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Abstract: Wildfires are predicted to occur more frequently and intensely as a result of global warming,
posing a greater threat to human society, terrestrial ecosystems, and the atmosphere. Most existing
methods for monitoring wildfire occurrences are based either on static topographical information or
weather-based indices. This work explored the advantages of a new machine learning-based ‘soil
properties’ attribute in monitoring wildfire occurrence in Pakistan. Specifically, we used satellite
observations during 2001–2020 to investigate the correlation at different temporal and spatial scales
between wildfire properties (fire count, FC) and soil properties and classes (SoilGrids1km) derived
from combination with local covariates using machine learning. The correlations were compared to
that obtained with the static topographic index elevation to determine whether soil properties, such
as soil bulk density, taxonomy, and texture, provide new independent information about wildfires.
Finally, soil properties and the topographical indices were combined to establish multivariate linear
regression models to estimate FC. Results show that: (1) the temporal variations of FC are negatively
correlated with soil properties using the monthly observations at 1◦ grid and regional scales; and
overall opposite annual cycles and interannual variations between and soil properties are observed in
Pakistan; (2) compared to the other static variables such as elevation, soil properties shows stronger
correlation with the temperate wildfire count in Northern Pakistan but weaker correlation with
the wildfire properties in Southern Pakistan; and it is found that combining both types of indices
enhances the explained variance for fire attributes in the two regions; (3) In comparison to linear
regression models based solely on elevation, multivariate linear regression models based on soil
properties offer superior estimates of FC.

Keywords: wildfires; satellite remote sensing; fire count; soil properties; elevation; fuel

1. Introduction

Wildfires have an impact on terrestrial ecosystems and the Earth’s climate system, as
well as causing significant economic damage and harm to human health [1,2]. For example,
they alter the composition and structure of forest stands and have a significant impact on
post-fire recovery and production [3–5]. Wildfires (henceforth simply referred to as “fires”)
influence the amount of ultraviolet radiation reaching the Earth’s surface [6], the radiative
energy balance of the Earth’s climate, and the composition and chemistry of the atmosphere
by producing smoke aerosols and trace chemicals [7,8]. Severe fires can kill a huge number
of people, inflict enormous economic damage, and have a negative influence on air quality
and human health [1,9]. These effects might be amplified by predictions of increasing fire
activity in many parts of the world as a result of global warming [10,11]. Monitoring fire
incidence and intensity, as well as understanding the temporal dynamics of fires, is critical
for wildland management, the early warning of fire hazard, and air pollution.

Human activity, geography, weather, and fuel moisture are all elements that impact
fire occurrence and intensity [12–14]. While the distance from infrastructures, population
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distribution, local land use, and fire legislation are all factors that impact human influ-
ence [14,15]. Topography, such as elevation, should be thought of as “static” elements
in the temporal distribution of flames [16]. Conversely, weather and fuel moisture are
dynamic and fluctuate over time, and both have a significant impact on the occurrence and
intensity of fires. Precipitation, for example, prevents fires from starting, while windspeed
affects fire spread rate and direction [17], and fuel moisture regulates fuel flammability and
the rate at which fire energy is generated [17–19]. As a result, researchers commonly use
weather and fuel moisture to build models to predict fire occurrence and risk, with sup-
porting models relying mostly on meteorological and remotely-sensed data [18,20,21]. The
weather-based fuel moisture codes and fire behavior indices from the Canadian Wildfires
Weather Index System (CFFWIS), for example, employ factors including temperature, pre-
cipitation, and relative humidity to construct indices to assess fire-weather and fire-danger
situations [21,22]. Many studies have utilized topography to forecast the occurrence of
fires [23]. Despite its critical influence on fire incidence and severity, the effect of variables
other than elevation, such as soil conditions, on fire hazard is poorly studied or overlooked
in data-driven prediction models. Satellite remote sensing can help to address some of
these difficulties by giving estimates of soil properties at regional, national, and global
scales, as well as across several climatic zones. Many studies have already employed
satellite-derived visible and infrared variables for fire hazard assessment, notably spectral
indexes (e.g., moisture indices) [20,24]. Despite the fact that satellite optical and infrared
images have a high spatial resolution and are available on platforms such as the Google
Earth Engine, few novel criteria are employed and studied for fire evaluation. Remotely-
Sensed-Derived datasets are receiving increasing attention in other fields, following the
introduction of remarkable machine learning techniques. Compared with primary satel-
lite data, machine-learned-derived datasets have large information, can relate to a large
number of dependent variables and events. The new ‘digital’ approach to soil mapping
is data-driven, relying on statistical methods and information technology to forecast soil
properties based on soil point measurements and spatially comprehensive environmental
factors [25,26]. This method takes advantage of new soil measurement technologies such
as soil spectroscopy [27,28] and newly available global data layers, particularly those that
are free and widely distributed, such as MODIS products [29], ASTER and Landsat images,
and the Shuttle Radar Topography Mission digital elevation model (SRTM DEM) [27,28,30].
These are not only useful in identifying soil taxonomy, their textures, and bulk, but also pro-
vide unique information in monitoring vegetation water content. Soil moisture, vegetation,
and plant kind are all factors that influence soil properties. In addition, soil moisture is influ-
enced by soil texture and plants [31]. The impact of soil factors on plant shape and species
diversity is more prominent in savannic formations. Habitats are structurally unique, and
diversity differed across savannic and forest communities; however, when the savannic
formation habitats were examined, a higher level of divergence occurred. Although plant
diversity did not differ among forest formation habitats, soil attributes showed a close
relationship with edaphic factors such as physical, chemical, and biological properties of
soil, and can contribute to similar vegetation. The soil–vegetation relationship in highly
diverse ecotonal landscapes is important from the conservation biology point of view and
aids in the execution of proactive plans for the maintenance of biodiversity. [32]. When
compared to sub-surface fluids, surface waters from native plant and grass catchments
had a greater relative quantity of organic components suitable to coagulation removal.
As a result, they play a role in both fuel and climatic-driven soil moisture variables. soil
properties have a function as a fuel component for flames in the wildfire zone, as it drives
soil moisture and vegetational group [30]. Surface waters from the native vegetation and
grass catchments were generally found to have a higher relative abundance of organic
compounds amenable to removal by coagulation compared with sub-surface waters; thus,
play a role behind fuel factors, and climatic-driven soil moisture factors. Over wildfire
regions, soil properties play a role as a fuel factor of wildfires as it is driving soil moisture
and vegetational group. Based on these, [33] developed the soil properties at depth us-
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ing satellite data, and experimental data using machine learning method to monitor soil
taxonomy, texture, and bulk density [30,33–35]. Its performance has been evaluated in
previous studies. For example, [36] used a simplified soil porosity approach to investigate
the association between soil and drought. Their findings revealed substantial relationships
between the soil moisture anomaly and standardized precipitation index, the land surface
temperature anomaly, and the normalized difference vegetation index anomaly [36]. A
recent study [37] discussed soil moisture effect on fire count, and allows space to discover
more soil properties-based deriving factors behind FC. Such studies, however, are limited
due to data availability, and the rare investigations on the relation of soil properties such as
soil texture and taxonomy to fire properties.

