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Abstract

Wind is a fundamental driver of wildfire behavior, yet wind–fire relationships remain poorly
characterized in the mountainous regions of South Asia, where ground-based observations
are scarce. This study examines the wildfire in the Suleiman Range of western Pakistan for
May 2022, integrating Moderate Resolution Imaging Spectroradiometer (MODIS) active fire
detection, Landsat-derived burn severity, ECMWF Reanalysis v5 (ERA5) meteorological
data, and Shuttle Radar Topography Mission (SRTM) topography data. Twenty-nine
wildfire-classified detections (Fire Radiative Power, FRP range 6.0–52.1 megawatts (MW))
were analyzed across the Sherani, Musakhel, and Dera Ismail Khan (D.I. Khan) districts
between 18 and 29 May 2022. The ERA5 wind speed at the fire points was moderately
positively correlated with the FRP, although strong collinearity with temperature prevented
the separation of the effects of wind and temperature. The wind direction was highly
consistent throughout the event. Spread events were defined as consecutive detection pairs;
among pairs separated by more than 2 km, four were aligned with the ERA5 downwind
direction. These findings are consistent with synoptic winds broadly contributing to
eastward fire progression, whereas local-scale spread was likely modulated by the terrain-
channeled winds that ERA5 cannot resolve at its ~27 km grid scale. Elevation was strongly
negatively correlated with the FRP. The burn severity analysis indicated that approximately
86 km2 of burn occurred, predominantly at low-to-moderate severity. This integrated
workflow offers a transferable template for characterizing wildfire behavior in data-sparse
mountainous regions.

Keywords: wildfire; Suleiman range; ERA5 reanalysis; fire radiative power; burn severity;
remote sensing; complex terrain

1. Introduction
1.1. Global Perspective on Wildfire Escalation and Climate Feedback

Wildfires have emerged as a dominant force of ecological and atmospheric transforma-
tion, annually affecting between 300 and 400 million hectares of land [1] and increasingly
evolving into “megafires” of unprecedented intensity and duration [2]. The relationship
between wildfire activity and climate change is increasingly recognized as a positive feed-
back loop, in which rising temperatures and prolonged droughts create highly flammable
conditions while resulting in emissions that further accelerate the greenhouse effect [2,3].
This phenomenon is particularly acute in high-altitude and arid regions where vegetation
moisture is low and ecosystem resilience is low [4]. Recent global syntheses such as the
State of Wildfires 2023–2024 report further documenting how the 2023–2024 fire season
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produced record-breaking emissions in Canada, the largest single recorded wildfire in the
European Union (Greece), and widespread fires in western Amazonia, underscoring the
global character of recent fire-regime change [5].

1.2. Regional Vulnerability: Pakistan’s Forest Ecosystem Under Threat

Pakistan faces unique challenges in wildfire management, with limited forest cover
estimated at approximately 4.5% of the total land area [6]. The northern highlands and
western mountainous ranges, including the Hindu Kush and Suleiman ranges, are the
nation’s primary timber and watershed reservoirs, yet they are increasingly besieged by
fire [7,8].

This vulnerability was starkly demonstrated in May 2022, when a wildfire in the
Suleiman range burned for almost two weeks and destroyed an estimated 35% of a UN-
ESCO World Heritage Pinus gerardiana (Chilghoza pine) forest [9,10]. Historically, fire
management in Pakistan has been hampered by a lack of real-time observations and sparse
forest road networks that delay suppression responses [3,8], creating an urgent need for
localized research that identifies the specific drivers of fire behavior in this region [8,11–13].

Recent regional studies have begun to document this growing fire pressure. Multi-
decadal MODIS analyses of the Hindu Kush–Himalaya region revealed that fire frequency
has increased sharply during the past decade, with pronounced pre-monsoon peaks in
March and April [4]. Ground-based assessments of subtropical chir pine forests in northern
Pakistan have characterized vegetation layer-specific severity, revealing that surface and
intermediate-canopy strata are most affected by anthropogenic ignitions during the dry
season [14], whereas machine-learning vulnerability mapping of the same forest type iden-
tifies steep, dry, south-facing slopes as the primary high-risk landscape units [12]. However,
these regional studies have focused almost exclusively on fire occurrence and susceptibility
mapping, with only rare quantitative analyses of wind–fire interactions during specific
high-impact events.

1.3. Meteorological and Topographic Drivers of Fire Behavior

Wind is one of several drivers of fire behavior, alongside fuels and topography, and its
relative role varies across regions and fire events. Wind is widely recognized as a primary
driver of fire spread and is often more critical than temperature alone in determining the ac-
tual behavior of a fire front [15]. Wind-driven fires are characterized by significantly greater
canopy damage and faster rates of spread and can overcome traditional fuel breaks [16],
and in urban-adjacent forests such as Margalla Hills in Islamabad, the direction of the
wind has been shown to influence both the length of the fire front and the deployment of
firefighting assets [15]. The mountainous fire systems of the broader Himalayan region
offer informative comparisons: microlevel analyses in the northwestern Himalayas indicate
that local topography, weather, and human activity jointly govern fire spread [17]. In
the broader Himalayan region, a 2025 analysis of atmospheric conditions during wildfire
events in the Indian Himalayan region of Uttarakhand revealed that the El Niño–Southern
Oscillation and Indian Ocean Dipole phases, together with pre-fire-season precipitation
patterns from western disturbances, were dominant atmospheric drivers of wildfire spread,
whereas the influence of wind speed varied with the prevailing synoptic regime [18]. These
contrasting findings highlight that the role of wind in mountainous fire regimes is event-
and region specific.

Topography modulates fire behavior through elevation, slope, and aspect, which
create microclimates that influence fuel moisture and ignition probability [19,20]. Slope
is a particularly critical factor in fire acceleration, as the preheating of fuels occurs more
rapidly on steeper inclines [20], whereas aspect controls solar exposure and thus fuel
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dryness [4]. Environmental risk assessments in the Palas Valley of Kohistan have shown
that the combination of steep slopes and south-facing aspects creates high-risk zones during
the pre-monsoon season [19]. Understanding these topographical gradients is essential
for identifying high-risk areas, as they dictate the physical constraints within which fires
must operate [21]. However, the practical use of meteorological reanalysis to characterize
wind–fire interactions in such terrain is constrained by spatial resolution. Coarse-resolution
reanalysis products (e.g., ERA5, ~27 km grid) are known to underestimate near-surface
wind speeds by 30–50% in complex terrain and cannot resolve terrain-channeled local
winds [22,23]. This resolution limit has important implications for how reanalysis-based
fire studies should be interpreted in mountainous regions such as the Suleiman Range.

1.4. Synthesis and Study Rationale

Despite the growing global fire literature, integrated analyses combining multispectral
satellite data with reanalysis meteorology and topographic information remain limited in
the Pakistani context [24,25], and the unique topography of western Pakistan in particular
has been underrepresented in regional fire science. The scientific contribution of the
present work is therefore threefold. First, it provides the first integrated, multidataset
characterization of a high-severity wildfire event in the Suleiman Range, a mountainous
subregion that houses Pakistan’s largest Pinus gerardiana reserves. Second, it provides an
explicit workflow by which publicly available satellite and reanalysis data can be combined
to extract event-scale wind–fire metrics—including circular statistics for wind direction
and a noncircular spread-event alignment test—in regions lacking dense ground-based
observations. Third, it confronts the methodological limit of coarse-resolution reanalysis in
topographically complex landscapes, incorporating this limit explicitly into the design and
interpretation of the analysis rather than treating it only as a post hoc caveat.

