peak days of
ERE, 8 July and 9 July. This suggests the presence of a deeply saturated column, indicating a
strong convective activity and effective vertical transport. The most intense RH is between
800 hPa and 500 hPa, highlighting the role of monsoon dynamics and large-scale moisture
convergence in sustaining deep convection. The rapid increase in RH over the Himalayan
region often leads to cloudburst [76]. During the later phase (11–13 July), a noticeable
drying trend is observed in the mid- and upper troposphere, suggesting a weakening of
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this ERE. This RH trend aligns well with the decreasing rainfall intensity observed in the
MSWEP and IMD datasets.
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The WRF inner domain’s simulated RH cross-section (Figure 8b) captures a broadly
similar RH profile, with high RH values during the ERE in the lower and mid-troposphere.
However, WRF captures a slightly shallower moist layer. Also, the model-simulated RH
values decline more rapidly above 500 hPa, suggesting that the model may be underesti-
mating the depth of convection. Localized pockets of high RH are well captured by WRF.
In contrast to ERA5, WRF exhibits slightly drier conditions in the upper troposphere even
during the peak phase, which may indicate a weaker representation of the deep convective
system and cloud microphysics compared to ERA5. From July 12 onwards, both datasets
indicate a significant reduction in the RH. However, WRF maintains a slightly higher RH
value in lower levels compared to ERA5. This suggests a slower drying-out process in the
boundary layer. Overall, the WRF effectively captures RH variability and saturation trends
but exhibits a notable difference in the upper-level RH representation compared to ERA5.
The slightly shallower moist layer and localized RH maxima suggest a model adjustment
in parameterization and cloud microphysics.

4.4. 700 hPa Daily Geopotential Height and Wind Pattern

The daily geopotential height (shaded; unit: m) and wind flow (vectors; unit: m/s)
from ERA5 and WRF outer domain’s simulations at 700 hPa are shown in Figure 9 to
provide valuable insights into the atmospheric conditions conducive to the ERE. In general,
the simulated geopotential height is slightly lower than the ERA5 counterpart for all days,
but the contours are closely matchable. These marginally lower geopotential heights show
the model’s tendency for a slightly deeper low-pressure system and a more pronounced
trough. For all six days, including the day of peak rainfall intensity (10 July), the reasonably
comparable wind flows from ERA5 and WRF tend to lead to the accumulation of mois-
ture in the lower troposphere, which can enhance the potential for cloud formation and
heavy rains.

4.5. Applications of High-Resolution NWP Models in EREs Disaster Risk Reduction

Extreme rain disaster preparedness is demonstrated using a block diagram in Figure 10.
High-resolution NWP models are pivotal in disaster risk reduction. Reliable and appro-
priate data are fundamental to comprehending the behavior and progression of EREs.
These comprise weather station observations, satellite imagery, and radar observations.
To assess the possible effects and direct decision-making, sophisticated computational
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models analyze the data and generate probabilistic forecasts. For a timely and efficient
response, forecast information must be communicated to the public and the authorities.
All stakeholders should receive warnings and advisories through efficient communication
strategies that utilize multiple channels, such as official websites, social media platforms,
and media broadcasts. Risk assessments, infrastructure resilience plans, public education
campaigns, and the implementation of early warning systems must all be included in
preparedness plans. By putting these tactics into practice, the detrimental effects of EREs
can be mitigated.
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5. Conclusions
This study comprehensively analyzed an extreme rainfall phenomenon over Himachal

Pradesh from 8 to 13 July 2023, using the WRF simulation and reanalysis datasets. The
event was characterized by exceptionally high precipitation, with some regions receiving
more than 400% of their normal rainfall. A combination of synoptic scale and mesoscale
contributed to extreme rainfall, including strong south-westerly moisture transport from
the Arabian Sea, interaction with a mid-latitude WD, and intense orographic lifting. The
WRF model successfully captured the spatial and temporal evolution of extreme rainfall,
with the rainfall peaks aligning well with the observational datasets. However, bias in
rainfall magnitude and spatial distribution was evident, necessitating a multi-faceted
validation approach incorporating various observational and reanalysis datasets.

The comparison of WRF output with MSWEP and IMD rainfall datasets highlighted
the key strengths and limitations of the model. The equitable threat score revealed that WRF
exhibited good skill in capturing moderate rainfall thresholds (10–30 mm). However, at the
extreme rainfall threshold, the ETS values declined significantly. This indicates that WRF
struggled to accurately represent localized heavy rainfall. The MBE analysis suggested
that WRF overestimated the rainfall during the peak phase of the event. The correlation
analysis confirmed that WRF performed well in capturing broad rainfall patterns during
the early phase of the event but struggled in the later stages.

An analysis of VIMT through WRF and ERA5 again exhibited the importance of
the large-scale monsoon flow and its interaction with orographic features. Intense south-
westerly moisture advection across the Arabian Sea and mid-tropospheric convergence
were responsible for continued convection over the region. WRF captured large-scale
transport well, but it depicted more substantial localized moisture convergence than ERA5,
which was most likely responsible for the higher precipitation estimates. The vertical
cross-section of relative humidity (RH) revealed that the event was deep convection driven,
as the RH values were above 85%, up to at least 400 hPa, in both the ERA5 and WRF
datasets. However, WRF revealed a shallower moist layer, which might indicate that the
model slightly underestimated the depth of the convection and possibly the upper-level
moisture transport over land.

The results strongly emphasized the importance of a multi-source validation of the
simulations for extreme events, especially in complex mountainous terrains like the West-
ern Himalayas, where orographic effects, mesoscale interactions, and synoptic-scale drivers
are put together to shape the precipitation pattern. This study underlines the strength of
high-resolution WRF simulations in capturing extreme rainfall but also points to areas
needing further improvement, especially within convective parameterization, microphysics
schemes, and the representation of moisture transport. Future research may explore
ensemble-based modeling approaches and advanced data assimilation techniques to en-
hance model accuracy.

The results have significant implications for sustainable development, particularly in
flood forecasting, infrastructure planning, and disaster preparedness. The identification
of biases in WRF-simulated extreme rainfall highlights the need for calibrated numerical
models in early warning systems to improve lead-time forecasts and enhance disaster
response strategies. High-resolution models, when integrated with hydrological risk
assessments, can aid in dam management, urban drainage planning, and climate-resilient
infrastructure development in landslide-prone regions like Himachal Pradesh. Furthermore,
the collaboration between meteorological agencies and disaster management authorities is
essential to incorporate real-time numerical simulations into flood risk monitoring systems.
Investing in ensemble modeling techniques and machine learning-based bias corrections
can enhance model accuracy, leading to better anticipatory planning for extreme weather
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events. Additionally, localized adaptation strategies, including watershed management,
sustainable land-use planning, and improved flood zoning regulations, can mitigate the
socio-economic impacts of extreme rainfall events. Strengthening the integration of high-
resolution weather models into disaster risk reduction policies will ultimately support
climate resilience and long-term sustainability in vulnerable mountainous regions.
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