In this study, we presented a useful introduction to the use of soil properties as an
indicator of wildfire occurrence in Pakistan. Our work uses soil properties as a surrogate
for determining the likelihood of wildfires, the existence of good soil mapping in most
countries suggests that this indicator has substantial merit in evaluating the likelihood of
wildfire occurrences. By linking soil metrics to data obtained through remote sensing, we
have suggested a way to use “current” soil conditions as an immediate indicator of wildfire
potential. We concluded that this approach should be tested in other country environments
is sound; if soil properties can be used as a surrogate to forecast the potential for wildfires,
this method could have widespread application and significant implications for land cover
(soil) management. There is a pressing need to find and analyze more new factors behind
wildfire activities to improve the accuracy of prediction and wildfire management. In our
study, we evaluated and introduced soil properties as a driving factor that can be used in
addition to other factors, such as elevation, topography, and climate. Wildfire prediction
and driving factors are not limited to the traditional triangle of factors, as, in recent times,
for example, Ref. [38] also used socioeconomic data, and introduced these as a driving
factor behind wildfire.

In this work, we conducted a novel study of the connection and application of soil
properties to wildfire attributes based on satellite machine learning soil properties acquired
in earlier studies (e.g., [30]). Our goals were to: (i) look into the temporal relationship
between machine-learned soil properties and wildfire occurrence (as measured by fire
count, FC); (ii) see if remotely-sensed soil properties can explain temporal variations in FC
better than commonly used static indices such as topography; and (iii) learn more about
how soil properties and topographic indices can be used to estimate FC.

2. Materials and Methods
2.1. Study Area

The study area was Pakistan and the study object was wildfires that occurred over
the period 2001–2020. Pakistan is in south Asia on the Arabian Sea. The surface area of
Pakistan is 875,175 km2. Cropland cover 33.3% of this, wildland covers 25,683 km2, and
grass/shrubland covers 292,882 km2. Thus, the wildland area of Pakistan is 36.4% of the
whole. Pakistan recorded 175,000 fire events from 2001 to 2020, out of which 22,311 were
categorized as wildfires. Pakistan’s wildland area is shown in Figure 1. Based on the land
cover classification categorized as wildland, the map shows the area of interest overlaid
with historical fire events from 2001–2020.

Pakistan’s eastern region is one of the most vulnerable to wildfires due to its arid
climate which receives the lowest rainfall and is prone to desertification [39]. The north
of the country has mountainous terrain, while the topography progressively declines
southward. The northeast of the country has the largest population density. Population
clusters may also be found in the vicinity of the country’s major cities, and they are
scattered rather evenly across the country. The most sparsely inhabited parts of Pakistan
are in the southwest.
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Figure 1. Study area map of wildfires in Pakistan.