This study aims to address these gaps by combining satellite remote sensing, burn
severity mapping, and statistical correlation analysis to characterize the influence of wind
on fire spread and intensity. While multiple factors govern wildfire behavior in mountain-
ous terrain, the present study is deliberately scoped as an exploratory case study focused
on wind alongside topography. Our objective is not to construct a multivariate predictive
model but to determine whether measurable wind–fire relationships can be identified from
publicly available datasets in a data-sparse region. Specifically, we address the following
questions: (1) How do the wind speed and direction vary temporally during the event?
(2) What is the relationship between the wind conditions and the FRP? (3) How do the
elevation and slope covary with the FRP? (4) What are the spatial patterns of burn severity,
and how do they relate to wind exposure and forest type? In addressing these questions,
we also examine the methodological implications of using coarse-resolution reanalysis to
characterize fire behavior in topographically complex landscapes—a question of relevance
to fire studies across the broader Hindu Kush–Himalaya region.

2. Study Area
2.1. Geographic Location and Topographical Configuration

This investigation focuses on the rugged mountainous terrains of western Pakistan,
encompassing a significant portion of the Khyber Pakhtunkhwa (KPK) Province and the
northern reaches of Balochistan (Figure 1). This region is geographically defined by its
latitudinal extent from approximately 31◦ N to 37◦ N and a longitudinal span between 70◦ E
and 77◦ E [26,27]. The landscape is dominated by the high mountain chains of the Hindu
Kush and the Western Himalayas, with elevations ranging drastically from low-lying plains
to peaks exceeding 7000 m (m) [26]. Specifically, in the Hindu Kush Himalaya range, the
study sites are located within hilly landscapes where the elevation typically fluctuates
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between 2000 and 5500 m [28]. These areas are characterized by complex Cretaceous and
Tertiary sedimentary strata and deep relief resulting from significant tectonic uplift [29].
The terrain is further complicated by steep slopes and varied aspects, which act as primary
landscape matrices that influence soil age, hydrology, and the eventual structure of plant
communities [30].

Figure 1. Study area map. (A) Pakistan with provincial boundaries. (B) Detail of the Sherani,
Musakhel, and D.I. Khan districts along the Balochistan–KPK border. (C) Wildfire progression
timeline (19–28 May 2022). Fire detections are colored by date: red (19 May), orange (20 May), and
yellow (29 May).

2.2. Climatic Regimes and Meteorological Variability

The climate within the study area is highly diverse, reflecting extreme altitudinal gra-
dients. In the northern highlands, the climate is predominantly temperate to Alpine, while
the southern arid regions of Balochistan experience xeric conditions [28,31]. The tempera-
ture variations are extreme; summer maxima can reach between 35 ◦C and 40 ◦C, whereas
winter minima in high-altitude zones frequently decrease to as low as −15 ◦C [31,32]. Pre-
cipitation patterns are notoriously unpredictable and follow a bimodal distribution, driven
by the South Asian monsoon in summer and the western depression during the winter and
spring [26,33]. Annual rainfall varies significantly by location, ranging from 30–300 mm in
the arid Balochistan province to more than 1200 mm in the more humid Western Himalayan
belts [28,33]. Geostatistical analyses of meteorological stations such as Chitral, Dir, and
Saidu Sharif have highlighted significant annual and monthly variability in these rainfall
trends, which directly affects the fuel moisture content across the region [34].

2.3. Ecological Diversity and Forest Composition

The study area is home to a wide array of terrestrial ecosystems, which are categorized
into distinct forest types on the basis of altitudinal zones and indicator species [35].

These include:
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• Moist temperate forests: when situated between 1600 and 3100 m, these forests are
dominated by conifers such as Kail (Pinus wallichiana), deodar, fir, and spruce [20,36].

• Subtropical pine forests: occupying the 800–1600 m zone, where Chirpine (Pinus
roxburghii) is the dominant species and is often associated with broad-leaved trees
such as Quercus incana and Olea ferruginea [36].

• Dry temperate and xeric woodlands are found in the Koh-e-Safaid and Balochistan
ranges; these feature unique species such as Chilghoza pine and the world’s oldest
Juniper forests (Juniperus excelsa), the latter of which was declared a Biosphere reserve
in 2013 [33,37].

• Alpine scrub and coniferous forests: These areas are prevalent in the highest reaches
of the Kurram Valley and HKH (Hindukush–Karakoram–Himalayas) ranges and are
characterized by Sino-Japanese phytosociological types [37,38].

Collectively, natural vegetation covers approximately 4.8% to 5.1% of Pakistan’s
total land area, with KPK accounting for the highest regional share at approximately
15.6% [39,40].

The wildfire began on 19 May 2022, in the Sherani–Musakhel border region and
spread eastward toward D.I. Khan, persisting until 29 May (Figure 1C). The event affected
approximately 86 km2, providing an opportunity to examine wind–fire interactions in a
data-sparse region where climate projections indicate increasing fire risk.

3. Methods
In this study, an integrated approach combining remote sensing data, meteorological

reanalysis products, topographic information, and statistical analysis was used to inves-
tigate the relationship between wind conditions and wildfire behavior during the May
2022 fire event in western Pakistan. The methodological framework consisted of four main
components: (1) acquisition and processing of satellite-derived fire data, (2) calculation
of burn severity indices, (3) extraction of meteorological and topographic variables, and
(4) statistical analysis of wind–fire relationships. The pre-fire and post-fire normalized
burn ratio (NBR) calculations are shown in Figure 2, and a false-color Landsat composite
highlighting the burn scar is shown in Figure 3.

Figure 2. Pre-fire and post-fire NBR maps derived from Landsat 9 (NIR and SWIR2 bands). The
differentiated NBR (dNBR) was computed from these layers to assess burn severity across the
study area.
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Figure 3. False-color composite (SWIR2–NIR–Red, Bands 7-5-4) from Landsat 9, showing pre-fire
(8 May 2022) and post-fire (9 June 2022) conditions. In this band combination, healthy vegetation
appears bright green, bare soil appears pink to light brown, water bodies appear dark, and recently
burned areas appear in distinctive reddish-brown tones due to elevated SWIR2 reflectance from
charred surfaces.

3.1. Satellite Data Acquisition and Fire Detection

Active fire locations were obtained from the Fire Information for Resource Manage-
ment System (FIRMS), which distributes data from the MODIS sensors aboard NASA’s
Terra and Aqua satellites. We retrieved the complete MODIS Collection 6.1 active fire
archive for the period 19–29 May 2022, covering the full duration of the wildfire event and
the surrounding region (latitudes 24.3–35.8◦ N, longitudes 66.6–75.3◦ E; total of 1921 detec-
tions). The MODIS active fire algorithm identifies thermal anomalies at a spatial resolution
of 1 km using a contextual approach that compares the brightness temperature of a can-
didate pixel with that of neighboring pixels [41]. Each type of fire detection includes the
latitude, longitude, acquisition date and time, FRP, confidence level, and satellite platform.

FRP, measured in MW, represents the rate of radiant energy emitted by the fire and
serves as a reliable proxy for fire intensity and combustion rate [42]. To isolate the May
2022 Suleiman Range wildfire from other fire activities in the region (predominantly low-
confidence detections and agricultural burning across the Indus Plains), we applied a
sequential filtering procedure (Table 1). First, we restricted the archive to a study area
bounding box covering the Sherani, Musakhel, and D.I. Khan districts (31.30–31.80◦ N,
69.85–70.45◦ E), yielding 174 detections. Next, we classified each detection within the study
area using a joint criterion based on confidence, FRP, and temporal persistence at the same
location: detections meeting confidence ≥ 80 and FRP ≥ 10 MW and persistence ≥ 2 days
were classified as wildfire_high, and detections meeting confidence ≥ 70 and FRP ≥ 5 MW
were classified as wildfire_moderate. The detections for which the confidence was ≥50 and
the FRP was <10 MW were treated as agricultural burns, and those for which the confidence
was lower were excluded. The final wildfire-classified dataset included 29 detections
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(14 wildfire_high + 15 wildfire_moderate), which were used for all subsequent wind–
fire analyses.

Table 1. Sequential filtering criteria applied to the MODIS Collection 6.1 active fire archive (19–29
May 2022).

Step Criterion Threshold Detections
Retained Rationale

1 Raw MODIS C6.1 detections,
18–29 May 2022 None 1921

All thermal anomalies
detected by FIRMS in the

wider region [43]

2 Study area bounding box 31.30–31.80◦ N,
69.85–70.45◦ E 174

Restrict to
Sherani/Musakhel/D.I.

Khan districts

3
Wildfire classification: confidence
≥ 80 AND FRP ≥ 10 MW AND

persistence ≥ 2 days
All criteria satisfied 14

High-confidence, intense,
persistent detections

(wildfire_high)

4 Wildfire classification: confidence
≥ 70 AND FRP ≥ 5 MW All criteria satisfied 15

Nominal-to-high
confidence, moderate-FRP

detections
(wildfire_moderate)

5 Final wildfire-classified detections All criteria satisfied 29 Used for all wind–fire and
topographic analyses

The detections meeting the persistence criterion (≥2 days) or the FRP criterion (≥10 MW) were retained as
wildfire points.

3.2. Assessment of Burn Severity Using NBR and dNBR

To quantify the ecological impact of the wildfire and assess spatial patterns of burn
severity, we utilized Landsat 9 Operational Land Imager (OLI-2) imagery acquired before
and after the fire event. Pre-fire imagery was obtained for 8 May 2022 (path 152, row 038),
whereas post-fire imagery was acquired on 9 June 2022 (path 152, row 038), ensuring
minimal cloud cover and consistent acquisition geometry.

The NBR was calculated using the near-infrared (NIR) and shortwave infrared (SWIR)
bands, which are sensitive to vegetation health and burn scar detection, respectively. The
NBR is defined as follows (Equation (1)):

NBR =
ρNIR − ρSWIR
ρNIR + ρSWIR

(1)

where ρNIR represents the reflectance in the near-infrared band (Band 5 for Landsat
8/9, 0.85–0.88 µm) and ρSWIR represents the reflectance in the shortwave infrared band
(Band 7, 2.11–2.29 µm). Healthy, photosynthetically active vegetation has high NBR values
(typically >0.4), whereas burned areas have significantly lower NBR values because of
decreased NIR reflectance and increased SWIR reflectance [44].

The dNBR was computed by subtracting the pre-fire NBR from the post-fire NBR
(Equation (2)):

dNBR = NBRpre-fire − NBRpost-fire (2)

dNBR values provide a continuous measure of burn severity, with higher positive
values indicating more severe burning. Following standard classification approaches [44],
we categorized dNBR values into four severity classes: low severity (dNBR 0.1–0.27),
moderate severity (0.27–0.44), high severity (0.44–0.66), and severe (>0.66). Unburned areas
where dNBR values fell below 0.1 were classified. All NBR and dNBR calculations were
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performed in QGIS 3.28 using the native raster calculator, and burned area polygons and
shapefiles were made in Python (3.12.0) using the rasterio and numpy libraries, with final
visualization and map production completed in ArcGIS 10.8.

3.3. Land Cover Classification

Land cover information was derived from the European Space Agency’s WorldCover
10 m resolution product for 2021, which provides global land cover mapping with 11 classes.
For this study, we aggregated the original classes into two broad categories: vegetated
(including trees, shrubs, grassland, and cropland) and non-vegetated (barren land, rock,
and urban areas). This classification was used only to filter FIRMS fire points, excluding
detections occurring on non-burnable land cover types such as barren land and urban
areas. This step ensured that only fire points with available fuel were retained for analysis
(Figure 4).

Figure 4. Spatial distribution of MODIS active fire points and burned areas with pre-fire and post-fire
vegetation conditions. The main map shows wildfire-classified fire points (red circles) overlaid on
the burned area boundary (black outline). Insets (a), (b), and (c) show the three district-level burned
area (Sherani, Musakhel, and D.I. Khan, respectively). Panels (a1), (b1), and (c1) present zoomed
views of the pre-fire vegetation conditions (8 May 2022), and panels (a2), (b2), (c2) show the post-fire
vegetation conditions (9 June 2022) for the corresponding districts, illustrating vegetation greenness
before and after the fire.

The spatial relationships between the number of active fires detected by the MODIS
and changes in vegetation before and after the fire are shown in Figure 4. The main panel
shows wildfire-classified fire points (red circles) distributed across the three districts, with
the highest concentrations in Sherani and Musakhel. The black outline represents the
86 km2 burned area derived from the dNBR analysis. The three inset panels (1, 2, and 3)
present the pre-fire and post-fire vegetation conditions for all three burned areas. In the pre-
fire images, healthy vegetation appears green, while post-fire images reveal the burn scar
as a reddish tone. This visual comparison reveals that the fire points fall within areas that
experienced significant vegetation change, validating the results of the MODIS detection
and dNBR classification.

3.4. Topographic Data

Topographic variables were derived from the NASA SRTM digital elevation model
(DEM) at 30 m spatial resolution [45]. We downloaded the SRTM tile covering the study
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area, which spans latitudes 31◦ N to 32◦ N and longitudes 69◦ E to 70◦ E. Elevation values
were extracted for each fire location using bilinear interpolation. Slope was calculated from
the DEM using 3 × 3 moving window algorithms, which estimate the maximum rate of
change in elevation between a central pixel and its neighboring cells [46].

To focus the analysis on the extent of the burned area, we clipped both the eleva-
tion and slope rasters to the burned area polygon derived from the dNBR. The resulting
elevation and slope maps, zoomed to the 86 km2 fire footprint, are shown in Figure 5.