There are four seasons in Pakistan: a mild, dry winter from December to February
(DJF); a hot, dry spring from March to May (MAM); a summer rainy season, or southwest
monsoon period, from June to August; (JJA) and a receding monsoon period from Septem-
ber to November (SON) [40]. Being in the South Asian Ecological Zone, Pakistan is a region
of various landscapes and natural resources. It has a wide range of edaphic, physiographic,
climatic, and wildlife characteristics. For a country like Pakistan, where the economy is
centered on agriculture, wildland is one of the most valuable natural resources. At the same
time, Pakistan has one of the world’s lowest forest cover, with only 4.5 percent of its land
covered in forest, and is experiencing significant forest depletion [41]. During the second
part of the twentieth century, there was evidence of higher fire incidence than in prior years
in Pakistan, as well as other regions, as well as a constant increase in the frequency of big
wildfires, and an increase in the extent of burned territory [42].

2.2. Soil Properties

Important soil properties such as soil texture, soil taxonomy, and soil bulk density that
determine landscape shape as well as erosion and deposition processes include elevation,
slope, the topographic wetness index, climate images, lithology and land cover maps, har-
monized world soil database mapping units, and other environmental elements were used
to create soil grids with 1 km estimations [34]. Table 1 shows the source of soil data with
spatial resolution. Figure 2 depicts the variation in soil properties in the research region.

The National Cooperative Soil Survey and the United States Department of Agri-
culture developed the USDA soil taxonomy, which offers a detailed classification of soil
types based on a number of factors (mostly their properties) and at various levels: Order,
Suborder, Great Group, Subgroup, Family, and Series. Guy Donald Smith [43], a former
head of the U.S. Department of Agriculture’s soil survey investigations, created the original
categorization. Ref. [43] built it into machine learning predictions drawn from a global
compilation of soil pro-files (>350,000 training points).
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Figure 2. Soil properties, (a) soil bulk density, (b) soil texture, and (c) soil taxonomy.

The percentage of sand, silt, and clay-sized particles that make up the mineral portion
of the soil are referred to as the soil texture (such as loam, sandy loam, or clay). For instance,
a light soil is one that is high in sand content compared to clay, whereas heavy soils are
predominately composed of clay. The ability of the soil to retain water, the speed at which
water moves through the soil, and how workable and fertile the soil is are all influenced by
its texture [30].

Bulk density is used to determine how compacted a soil is. It’s calculated by dividing
the soil’s dry weight by its volume. This volume includes the volume of soil particles as
well as the volume of pores between soil particles. In most cases, bulk density is expressed
in kilograms per cubic meter. 10× kg/m3 soil bulk density (fine earth) with a 250 m
resolution at six standard depths (0, 10, 30, 60, 100, and 200 cm).

Table 1. List and description of the study’s datasets with source information.

Category Parameter Source Resolution Unit Date

Soil
soil bulk density open land map USDA [34]

250 m
kg/m3

1950–2018soil taxonomy open land map USDA [33]
ClassesSoil texture open land map USDA [35]

Fire Fire points NASA/LANCE/EOSDIS [44] 1000 m 2000–2020

2.3. Elevation, Fire Data

Elevation, as shown in Figure 3, makes up the topographic category. The elevation
was calculated using a digital elevation model (DEM) with a spatial resolution of 30 m. The
model was created using data from NASA’s Shuttle Radar Topography Mission (SRTM) [45].
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The monthly correlation coefficients of elevation with FC are −0.29 in Northern
Pakistan, and 0.18 in Southern Pakistan, according to data analysis. Topography (elevation)
has been selected by many researchers in wildfire prediction [46–54]. Thus, we selected
the topographical index elevation for associated analyses in this study. Fire locations were
obtained from the MODIS 1-km fire product MYD14 to give daily fire detections [55].
Table 1 shows the source information of fire data. Furthermore, to filter wildfire points,
the University of Maryland classification scheme was used to link MODIS’s monthly
land-cover type product MCD12C1 Version 51 (0.05◦ 0.05◦, [56]) with the University of
Maryland classification system. The University of Maryland Dataset (UMD)’s landcover
classification was employed as a guide, with classifications indicating shrublands, savannas,
and wildlands (classes: 1–10).

2.4. Data Processing

We processed soil properties, topographical indices, and fire as follows (Figure 4).
Based on fire location and fire date, we first identified for each 1-km fire detection the
land cover type at the fire year from the nearest grid (0.05◦) of the annual MCD12C1 data.
We then calculated daily FC (number of the 1-km fire detections), mean soil bulk density,
the maximum number of soil texture, and taxonomy classes at 0.25◦ resolution. For each
0.25◦ grid, we assigned the static (1958 to 2018) SRTM DEM values from the nearest grid
(0.5◦). We also calculated for each 1◦ grid the proportion of the number of 1-km wildfires
detections, and the proportion of background forest coverage (using MCD12C1).