Figure 5. Zoomed analysis of the 86 km2 fire footprint. The main panel show: (A) burned area
classification (low: green–yellow; moderate: orange–red; high: dark red); (B) SRTM-derived elevation
(30 m resolution); (C) Slope map (degrees) derived from the DEM. The right-side insects (A1–A3),
(B1–B3), and (C1–C3) show zoomed views of the Sherani, Musakhel, and D.I.Khan districts for burn
severity, elevation, and slope respectively. All panel are clipped to the fire boundary. Color ramps for
each variable are shown in the respective legends.

3.5. Meteorological Data Extraction

Wind speed, direction, temperature, and humidity data were obtained from the Eu-
ropean Centre for Medium-Range Weather Forecasts (ECMWF) ERA5 reanalysis product,
which provides hourly global atmospheric data at 0.25◦ × 0.25◦ spatial resolution (approxi-
mately 27.8 km at the equator). ERA5 combines model simulations with observational data
to generate consistent, high-quality atmospheric estimates [46]. For the study period (18–29
May 2022), we extracted 10 m u and v wind components (u10 and v10), 2 m temperature
(t2m), and 2 m dewpoint temperature (d2m).

The wind speed was then calculated using the Euclidean norm of the u and v compo-
nents (Equation (3)).

WS =
√

u2 + v2 (3)

The wind direction, measured in degrees clockwise from north, was computed as
follows (Equation (4)):

WD =

(
180
π

× arctan2(u, v)
)

mod360 (4)

For each active fire detection event, we extracted the nearest ERA5 grid cell in both
space and time. The temperature was converted from Kelvin to Celsius. Relative humidity
was estimated from the temperature and dewpoint using the Magnus formula.
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Daily wind maps for the study period are shown in Figure 6. Hourly variations in
meteorological conditions are presented in the meteogram (Figure 7), where the red vertical
lines indicate the MODIS detection times.

Figure 6. Daily wind speed (color gradient, m/s) and direction (red arrows) from ERA5 for 17–22
May 2022. The black outlines show district boundaries. The wind direction is shown as vectors
pointing downwind.

Figure 7. Hourly meteogram at the center of the burned area (31.55◦ N, 70.10◦ E) for 18–29 May 2022.
(a) Wind speed (blue line) with FRP detections (red dots). (b) Wind direction (green line); circular
mean 298.7◦ (red dashed line). (c) Temperature. (d) Relative humidity.
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3.6. Analysis of the Fire Spread Direction

To examine whether the observed fire progression was consistent with the prevailing
wind direction, we identified spread events from the temporal sequence of MODIS active
fire detections following the general approach of Parks (2014) [47]. A spread event was
defined as any pair of consecutive MODIS fire detections ordered by acquisition date,
independent of their geographic bearing relative to the wind direction. This definition
deliberately avoids pre-filtering by directional alignment, which renders any subsequent
test of the wind-spread agreement circular.

For each pair, we computed (i) the great circle bearing from the earlier detection to the
later detection (the observed spread direction) and (ii) the predicted downwind direction
as the ERA5 wind-from direction at the time of the earlier detection plus 180◦. An event
was classified as “aligned with the prevailing wind” if the absolute angular difference
between the observed bearing and predicted downwind direction was less than 45◦. This
45◦ tolerance accounts for the combined MODIS geolocation uncertainty (~1 km) and ERA5
wind direction uncertainty (~10–15◦).

A total of 28 spread events were identified from the 29 wildfire-classified fire detections.
The daily progression of the fire is illustrated in Figure 8. The statistical significance of the
alignment rate was assessed using a one-sided binomial test against the null hypothesis
that alignment occurs at chance level (here taken as 25%, corresponding to a 90◦ aligned
arc out of 360◦).

Figure 8. Fire progression map. MODIS detections are colored by date: red (19 May), orange (20 May),
and yellow (28 May). The fire spread from the Sherani–Musakhel border (19–20 May) east to D.I.
Khan (28 May). District boundaries are in black.

3.7. Statistical Analysis

Pearson correlation analysis was performed to quantify the relationships between
the FRP and selected environmental variables, including the wind speed, wind direction,
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temperature, relative humidity, elevation, slope, and NDVI. Correlation coefficients were
used to assess the strength and direction of linear associations among the variables, and the
results were visualized using a correlation matrix. All the statistical tests were two-tailed,
with α = 0.05.

The wind direction data were analyzed using circular statistics. The circular mean
and circular standard deviation were calculated following established methods [48]. The
distribution of the wind directions was visualized to examine the prevailing wind patterns
during the study period, and the per-point wind vectors at each fire detection were mapped
spatially to examine the wind direction in relation to the fire points.

The relationship between the wind speed and fire intensity was further explored using
scatter plot analysis. All the statistical analyses were implemented in Python (3.12.0) using
the pandas, numpy, scipy, and matplotlib libraries.

4. Results
The results of this study provide a comprehensive characterization of the May 2022

wildfire event in western Pakistan, with particular emphasis on the relationships between
wind conditions and fire behavior. Our analysis integrates active fire detection, burn sever-
ity mapping, wind field visualization, and statistical correlation to elucidate the drivers
of fire intensity and spread patterns. The findings are organized into five subsections:
(1) temporal dynamics of fire activity and wind conditions, (2) spatial patterns of burn
severity, (3) wind direction analysis, (4) statistical relationships between environmental
variables and fire intensity, and (5) fire spread analysis.

4.1. Temporal Dynamics of Fire Activity and Wind Conditions

The 29 wildfire-classified MODIS detections were distributed unevenly across three
days of activity: 19 May (n = 4), 20 May (n = 24), and 28 May (n = 1), with no high-
confidence detections from 21–27 May (Figure 9). The daily mean FRP increased during
the event: 12.0 MW on 19 May, 17.9 MW on 20 May, and 52.1 MW from the single 28 May
detection in D.I. Khan. The daily mean ERA5 wind speed similarly increased from 0.71 m/s
on 19 May to 1.69 m/s on 20 May and 2.58 m/s on 28 May (overall range 0.42–2.58 m/s;
mean ± SD: 1.59 ± 0.46 m/s). The 2 m air temperature ranged from 23.0 ◦C to 39.5 ◦C (mean
29.5 ± 2.9 ◦C), and the relative humidity ranged from 9.9% to 26.2% (mean 13.1 ± 4.7%),
indicating consistently dry conditions characteristic of the pre-monsoon period in this
region. The prolonged event led to intensified suppression efforts by national and provincial
agencies during its later stages [49,50].

4.2. Spatial Patterns of Burn Severity

dNBR analysis revealed spatial patterns of burn severity across the study area
(Figure 5). The total burned area was estimated at approximately 86 km2, with severity
classes distributed as low severity (dNBR 0.10–0.27) accounting for 23.2 km2 (26.9% of the
burned area), moderate severity (0.27–0.44) for 59.9 km2 (69.5%), high-severity (0.44–0.66)
accounting for 2.8 km2 (3.3%), and severe (>0.66) accounting for 0.3 km2 (0.3%) (Table 2).
The few high-severity patches were located in the mountainous terrain of the Sherani
district, where steep slopes and continuous vegetation cover are expected to support more
intense fire behavior on a localized basis.

The 29 wildfire-classified MODIS detections (Section 3.1) were distributed across
the study area with a strong temporal and elevational structure. Four detections on
19 May 2022 occurred in a tight cluster on the Sherani–Musakhel border at elevations
of 2701–2886 m (mean 2749 m), with FRP values of 7.5–16.8 MW. The bulk of the dataset
(24 detections) occurred on 20 May 2022, spanning a broader elevation range of 1981–2914 m
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(mean 2540 m) and an FRP range of 6.0–43.8 MW; these detections extended southward
toward the Musakhel district boundary while remaining within the highlands. The final
detection on 28 May 2022 occurred in D.I. Khan district at a substantially lower elevation
of 235 m, with the highest FRP of the event (52.1 MW). This downslope progression
across the fire timeline—from highland forest detection (19–20 May) to lower-elevation
grassland detection (28 May)—produced the negative elevation–FRP correlation reported
in Section 4.4, with the highest fire intensity associated with the lower-elevation grassland
fuel rather than with the higher-elevation forest cover.

Figure 9. Temporal trends in mean ERA5 wind speed (blue line, left axis) and daily maximum
FRP (bars, right axis) at fire detection points during 19–28 May 2022. The bars are colored on a
dark-to-light yellow gradient, with darker yellow representing higher FRP values and lighter yellow
representing lower FRP values. Both wind speed and maximum FRP increase from 19 May to 28
May 2022.

Table 2. Burn severity classification of the May 2022 wildfire in the Sherani, Musakhel, and D.I. Khan
districts, derived from Landsat 9 dNBR analysis.

Severity Class dNBR Range Area (km2) Percentage

Low 0.10–0.27 23.2 26.9%
Moderate 0.27–0.44 59.9 69.5%

High 0.44–0.66 2.8 3.3%
Severe >0.66 0.3 0.3%

Total Burned 86.2 100%

4.3. Wind Direction Analysis

The ERA5 wind direction at fire detection locations was highly consistent throughout
the event, with the majority of observations concentrated between 280◦ and 340◦ (Figure 10).
The circular mean wind direction across all 29 wildfire detections was 298.7◦, with a circular
standard deviation of 23.3◦, corresponding to winds blowing from the west–northwest
toward the east–southeast. This low directional variability, spanning ten days of the event,
indicates persistent synoptic-scale flow during the pre-monsoon period.

The per-point wind vectors for each fire detection are shown in Figure 11. The arrows
depict the ERA5 wind direction at the date and time of each MODIS detection, with
the arrow length fixed for visual consistency; marker size and color encode the FRP at
each point. The single highest-FRP detection (52.1 MW) on 28 May 2022 occurred in the
lower-elevation D.I. Khan area, whereas a tight cluster of moderate-FRP detections on
19–20 May 2022 (6.0–28.5 MW) occurred in the higher-elevation Sherani–Musakhel border
region. The relationship between this consistent west–northwesterly wind direction and the
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observed fire progression (Figure 8) is examined quantitatively in Section 4.5 and discussed
in Section 5.1.

Figure 10. Distribution of ERA5 wind-from direction at the 29 wildfire detection points. The histogram
shows a unimodal pattern centered near 299◦ (west–northwesterly flow). Circular mean = 298.7◦

(vertical dashed line); circular standard deviation = 23.3◦.

Figure 11. Spatial distribution of 29 wildfire detections. The marker size and color indicate the FRP
(MW, range 6.0–52.1). The arrows show the ERA5 wind direction (downwind) at each detection time;
the arrow length is fixed for visual consistency. The highest-FRP detection (52.1 MW) occurred on 28
May in D.I. Khan (upper right).

The directional variability of the wind, quantified by the circular standard deviation
(23.3◦), was at the lower end of the values typically reported for complex terrain (often
30–50◦) [48]. This consistency indicates that during the May 2022 event, the synoptic flow
was dominant at the ~27 km scale of ERA5; however, as discussed in Sections 4.5 and 5.1,
the alignment between the ERA5 downwind direction and the observed direction of fire
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spread was only partial at the spread-event scale. We attribute this partial alignment to the
inability of coarse-resolution reanalysis to resolve terrain-channelled near-surface winds in
this complex landscape.

4.4. Statistical Relationships Between Environmental Variables

Correlation analysis revealed several statistically significant associations between
environmental variables and the FRP (Figure 12). The ERA5 wind speed at the fire detection
points was moderately positively correlated with the FRP (r = +0.51; p = 0.005; n = 29),
indicating that higher wind speeds tended to coincide with higher FRPs during the event.
The temperature exhibited a comparable positive correlation with the FRP (r = +0.63,
p < 0.001), and the two meteorological predictors were strongly collinear (wind speed vs.
temperature: r = +0.86, p < 0.001). This collinearity precludes the statistical attribution of
an independent wind-speed effect on the FRP from this dataset alone: both the wind speed
and temperature increased from 19 May to 28 May, so any apparent wind–FRP association
partly reflects temperature-driven changes in fuel dryness, and vice versa. We therefore
interpret the wind speed–FRP correlation descriptively as a feature of this single fire event
rather than as causal evidence.

 

Figure 12. Pearson correlation matrix among the FRP and environmental variables (n = 29). Both the
elevation and the wind direction strongly and negatively correlated with the FRP (r = −0.70 each).
The wind speed is moderately correlated with the FRP (r = +0.51) but strongly collinear with the
temperature (r = +0.86), preventing independent attribution.

Topographic variables showed substantially stronger associations with the FRP than
with the wind speed did. Elevation correlated negatively with FRP (r = −0.70, p < 0.001),
with the single highest-FRP detection (52.1 MW) occurring at 235 m in the lower-elevation
D.I. Khan area, whereas higher-elevation Sherani–Musakhel forest detections (2500–2900 m)
produced lower-FRP values (6.0–28.5 MW). Slope showed a weaker negative correlation
with the FRP (r = −0.33, p = 0.081) at the threshold of conventional statistical significance.
The NDVI essentially showed no linear relationship with the FRP (r = −0.03, p = 0.88), and
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the relative humidity also showed a weak, non-significant negative association (r = −0.18,
p = 0.35).

The bivariate relationship between the wind speed and FRP, color-coded by elevation,
is shown in Figure 13. Visualization reveals that the wind speed and elevation are inversely
structured within the dataset: most low-elevation points (D.I. Khan plains) occur at the
highest wind speeds, whereas most high-elevation points (Sherani–Musakhel highlands)
occur at lower wind speeds. This co-variation, combined with the small sample size,
limits the strength of inferences drawn from these correlations and emphasizes the need for
multievent or multi-season datasets to disentangle the relative contributions of meteorology,
topography, and fuel structure.

Figure 13. Scatter plot of ERA5 wind speed versus FRP at 29 detection points. The marker color
indicates the elevation (m). The dashed line shows the linear regression (r = +0.51, p = 0.005). The
apparent wind speed effect is confounded by the inverse relationship between elevation and wind
speed within the dataset.

4.5. Fire Spread Analysis

Spread events were defined as all 28 consecutive MODIS detection pairs in the tempo-
rally ordered fire dataset (n = 29 detections, 19–28 May 2022), with no pre-selection based
on the wind direction or geographic relationship. For each pair, the geographic bearing
from the earlier detection to the later detection was computed and compared with the ERA5
downwind direction at the earlier point (wind-from direction + 180◦). A spread event was
considered aligned with the synoptic wind when the angular difference fell within ±45◦ of
the downwind direction.