To ensure that FC are mainly due to wildfires and that the soil properties mainly
come from forests, only the 0.25◦ grids with background with classifications indicating
shrublands, savannas, and wildlands (classes: 1–10) were used for subsequent analyses.
Finally, matching data within 0.25◦ grids were aggregated into 1◦ grids. As potential
random effects from uncertainty/error were present, sources, such as fire observation and
soil properties retrieval at the scale of soil properties footprint (250 m), were minimized at
a larger scale of 1◦. For this, total FC, mean values of soil properties, and topographical
indices were calculated for each 1◦ grid each day from 2000 to 2021.
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We further used these 1◦ grid data to explore the linkage and application of wildfires
to soil properties at 1◦ grid and regional scales following the approaches in Figure 4.
Specifically, at a 1◦ grid scale, we compared the spatial distribution of FC with soil properties
in the study regions and estimated the temporal correlations between them at each 1◦ grid.
At the regional scale, we used those 1◦ grid data to calculate the regional total values of
FC, and mean values of slope, elevation, and aspect at monthly scales) over Northern
and Southern Pakistan, respectively. Then, we studied the temporal correlations between
fire properties (FC) and soil properties, and the three selected topographical indices at
the monthly scale. Finally, we studied the performances in predicting FC at a monthly
mean scale using linear regression models with topographical indices only and with
(topographical indices, and soil properties) as inputs. To simplify, we used the term “FC”
to refer to the total values of FC hereafter.

3. Results
3.1. Wildfires with Soil Properties (SP) at 1.0◦ Grid Scale

The spatial distributions of soil properties, and FC during 2001–2020 are shown in
Figure 5. Generally, lower soil bulk density often suggests lower vegetation water content
which is linked to higher FC. Such associations are most noticeable between wet and dry
seasons (winter versus receding monsoon, respectively), and between the Northern and
Southern regions of Pakistan. In Northern Pakistan, soil bulk density is lowest (103) during
the summer rainy season and coincides with the regional FC of 460, which is the second
largest count in the region. In Southern Pakistan, the summer rainy season showed the
lowest soil bulk density (129), and the third highest regional FC (201). As for a hot dry
spring, both regions observed the highest soil bulk density against low FC. For comparison
between the two regions, Northern Pakistan relative to Southern Pakistan shows lower soil
bulk density, but higher FC. In Northern Pakistan, a mild dry winter observed a maximum
(108) FC, which is almost equal to the lowest FC in the region.

Lower soil texture classes are found to be linked with the highest FC. In Southern
Pakistan soil class 4 (clay loam), showed the greatest number of fires in winter. In Northern
Pakistan, class 4, and class 7 types (clay loam, and loam) showed the greatest number of
fires during winter. In Northern Pakistan class 7 (loam) was linked with higher FC during
the summer rainy season. In Southern Pakistan, the highest FC was linked with more soil
type 4, clay loam, and 7, loam, during the summer rainy season. In spring, in Northern
Pakistan, classes 7 and 4 showed the highest number of fires, while, in Southern Pakistan,
class 4 showed a higher FC. In the receding monsoon period, Northern and Southern
Pakistan witnessed the highest FC with soil texture class 7 (loam).
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Soil taxonomy class 19 (Haplustalfs) was found in considerable numbers in Northern
Pakistan, with a higher FC (15221). While, in Southern Pakistan, the 138 class was seen in
greater numbers, with a lesser number of FC (7187). A substantial number of fires were re-
lated to soil taxonomy class 111 and class 117 during the winter season in Southern Pakistan.
The soil taxonomy class 19 during spring in Northern Pakistan reveals a huge number of
fires. However, the soil taxonomy classes 291, 111, and 151 revealed a higher frequency
of fires only in some cells. FC was found in greater numbers during the summer rainy
season in Northern Pakistan with soil taxonomy class 290. Higher FC was found during the
summer rainy season in Southern Pakistan, against the soil taxonomy classes 429, and 19.
The number of fires counted in Northern Pakistan during spring was the highest against
soil taxonomy class 19. In Southern Pakistan during spring, class 117 showed the highest
number of fires. In Northern Pakistan during the receding monsoon, taxonomy classes
such as 19, 290, and 16 showed the highest number of FC. In Southern Pakistan during the
receding monsoon, soil taxonomy class 138 showed the highest FC. In Southern Pakistan
during winter, soil taxonomy class 291 showed the lowest fire count. In Northern Pakistan
during the summer rainy season, soil taxonomy class 291, which is the highest value group,
showed the lowest FC. While in Northern Pakistan during spring, soil taxonomy 291 was
linked with the lowest FC. In Southern Pakistan during spring, the highest soil taxonomy
class was linked with the lowest FC as well. In Northern Pakistan during the receding
monsoon, class 291 was the highest taxonomy group and it showed much lower FC, but in
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the southern region, fire count was evidently higher in higher taxonomy groups in seasons
such as winter, summer, and the receding monsoon. While Northern Pakistan showed FC
varying between the low and higher taxonomy groups.