Among all 28 pairs, six (21.4%) aligned with the ERA5 downwind direction within
±45◦ (Table 3). However, 24 of the 29 detections occurred on a single day (20 May 2022)
in close spatial proximity. Many same-day pairs represent sequential MODIS samples of
an active fire front rather than discrete spread events. To restrict the analysis to spread
events at distances exceeding the MODIS 1 km nominal pixel resolution, we re-evaluated
alignment using only pairs separated by ≥2 km. Among these eight pairs, four (50.0%)
aligned with the ERA5 downwind direction within ±45◦, which is well above the 25%
baseline expected by chance under a ±45◦ tolerance.
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Table 3. Summary of fire spread alignment analysis. Spread events are defined as consecutive MODIS
detection pairs in temporal order; the angular difference is computed between the observed bearing
and the ERA5 downwind direction at the earlier point. The chance-only alignment rate under a ±45◦

tolerance is 25%.

Filter Pairs
(n)

Aligned Within
±45◦

Alignment Rate
(%)

All consecutive pairs 28 6 21.4
Pairs separated by ≥2 km (primary) 8 4 50.0

Pairs separated by ≥5 km 3 1 33.3
Between-day pairs only 2 1 50.0

The geographic axis of fire progression (Figure 8)—from the Sherani–Musakhel border
region on 19–20 May to D.I. Khan on 28 May—corresponds to a generally eastward direction
of advance. The ERA5 circular mean wind direction during this period (298.7◦, equivalent
to a downwind direction of 118.7◦) was likewise oriented east–southeast. These findings
indicate that the synoptic-scale wind direction broadly contributed to the observed eastward
fire progression. The 50% point-by-point alignment rate, while above chance, is well below
what would be expected if the synoptic winds fully governed the fire-front direction. We
interpret this partial alignment as consistent with the documented limitations of coarse-
resolution reanalysis in topographically complex landscapes: the ~27 km grid resolution of
ERA5 cannot capture the terrain-channeled near-surface winds that determine the precise
direction of fire front propagation at sub-grid scales [22,23].

5. Discussion
The results of this study provide a critical characterization of wind–fire dynamics in

the complex terrains of western Pakistan, emphasizing the synergistic effects of meteoro-
logical forcing and topographic constraints. Our integrated remote sensing and statistical
approach reveals a hierarchical control on fire behavior, with topographic factors exerting
the strongest individual influence, followed by wind speed and direction.

5.1. Wind–Fire Relationships and the Limits of Reanalysis in Complex Terrain

The temporal co-occurrence of higher ERA5 wind speeds and elevated FRP across
the 19–28 May 2022 study period is consistent with the well-established theoretical role of
wind in modulating fire spread and combustion rates [51]. However, three factors constrain
the interpretation of this case. First, the Pearson correlation between the wind speed and
FRP across the 29 wildfire detections (r = +0.51, p = 0.005) is statistically significant and
stronger than that commonly reported in single-event studies. However, the small sample
size and the concentration of 24 of 29 detections on a single day (20 May) limit the statistical
power of this estimate. We therefore treat the correlation as descriptive of this event rather
than as inferential evidence of a general relationship between wind speed and intensity.
Second, the wind speed and 2 m temperature were strongly collinear across the short study
period (r = +0.86, p < 0.001), reflecting coincident temporal trends from 19 May to 28 May.
This collinearity prevents the statistical separation of the independent effects of wind and
temperature on the FRP within this dataset. Third, the FRP itself is an instantaneous
satellite-derived radiative quantity influenced by overpass time, the flaming area within
a 1 km MODIS pixel, view geometry, and intervening smoke or cloud; therefore, it is not
equivalent to fireline intensity in terms of operational fire behavior [42]. Any inference
from the FRP to the combustion energetics must accommodate these measurement limits.
FRP is therefore not equivalent to fireline intensity as defined in operational fire behavior
frameworks [42].
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Wind direction analysis offers a more nuanced interpretive frame. The ERA5 wind
direction at the 29 fire points was highly consistent throughout the event (circular mean
298.7◦, circular standard deviation 23.3◦), indicating persistent west–northwesterly synoptic
flow with a corresponding downwind direction toward the east–southeast (118.7◦). The
observed fire progression—from the Sherani–Musakhel border region (19–20 May) to D.I.
Khan (28 May)—occurred in a generally eastward direction, broadly compatible with this
synoptic downwind axis. Quantitatively, 4 of the 8 spread events at distances exceeding
2 km (50.0%) aligned with the ERA5 downwind direction within ±45◦—well above the
25% baseline expected by chance—and supported the interpretation that the synoptic wind
direction contributed to the overall direction of fire advance.

However, the alignment is partial rather than complete, and the point-by-point fit
between individual MODIS detection bearings and ERA5 downwind directions is weaker
than would be expected if synoptic winds fully governed fire front propagation. This partial
alignment suggests that ERA5 (~27 km grid resolution) cannot resolve the near-surface
winds that actually advect the fire front in complex terrain. In topographically complex
landscapes, near-surface winds are strongly modified by sub-grid features: valleys channel
flow, ridges accelerate or block it, and diurnal heating generates upslope and downslope
flows that are absent from synoptic-scale reanalysis [22,23]. The Suleiman Range, with its
steep relief and approximately north–south ridge–valley system, is the kind of landscape in
which such channeled flows are expected to dominate the local wind field. ERA5 therefore
describes the synoptic context (broad west–northwest-to-east–southeast (WNW-to-ESE)
flow toward the Indus Plains) but not the fire-driving local wind at the spread-event scale.
This interpretation is consistent with prior work reporting that ERA5 underestimates near-
surface wind speeds by 30–50% in mountainous environments and poorly resolves diurnal
and terrain-induced wind variability [22,23].

The methodological implication for fire studies in data-sparse complex terrains is
that coarse reanalysis wind directions can be used to characterize the synoptic context
of a fire event. However, it should not be relied upon as a stand-alone predictor of
the fire-front direction at sub-daily, sub-grid scales without supporting higher-resolution
wind information or explicit topographic wind modeling. Dense ground-based weather
observations are unavailable in the Suleiman Range and much of the broader Hindu Kush–
Himalaya region. In their absence, research-grade dynamical downscaling, mesoscale
weather models, or networks of inexpensive surface wind sensors would substantially
strengthen wind–fire characterization in future studies.

5.2. Topographic Associations with Fire Intensity

In the present dataset, topographic variables showed substantially stronger associa-
tions with the FRP than with the wind speed. Elevation correlated negatively with FRP
(r = −0.70, p < 0.001), and slope showed a weaker negative association at the threshold of
statistical significance (r = −0.33, p = 0.081). The Sherani–Musakhel–D.I. Khan study area
spans a broad topographic gradient from the Indus piedmont in the east to the Suleiman
Range crest in the west, with elevations ranging from 148 m to 3137 m and slopes ranging
from 0◦ to 43◦ (Figure 5). The 29 wildfire-classified detections sampled this topographic
gradient unevenly. Twenty-eight detections occurred in the Sherani–Musakhel highland
cluster at elevations of 1981–2914 m (FRP 6.0–43.8 MW, mean 17.1 MW), and a single
late-event detection on 28 May 2022 occurred at 235 m in the D.I. Khan piedmont, which
produced the highest individual FRP of the event (52.1 MW).

This contrast—high-FRP grassland at low elevation versus moderate-FRP forest at
high elevation—is consistent with documented differences in fuel characteristics across
the elevation gradient. The lower-elevation Indus piedmont supports fine, cured, well-
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aerated grass and shrub fuels that ignite readily and burn rapidly during the pre-monsoon
period when the degree of grass curing typically exceeds 80%. Such fuels are known to
support high instantaneous FRP values at the MODIS 1 km scale [42]. In contrast, the
Chilghoza pine forests of the Sherani–Musakhel highlands provide larger total fuel loads
but coarser woody fuels with higher fuel moisture, tending to produce lower per-pixel FRP
even when the total energy release is large [20,37]. This interpretation is also consistent
with the predominance of low- and moderate-severity burning documented by the dNBR
analysis (Figure 5), which indicates that the bulk of the burned area experienced surface
fire behavior rather than crown fire behavior.

The slope–FRP association in this dataset (r = −0.33, p = 0.081) is weak and at the
threshold of conventional significance. Slope effects on the fire spread rate and preheating
are well established at the within-event scale [52], but the present dataset cannot isolate
these effects from co-varying changes in elevation, fuel type, and wind exposure. As with
the elevation correlation, the slope–FRP association reflects the spatial juxtaposition of two
distinct landscape units—the steep highland interior of Sherani–Musakhel and the gentler
piedmont of D.I. Khan—rather than a continuous physical mechanism operating across
the dataset.

Comparisons with regional studies underscore the importance of fuel structure along-
side topography. Studies in the plateau regions of Yunnan and the mountains of northern
Morocco have identified elevation and slope as dominant spatial controls of fire occurrence,
with topographic variables outperforming meteorological variables in explaining where
fires occur [16,21]. Our findings are consistent with this body of work in identifying to-
pography as a key co-variate of fire intensity. However, they reported that the direction of
the elevation–FRP relationship can reverse when the elevation gradient corresponds to a
transition between forest and grassland fuel types. In future work, joint analyses of eleva-
tion, slope, and explicit fuel-type classification (e.g., ESA WorldCover or field-based fuel
mapping) across multiple events would be needed to separate these effects systematically.

5.3. Ecological Implications of Burn Severity Patterns

The burn severity analysis revealed that the May 2022 wildfire was overwhelmingly
low to moderate in severity. Low-severity burns covered 23.2 km2 (26.9% of the burned
area), moderate-severity burns covered 59.9 km2 (69.5%), and high-severity and severe
burns were limited, covering 2.8 km2 (3.3%) and 0.3 km2 (0.3%), respectively (Table 2). The
predominance of low- and moderate-severity burning has important ecological implications
for the Chilghoza pine forests of the Sherani district. This species is adapted to low-intensity
surface fires, which can reduce understory competition and promote regeneration without
causing canopy mortality [10,53]. The severity pattern observed here suggests that the
bulk of the fire consumed grass, shrub, and litter layers rather than the forest canopy.
This is consistent with surface fire behavior in the highland forest interior and the rapid
combustion of fine fuels at the lower-elevation margins.

However, the combination of steep terrain (slopes up to 43◦), persistent west–
northwesterly winds, and continuous fuel availability across the highland forest creates
conditions that could support more intense fire behavior. Drier or windier circumstances
would likely amplify this risk. The limited but existing high-severity patches (2.8 km2,
3.3% of the burned area) serve as a reminder that risk remains, particularly in years with
extended pre-monsoon dry periods or anomalously low fuel moisture. Recent vulnerability
assessments of subtropical pine forests in Pakistan have suggested that such high-risk
zones may benefit from spatially targeted fire prevention strategies, including fuel breaks,
fuel-load monitoring, and early warning systems [12].
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5.4. Comparison with Regional Fire Regimes

The May 2022 event in western Pakistan differs from fire regimes reported in other
parts of the country. In Margalla Hills, fires are typically smaller in area but more frequent
and are driven by a combination of human ignitions and seasonal drought [17,54]. In the
Hindu Kush region of northern Pakistan, fires are often constrained by higher elevations
and lower temperatures, with shorter fire seasons and lower FRP values [20,30]. In contrast,
the Suleiman Range experiences a more arid pre-monsoon climate with prolonged dry peri-
ods, which may enable larger fires when ignition occurs under favorable wind conditions,
as suggested by the May 2022 event.

Previous research on Margalla Hills fires reported that the average quarterly mean
wind speed correlated with the daily severity rating of forest fires [17]. The present case
study identifies a similar positive association between the ERA5 wind speed and the FRP
(r = +0.51, p = 0.005). However, as noted in earlier sections, the near-complete collinearity
between the wind speed and 2 m temperature in this dataset (r = +0.86) prevents the
independent attribution of a wind-speed effect. The present results should be regarded as
broadly consistent with Margalla Hills’ findings rather than as independent confirmation.
Studies in the neighboring Hindu Kush region have identified slope and elevation as
primary controls on fire occurrence patterns [11,19], which is consistent with our finding
that topographic variables exhibited the strongest individual associations with the FRP
during this event. Comparable satellite-based dNBR analyses across the Indian Himalayas
have likewise documented long-term increases in burned area linked to land surface
temperature, pre-fire soil moisture, and vegetation conditions, demonstrating the wider
regional applicability of remote-sensing-based burn severity mapping in mountainous
South Asia [55].

5.5. Implications for Fire Monitoring in Data-Sparse Mountain Regions

The findings of this exploratory case study point toward several considerations for
fire monitoring and research priorities in the Suleiman Range and other data-sparse moun-
tainous regions, rather than prescriptive operational recommendations that the present
analysis cannot fully support.

First, the substantial mismatch between the ERA5 wind direction and observed fire
progression highlights the need for higher-resolution wind information in fire studies of
complex terrain. Coarse-resolution reanalysis can provide useful synoptic context, but it
should not be used as a stand-alone basis for predicting fire spread in topographically com-
plex landscapes. Where feasible, dynamical downscaling of reanalysis to a few-kilometer
grid (e.g., WRF), assimilation of available station observations, or simpler topographic wind
models can substantially improve representation of the near-surface wind field that fire
fronts actually experience [22,23]. In regions such as the Suleiman Range, where surface-
based meteorological stations are sparse, even a small number of well-sited automatic
weather stations on representative ridges and valleys would meaningfully constrain the
local wind field.

Second, monitoring of pre-monsoon fire activity in the Suleiman Range and adjacent
Hindu Kush regions remains valuable despite data limitations. The May 2022 event burned
approximately 86 km2, predominantly at low to moderate severity, and affected ecologically
and economically significant Chilghoza pine stands at mid-elevations. Continued multi-
sensor surveillance combining MODIS and VIIRS active fire detections with periodic
Landsat or Sentinel-2 burn severity mapping is appropriate for detecting and documenting
such events, particularly given limited ground access during active fire periods.