For each 1.0◦ grid, we looked at the temporal connection of monthly wildfires FC with
soil properties. Because soil properties change over a narrow range of values (Figure 6),
whereas FC fluctuate over a large range of values and are distributed in a nonlinear fashion,
studies were performed at the ln(FC) and ln (soil properties) scales. To focus our research
on places where fires occur often, we constrained future analyses to 1.0◦ grids with at least
40 matched fire and soil property data.
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Figure 6. During the period 2001–2020, the spatial distribution of the number of monthly paired
observations (1.0◦ grids) of wildfires and soil parameters.

Many of those filtered grids have a negative correlation of ln(FC) versus monthly soil
properties, with R ranging from −0.95 to −0.05 for soil bulk density, −0.98 to −0.19 for
soil taxonomy, and −0.97 to −0.14 for soil texture, according to the analysis. A few even
demonstrate a favorable link (Figure 6). Negative correlation grids account for 65% of
all grids for soil bulk density and 64% for soil texture; soil taxonomy, on the other hand,
exhibited a 44% negative correlation. The strong association shows that soil properties may
be used to capture the influence of soil properties on wildfires at a 1.0◦ grid size, especially
in places where wildfires are common.

3.2. Regional Wildfires with Soil Properties at Monthly Scale

Temporal connections between regional wildfires and soil properties were studied
in this Section. To focus our study on areas with frequent fire activity, we constrained
subsequent analyses to those 1.0◦ grids that had ≥40 paired observations of fire and soil
properties. At the monthly scale, variations of ln(FC) are closely related to mean soil bulk
density and linearly decrease with it (Figure 7). Low Pearson R of −0.16 and −0.27 are
presented between ln(FC) and ln (soil bulk density) in Northern and Southern Pakistan,
respectively, corresponding with the linear regression slopes of −0.01 and −0.05. At the
monthly scale, variations of ln(FC) are closely related to soil taxonomy and linearly decrease
with it in Northern Pakistan, while they increase with it in Southern Pakistan (Figure 7).
Moderate Pearson R of −0.20 and 0.28 are presented between ln(FC) and ln (soil taxonomy)
in Northern and Southern Pakistan, respectively, corresponding with the linear regression
slopes of −0.24 and 0.17. At the monthly scale, variations of ln(FC) are closely related to
soil textures and linearly decrease with it (Figure 7). Moderate Pearson R of −0.34 and
0.02 are presented between ln(FC) and ln (soil texture) in Northern and Southern Pakistan,
respectively, corresponding with the linear regression slopes of −0.10 and 0.01. These results
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suggest the connection between the intra-annual variations of monthly wildfires FC with
soil properties at a regional scale. Due to very small changes in the soil texture and soil
taxonomy classes, the relationship curve is affected. It remains evident in both Southern
and Northern Pakistan that a greater number of fires are happening in classes 4 and 7.
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3.3. Soil Properties versus Elevation in Explaining Regional Wildfires

We studied the association of wildfire FC with the topographical index elevation
and compared it to that with soil properties to see if soil properties give an alternative
explanation for the temporal fluctuation of wildfires compared to the generally used
topographical indices. The association coefficients of wildfire FC with the two types
of variables are summarized in Figure 8. The correlations of ln(FC) with the three soil
properties are often higher in the north than they are in the south. In the northern area,
elevation has a positive association, whereas SP has a negative connection. Pearson R
with the three soil properties varies from −0.15 to −0.34 on a monthly basis, and 0.18 for
elevation. In comparison, correlations of ln(FC) with the three soil properties are usually
smaller in Northern Pakistan soil attributes than those with elevation. In the northern area,
elevation has a negative association. Pearson R on a monthly scale varies from −0.01 to
−0.27 for the three soil properties, and −0.29 for elevation.

3.4. Combining Soil Properties and Elevation to Explain and Estimate Regional Wildfires

The above analyses reveal the different performances of soil properties versus the
topography index elevation in explaining wildfire occurrence in the two regions. We
further examined their synergistic effect on daily FC. High FC, as illustrated in Figure 9,
is associated with low soil bulk density, soil taxonomy, soil texture, and high elevation. A
high topographical index elevation is necessary for high FC when soil qualities change,
and the frequency of seeing high FC diminishes. A low topographical index, on the other
hand, necessitates low soil properties for high FC. Wildfire’s influence on soil properties
and topographical indices was largely noticed in the north.
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Figure 9. Monthly FC in North and Southern Pakistan as a function of a mix of regional mean soil 
properties and topography index (elevation) from 2001 to 2020. 
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R of monthly FC in logarithm versus mean soil properties, elevation. R was calculated at monthly
scales using data from 2001 to 2020.
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Figure 9. Monthly FC in North and Southern Pakistan as a function of a mix of regional mean soil
properties and topography index (elevation) from 2001 to 2020.

We then combined soil properties and the topographic index elevation to estimate the
multiple correlation coefficients, and to establish multivariate linear regression models for
the monthly ln(FC), separately, using data from 2001 to 2015. The established multivariate
linear regression models (Table 2) were further used to predict FC during the 2016–2020 period
and were evaluated using satellite observations in the same period (see details of approach
in Figure 1). As the results in Table 2 show, the combination of soil properties and elevation
performs better than using elevation alone in explaining monthly variations of FC in both
regions. In Northern Pakistan, the multivariate correlation coefficients of monthly FC with (soil
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properties, elevation) are 0.59, higher than the R of 0.19 with elevation. In Southern Pakistan,
for monthly FC, R increases from 0.30 with elevation to 0.60 with (soil properties, elevation).
The improvement when using both soil properties and elevation as explanatory variables is
less significant in Northern Pakistan than in Southern Pakistan.