Third, future fire risk and management planning in the region would benefit from
integrating satellite observations with fuel condition indicators (e.g., live and dead fuel

https://doi.org/10.3390/fire9070283

https://doi.org/10.3390/fire9070283


Fire 2026, 9, 283 21 of 26

moisture proxies, NDVI departures from seasonal climatology), socioeconomic information
on ignition sources, and—where possible—operational-grade meteorological forecasts.
Investment in regional early warning capability, which builds on existing efforts in the
broader Hindu Kush Himalaya region [56], offers a more promising path than reliance on
any single data source does. Specific recommendations for fuel management, prescribed
burning, or fuel-break placement in particular elevation bands or forest types would require
dedicated field-based fire behavior and fuel load studies that the present case study cannot
substitute for.

5.6. Limitations and Future Work

This study has several limitations. First, the four datasets used in this analysis have
markedly different native resolutions (MODIS 1 km, Landsat 30 m, ERA5 ~27 km, and
MOD13Q1 NDVI 250 m), introducing unquantified uncertainty when comparing grid-
averaged ERA5 winds with sub-kilometer fire-front behavior. MODIS-active fire detections
(1 km resolution) cannot capture fine-scale fire dynamics, whereas ERA5 (~27 km resolution)
smooths local topographic effects on wind patterns and is known to underestimate near-
surface wind speeds in complex terrain by approximately 30–50% [22,23]. Our reported
wind speeds at fire points (0.42–2.58 m/s) should therefore be interpreted as conserva-
tive estimates of the actual near-surface flow. Ground-based observations from Pakistan
Meteorological Department stations were not available for the fire period, preventing a
quantitative bias assessment against in situ measurements. Consequently, the wind speeds
reported here (0.42–2.58 m/s) should be interpreted as lower-bound estimates.

Second, the fire event was relatively short in duration (11 days). The total of 29 wildfire-
classified detections—24 of which occurred on a single day (20 May) in close spatial
proximity—constrained the statistical power of the correlation and spread-alignment anal-
yses and introduced spatial autocorrelation into the dataset. The ≥2 km distance filter
applied in the spread-alignment analysis (Section 4.5) partly mitigates this by excluding
near-coincident pairs within a single MODIS pass, but formal spatial autocorrelation diag-
nostics (e.g., Moran’s I) would be appropriate for future multi-event datasets with broader
spatial coverage. We have therefore treated all the quantitative results as descriptive of this
single event rather than as inferential evidence for general wind–fire relationships.

Third, the burn severity classification relied on the standard USGS/Key & Benson [38]
dNBR thresholds without independent field validation, as ground access was not feasi-
ble during active burning in this remote terrain. Cross-validation against the MCD64A1
MODIS burned-area product or independent Sentinel-2 burn-area estimates would increase
confidence in the severity classification. Socioeconomic variables (distance to roads, pop-
ulation density, land use) were not included but are known to influence fire ignition and
suppression patterns in Pakistan [57,58]. Field-based fuel-load and fuel-moisture data,
which would be valuable for interpreting the FRP–elevation and FRP–slope relationships
documented here, were also not available and would require dedicated ground campaigns
that are difficult to conduct during active fire events in this remote terrain.

Fourth, the present study intentionally focused on wind as the primary meteoro-
logical driver, which is in line with the original research objectives. A more complete
multivariate analysis incorporating live and dead fuel moisture, antecedent precipitation,
and anthropogenic ignition factors would improve the interpretation of fire behavior. The
strong collinearity between the wind speed and 2 m temperature observed in this dataset
(r = +0.86, p < 0.001) reflects coincident temporal trends across the short 11-day window
and prevents the attribution of independent meteorological effects. Longer multi-event
records—ideally combining synoptic-scale and downscaled wind information—would help
disentangle these drivers.
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Future work would benefit from several extensions of the present analysis. These
include higher-resolution satellite data (e.g., VIIRS at 375 m and Sentinel-2 at 10 m) for finer-
scale fire-front mapping, the application of dynamical downscaling (e.g., WRF) to obtain
near-surface wind fields at a few-kilometer grid, and the performance of fuel mapping in
representative forest and grassland landscapes of the Suleiman Range.

6. Conclusions
This exploratory case study examined the May 2022 wildfire in the Suleiman Range

of western Pakistan using MODIS active fire detection, Landsat-derived burn severity,
ERA5 reanalysis, MOD13Q1 NDVI, and SRTM topographic data. The integrated workflow
illustrates both the value and the limits of public satellite and reanalysis datasets for
characterizing wildfire behavior in data-sparse mountainous regions.

dNBR analysis indicated that the fire burned approximately 86 km2, predominantly
at low to moderate severity (low: 26.9%; moderate: 69.5%; high: 3.3%; severe: 0.3%).
Limited high-severity burning was associated with the Chilghoza pine stands in the
Sherani–Musakhel highlands, warranting continued monitoring of these ecologically and
economically important forests.

Across 29 wildfire-classified detections, the ERA5 wind speed at fire points
(0.42–2.58 m/s) showed a moderate positive Pearson correlation with the FRP (+0.51,
p = 0.005). We treat this correlation as descriptive of this event rather than as inferential
evidence of a general relationship, given the small sample size and the concentration of
24 of 29 detections on a single day. Strong collinearity between the wind speed and 2 m
temperature (r = +0.86, p < 0.001) across the short fire period further precluded the attri-
bution of independent meteorological effects. The wind direction at the fire points was
highly consistent (circular mean 298.7◦, circular standard deviation 23.3◦), corresponding
to flow from the west–northwest toward the east–southeast—broadly compatible with the
observed eastward fire progression from the Sherani–Musakhel border region to the D.I.
Khan piedmont. Quantitative spread analysis revealed that 4 of the 8 spread events at
distances exceeding 2 km (50%) aligned with the ERA5 downwind direction within ±45◦,
well above the 25% baseline expected by chance.

Topographic variables showed substantially stronger associations with the FRP than
with the wind speed alone: elevation (r = −0.70, p < 0.001) and slope (r = −0.33, p = 0.081).
The negative elevation–FRP correlation reflects the contrast between moderate-FRP de-
tection in the high-elevation Chilghoza pine forest interior and the single highest-FRP
detection (52.1 MW) in the lower-elevation grassland of the D.I. Khan piedmont. This
suggests that fuel type—rather than elevation per se—modulates the per-pixel intensity
signal recorded by the MODIS.

The principal methodological lesson is that coarse-resolution reanalysis describes
the synoptic atmospheric context but does not resolve the local terrain-channeled winds
that determine fire-front behavior in complex landscapes. Fire studies in data-sparse
mountainous regions therefore benefit from higher-resolution wind information—through
dynamical downscaling, mesoscale modelling, or networks of well-sited surface stations—
and from explicit fuel-type classification across multiple events. Despite the limitations
inherent in a single-event case study, the integrated workflow demonstrated here provides
a transferable template for wildfire characterization in other data-sparse mountainous
regions of South Asia and beyond. Future studies in similar environments should therefore
prioritize higher-resolution wind information and explicit fuel-type classification.
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FRP Fire Radiative Power
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NDVI Normalized Difference Vegetation Index
MODIS Moderate Resolution Imaging Spectroradiometer
FIRMS Fire Information for Resource Management System
ERA5 ECMWF Reanalysis 5
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SRTM Shuttle Radar Topography Mission
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GIS Geographic Information System
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