Table 2. Using data from 2001 to 2015, regressions and correlations of ln(FC) as a function of
elevation vs. as a function of a combination of soil properties and elevation. Elevation—(E), soil bulk
density—SBD, soil taxonomy—STax, and soil texture—SText.

Regions Combinations Regression R

Northern
FC-elevation

FC = 0.22 × E + 4.91 0.19
Southern FC = −0.27 × E + 4.75 0.30
Northern FC-elevation-soil bulk density FC = −0.0010 × E − 0.09 × SBD + 18.65 0.40
Southern FC = −0.0113 × E − 0.04 × SBD + 11.94 0.37
Northern FC-elevation-soil taxonomy FC = 7.586 × 10−5 × E − 0.001 × STax + 5.91 0.32
Southern FC = −0.019 × E + 0.004 × STax + 5.89 0.50
Northern

FC-elevation-soil texture
FC = 0.0003 × E − 0.29 × SText + 0.74 0.16

Southern FC = −0.0136 × E + 0.04 × SText + 6.11 0.13
Northern FC-soil bulk density-

soil taxonomy-soil texture
FC = −0.0405 × SBD − 0.0007 × STax − 0.34 × SText + 13.60 0.52

Southern FC = −0.2420 × SBD + 0.0073 × STax − 0.23 × SText + 41.31 0.53
Northern FC-elevation-soil bulk density-soil

taxonomy-soil texture
FC = −0.0008 × E − 0.096 × SBD + 0.0002 × STax − 0.32 × SText + 21.77 0.59

Southern FC = −0.0127 × E − 0.17 × BD + 0.0076 × STax − 0.22 × SText + 31.32 0.60

In addition, including soil properties as an extra explanatory component improves
the prediction of FC when compared to linear models based just on elevation. In Northern
Pakistan, monthly correlations between computed FC and satellite measurements improve
from 0.01 to 0.60. As a result, the RMSE of FC drops from 0.94 to 0.75 (Figure 10). Correla-
tions between estimated and observed FC improve from 0.35 to 0.60 in Southern Pakistan,
whereas RMSE decreases from 0.92 to 0.79 (Figure 10). These findings demonstrate the
use of soil properties in enhancing wildfire FC estimate at monthly scales in the two areas.
However, there are certain adjustments that need to be checked between daily scales in
order to establish higher temporal validity.
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Table 2’s daily-based models. RMSE = Root Mean Square Error; R = Pearson Correlation Coefficient;
R = Pearson Correlation Coefficient; R = Pearson Correlation.
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4. Discussion

We provided an overview of the utilization of soil properties as a wildfire occurrence
indicator in Pakistan in this study. Our research relies on soil properties to estimate the risk
of wildfires; the fact that most nations have accurate soil maps shows that this indicator
has considerable value in estimating the likelihood of wildfire occurrences. We have
proposed a method to use “current” soil conditions as an immediate indicator of wildfire
potential by integrating soil metrics into remote sensing data. We conclude that this strategy
should be explored in other country regions. If soil properties can be used as a proxy to
predict the likelihood of wildfires, this methodology might be widely adopted and have
important ramifications for managing land cover (soil). There is an urgent need to identify
and examine additional and novel properties that influence wildfire activities in order to
increase the precision of prediction and wildfire management. As a driving component that
can be used in addition to other parameters, such as elevation, topography, and climate, soil
qualities were assessed and introduced in our study. In recent years, for instance, Ref. [38]
used socioeconomic data, and offered it as a driving component behind wildfire. This
shows that wildfire forecasting and driven variables are not confined to a few factors.

The underlying theoretical basis for the correlation of FC with soil properties can
be briefly explained as follows. High bulk density is indicated by low soil porosity and
compaction. Root growth might be limited, and air and water movement in the soil could be
hampered. Compaction can result in shallow plant roots and poor plant growth, decreasing
the amount of vegetative cover available to protect soil from erosion while also diminishing
agricultural productivity. By reducing water absorption into the soil, compaction can
produce increased runoff and erosion from sloping slopes or saturated soils in flat areas.
Under dry climates, moderate soil compaction to prevent water transport through the
soil profile is advantageous, although compaction affects receding monsoon yields due to
increased humidity in both the northern and southern areas of Pakistan. Plants at such
soil bulk densities show poor health, increasing the risk of fire incidence and spread. The
soil texture classes falling in fire-prone areas are 4 and 7. Soil texture 7 (Loam) showed
the most fire counts in Northern Pakistan because, as such a soil texture is regarded as the
most welcoming for plants, a large area of wildlands is covered by it. In addition, such
soils are more prone to erosion in the rainy season, hence leading to larger vegetation cover
with poor health in rainy seasons. In terms of the clumping or aggregation of minerals
into larger clusters, loam soils have great structure. Loam soils are more workable than
other soil types due to their moist nature, but they are also more prone to eroding. This is
due to the high silt and fine sand content and moderate to low permeability of loam soils.
Therefore, while water is readily retained in loam soils, it does not readily enter to increase
bulk and density. As a result, loam soils have a tendency for detaching particles. When silt
and clay particles in the soil are disturbed by rain, wind, or construction, the silt and clay
can readily be transferred and the soil can start to erode. Northern Pakistan experiences
large rainfall, and wind and population of the northern region are also high, which affects
loam soil properties more drastically.

Soil texture 4 (Clay Loam) demonstrated the highest number of fires in Southern
Pakistan. The density of the clay is the cause of the two biggest drawbacks of clay loam.
When it becomes wet, it expands to contain water, making it difficult to handle. Plant
growth may be hampered by poor drainage over time. Dry clay shrinks but keeps its
compactness, resulting in dense clouds and soil surface cracking. The higher temperatures
in the south cause soil to dry up, which then dries out soil-effecting plants, increasing the
danger of fire. Many studies have been conducted to determine how soil conditions affect
plant types and health [57].

In terms of classes of soil taxonomy, class Haplustalf (19) is generating a huge number
of fires in the north; it is not regarded as beneficial for plant health, and it can induce dryness
in plants. As a result, significant fire counts may be seen, and the large soil taxonomy
class Torrifluvents (138) is the most prevalent, while large fire counts are associated with
Camborthids (111). In the south, with Torrifluvents (138), we can see soils on flood plains
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or alluvial fans in desert, moderate climates. Despite the fact that the soils are slightly salty,
they cannot be extremely salty. They’re probably stratified, but there aren’t any severe
watering limitations. When sensitive plants are watered, iron chlorosis can be a problem.
Unless the soils are watered, they can only be used for restricted grazing. Camborthids (111)
represent the driest end of the large group’s spectrum, with minimal organic matter and
little accessible water. Moisture-rich soils are classed as intergrades to Mollisols because
they have higher biologic activity and organic content. Weak silica cementation indicates a
shift to Durorthids. A clay-like texture and expanding clays imply a transition to Vertisols.
Although they are not the most common, Typic Camborthids are the driest Camborthid
subgroup. They feature a variety of slopes, ranging from gentle to high. The bulk of
these soils is used for grazing, although when slopes are gentle and water is available,
many of them are irrigated. As a result, during dry seasons, particularly in the south,
where elevation is lower, vegetation may be in poor health and thus be more susceptible to
fire. The flammability of the fuel is increased, the time to ignite is reduced, and the rate
of energy release is accelerated as a result of poor vegetative health [18,19]. As a result,
with related soil qualities, an increase in fire occurrence (e.g., FC) is predicted. Based on
these findings, the correlation of FC with soil properties can be deduced as follows: for
months with low (high) weather properties, soil properties play a different role, forests
are relatively dry (wet), and fuel conditions are favorable (unfavorable) for fire activity,
resulting in a statistical increase (decrease) in fire occurrence. Similarly, the behavior of
static properties such as soil bulk density is strongly interlinked with the meteorological
dynamics of wildfires as the seasons change and the amount of flames varies. In the
receding monsoon, soil taxonomy played a major role, while in the hot, dry spring season,
soil texture played the most important role.

4.1. Wildfires with Soil Properties

The relationships between soil properties and FC discovered in this study are similar to
those established in prior studies regarding soil moisture [57]. Bulk density is an indicator
of soil compaction as wet bulk density is affected by moisture content. Ref. [52] found
that significant negative relationships existed between field-based fuel moisture content
and the number of fires, and between field-based fuel moisture content and burn area
for herbaceous and two shrub species in the Mediterranean ecosystem. In California, for
example, Ref. [58] produced nonlinear fitting curves between fuel moisture and burn area,
while [59] demonstrated a nonlinear decline in the number of fire detections across live
fuel moisture content. Previous studies have looked at the impact of soil properties on
plant health, which is consistent with our findings [60–63]. In our study, we found a link
between soil properties and fire frequency, despite the fact that we focused on wildfires
and employed machine-learned soil parameters and fire counts from satellite, rather than
field samples or archival, data. Furthermore, we found that FC and soil properties had
largely opposite interannual fluctuations. Our study’s nonlinear link between FC and soil
properties (e.g., Figure 4) is also consistent with literature that discusses elevation alone as
a driver of wildfires [46,54,58,59,64].

4.2. SP versus Elevation in Explaining Wildfires

Soil properties (soil texture) give a better explanation for wildfires in Northern Pakistan
than other static indices (DEM) but are less effective in explaining wildfires in Southern
Pakistan (see Section 3.3). We attribute this to the relative importance of soil properties and
elevation on wildfires in the two regions.

In the north, soil properties are likely more important than elevation in driving
wildfires because correlations of FC with soil texture indices are generally higher than those
with elevation. This is how we describe it: soil texture in northern loam is most affected by
increasing changes due to natural disasters, large population, and higher wind and rain,
which causes soil erosion and plant health to deteriorate and the water content of plants
to reduce, hence the chances of plants catching fire increases [60,65]. Because of the low
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elevation of Southern Pakistan, fire activity might grow dramatically as a result of more
access to the area and a greater population. Higher elevation in the north may also cause
fire more than in Southern Pakistan due to its strong direct influence on fires. Associated
evidence for this is provided by the significantly higher correlations of FC with elevation in
the north (Figure 6). The relationship of elevation is positive in the north and negative in
the south, which could be related to the fact that, in elevated areas, there are more chances
of fire with an increase in elevation. While in Southern Pakistan, where the area is less
elevated, the elevation decrease is driving Fire Count based on the different and suitable
socioeconomic and weather conditions in both regions.

4.3. Combining Elevation and Indices to Explain and Estimate Wildfires

Our findings also show that soil properties are an excellent complement to static
indices (DEM) in explaining and predicting the occurrence of wildfires in Pakistan. We
provide two lines of evidence hereafter. First, the daily FC are found to change as a func-
tion of the combination of soil properties and topographic indices (Figure 7). Under such
conditions, low elevations do not limit fires. While with high soil bulk density, soil texture,
and elevation, and low soil taxonomy, fire ignition potential is restricted by high live fuel
moisture content and better vegetation health, and favorable conditions, leading to fewer
observations of high FC (Figure 7). Second, the multivariate linear regression models
based on soil properties and elevation perform better in estimating monthly FC in the
two regions than linear regression models based on elevation alone (see Section 3.4). Such
improvement is obvious because estimations of FC using the multivariate linear regression
models show higher correlation but lower root mean square errors with satellite obser-
vations (Figures 8 and 9). Particularly, the improvement is more significant in estimating
wildfires FC at the monthly scale (e.g., fire occurrence) though the linear/multivariate linear
regressions applied may not be the best models. More complex models and intercomparing
among multiple models would provide more details for the usefulness of elevation in
modeling wildfire properties; and this will be conducted in our future study.

4.4. Sources of Uncertainty

Despite the fact that our data suggest that soil properties may be utilized to explain
and estimate wildfires FC, the low to moderate correlations between wildfires and soil
highlight the relevance of other factors such as human activities, vegetation composition,
and the structure of flames [12–14]. If there were no fire ignition sources, no flames would
be detected, regardless of the soil attributes value. Furthermore, several uncertainties may
influence our findings, including (1) the coarse soil properties footprint (25 km), which
may include some bare soil and open water bodies, causing forest soil properties to be
underestimated; (2) despite our requirement that only specific types of landcover be clas-
sified as wildfire, a possible combination of non-forest vegetation signals inside the soil
properties area may introduce noise into our results; and (3) the coarse Soil Properties
footprint (25 km), which may include some bare soil and open water bodies, causing forest
Soil Properties (see Section 2.4); (4) At fire locations (identified by 1-km MODIS fire detec-
tions), the vegetation water status represented by soil properties (25 km) may have changed
due to regional variance in vegetation and its moisture content; and (5) Deep canopies,
thick smoke, and clouds weaken fire signals, preventing detection [66,67], resulting in an
underestimation of FC from MODIS [68].

5. Conclusions

Soil properties datasets prepared through machine learning based on remotely sensed
data have a strong capability in monitoring surface and vegetation properties. However,
few studies have applied soil properties observation in wildfire prediction. In this study,
we comprehensively investigated the utility of soil properties, using soil bulk density,
soil texture, and soil taxonomy indices derived from previous studies in explaining and
modeling the temporal variation of wildfire count (FC) over Pakistan. Results show that the
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temporal variations of FC in the two regions of Pakistan are closely related to soil properties
with generally negative correlations observed using monthly observations, suggesting
the strong capability of machine learning in capturing the effect of soil properties on fire
occurrence. Soil attributes, as compared to the commonly utilized static topographical
indices from the SRTM digital elevation model, give a superior explanation of FC in
Northern Pakistan, but are less effective in explaining FC changes in Southern Pakistan.
This disparity might be explained by the relative relevance of topography and live fuel soil
qualities, and, hence, vegetation type and health, in the two regions, as well as the possible
differences in other parameters, such as organic layer properties, wildland composition,
and structure, all of which should be investigated further. In both regions, a combination
of soil properties and elevation was shown to better explain wildfires FC. When compared
to linear regression models based just on elevation, the adoption of multivariate linear
regression models based on soil properties and elevation improves the estimation of
monthly FC. These findings give direct and early evidence that soil properties may be
used to explain and simulate short- and long-term wildfire fluctuations. Although the
present poor resolution of soil properties (~0.25 km) restricts its applicability at smaller
geographical scales, our findings in Northern and Southern Pakistan demonstrate its
utility at the regional scale. We suggest further research could help assess soil properties’
usefulness towards understanding vegetation fires in regions other than that selected in
our study, and possibly understanding structural fires.
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