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Leveraging NASA Soil Moisture Active Passive
for Assessing Fire Susceptibility and Potential
Impacts over Australia and California

Nazmus Sazib, John D. Bolten, Iliana E. Mladenova

41
Abstract— Wildfires are a major concern around théd2
globe because of the immediate impact they have o#3
people's lives, local ecosystems, and the environment. Soil4
moisture is one of the most important factors that influencess
wildfire occurrences and spread. However, it is also one ofg
the most challenging hydrological variables to measurgy
routinely and accurately. Therefore, soil moisture igg
significantly underutilized in operational wildfire rislg
applications. Thus, the aim here is to use a well-established,,
operational soil moisture product to isolate the soi
moisture-fire relationship and assess the utility of using so
moisture as a leading indicator of potential fire risk. W
evaluated the value of remotely-sensed soil moistur
observations from the Soil Moisture Active Passive (SMAlé
sensor for monitoring and predicting fire risk in Australi
and California. We quantified the relationship betwee
observed fire activity and soil moisture conditions and’/
analyzed the soil moisture conditions for two extreme fired
events. Our findings show that fire activity is strongly?
associated with soil moisture anomalies. Lagged correlatiof20
analysis demonstrated that a remote-sensing based soitl
moisture product could predict fire activity with a 1-82
month lead-time. Soil moisture anomalies consistentl¢3
decreased in the months preceding fire occurrence, often4
from normal to drier conditions, according to 45
spatiotemporal analysis of soil moisture in two extreme firgg
events. Overall, our findings indicate that soil moisturgy
conditions prior to large wildfires can aid in their predictiopg
and operational satellite-based soil moisture products suchg
as the one used here have real value for supporting wildfire

susceptibility and impacts. 71
Index Terms— Soil Moisture Active Passive (SMAP)77§
Wildfire, Drought, Soil moisture 74
75

I. INTRODUCTION 76

77
Wildﬁre is an increasing natural hazard with serio
consequences which can impact ecological health,

well as jeopardize people's livelihoods, and security. Anothego
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International ~ Corporation, Lanham, MD 20706 USA (e-mail:
nazmus.s.sazib@nasa.gov).

unanticipated effect of wildfires is that their secondary effects,
such as erosion, landslides, and changes in water quality, can
be more damaging than the fire itself [1]. Wildfire, on the other
hand, can sometimes be beneficial to the environment in other
ways. For example, it contributes to overall global vegetation
productivity and biodiversity, which in turn enables
improvements in ecosystem health, such as assisting in the
mitigation of weather extremes, including heat waves or
droughts, or removing CO2 from the atmosphere [2].

Because wildfires play such an important role in ecosystem
health, many studies have been conducted to investigate the
impact of climate conditions on fire occurrence, spread, and
severity. Keeley et al. [3], for example, evaluated the
association between fire activity and climate in central and
southern California and found that summer temperatures were
positively correlated with the number of fires in the central
coast region, while autumn precipitation was negatively
associated with fire occurrence in the south coast region. Fuller
and Murphy et al. [4] investigated the spatial-temporal patterns
of fire in the island of South East Asia between July 1996 and
December 2001. When compared to geo-referenced climate and
land-cover data from a variety of sources, the Southern
Oscillation Index (SOI) in forested land-covered areas was
found to be highly associated with fire counts. As expected,
variations in precipitation also have a significant impact on the
extent and severity of fires, as demonstrated in a study of the
Gila National Forest in the southwestern United States [5].

Soil moisture, defined as the volumetric water content of the
soil, is an important indicator of soil dryness and is considered
to be a key variable that influences wildfire occurrence [2], [6].
In the specific context of the soil moisture-fire relationship,
several studies have enhanced the understanding of the
influence of soil moisture on fire activity. For example,
Krueger et al. [7] demonstrated that large growing-season
wildfires only occurred in conditions of low soil moisture.
According to Yebra et al. [8], improving wildfire assessments
entails using soil moisture as a proxy for fuel moisture, which
is a key factor in wildfire ignition and spread. Westering et al.
[9] investigated the relationship between snowmelt time and
wildfire activity in the western United States and concluded that
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earlier snowmelt and increased soil dryness in the summer cad8
be related with wildfire activity. Cooke et al. [10] examined th89
likelihood of wildfires and various soil moisture-based drought0
metrics derived from gridded meteorological data anhdl
simulated soil moisture data available from the North America4?2
Land Data Assimilation System (NLDAS-2) over southel#3
Mississippi and noticed that soil moisture-based indices aké4
strong predictors of fire occurrence in that region. 145
Due to the lack of in-situ based soil moisture data, mahs6
previous studies relied on model-based soil moisturd7
information or secondary drought indices. In addition to the uké8
of model-based soil moisture products, advances in remoté9
sensing over the last two decades have enabled satellite-bas¢d0
microwave sensors to provide continuous, consistent, ahdl
timely information of soil moisture conditions. Aubrecht et 452
[11] assessed the soil water index (SWI) developed from th83
Advanced Scatterometer (ASCAT) sensor and reported a high4
regional association between dry soils and detected fires. JenséfS
et al. [12] examined the satellite soil moisture from NASAI§6
Gravity Recovery and Climate Experiment (GRACE) and th67
historical fire data from the USDA Forest Service in the U.S.
from 20032012 and suggested that the GRACE’s soil moistuk88
correlated with wildfire activity. However, their study is limitgdq
by spatial resolution of the GRACE data and authogg(
recommended using SMAP data to generate more accuratg]
regional predictive fire maps. Sungmin et al. [2] investigated)
the association between soil moisture anomalies and largg3
wildfire events around the globe between 2001 and 2018 ovpgq
the humid and wet region and found soil moisture anomaliggs
continuously decrease in the months prior to fire occurrenggsg
often from above-normal to below-normal in both regiong7
Because the fire-moisture interactions vary betweggg
ecosystems and temporal and spatial scales, various drivers cggg
play an important role depending on the local context. Asjag
result, there are limitations to transferring findings from onpgq
location to another or generalizing conclusions from this globgjp
scale analysis to local scales. Ambadan et al. [13] investigat¢ds3
the performance of the remotely sensed soil moisture produqts4
derived from the Soil Moisture and Ocean Salinitys
(SMOS) data over the wildfire areas, across fourteen eco-zongsg
in Canada and found that SMOS soil moisture products coujdy
be useful in spotting soil moisture anomalies near possiblgg
wildfire hotspots. One drawback of those studies is the qualityg
of the satellite soil moisture product in high vegetation arepg()
(e.g., forests), where the product can be influenced by
considerable vegetation water content, which affects thgp
computation of soil moisture climatology and soil moisturg3
anomaly maps. To address these constraints, we employed datgq
from NASA's Soil Moisture Active Passive (SMAP) satellitgs
which collects L-band soil emissions that penetrate clouds anpgdg
more easily pass through forest cover, resulting in enhanced sqQg7
moisture estimates. We demonstrate the value of readilgg
available, satellite-based, near-surface soil  moisturgg
observations. Even though the spatial resolution of satellitpy()
based remote sensing products is significantly coarser than ipg
situ based observations (i.e., on the order of 10s of magnitudgy?
we argue that the value of satellite-based remote sensing can pg3

realized in the regional perspective, increasing data record, and
frequent overpass times that these data allow.

We analyzed the role of soil moisture in the occurrence of
wildfires across fire-prone regions in Australia and California
using satellite-based derivation of surface soil moisture and fire
products. Wildfires in Australia have increasingly become
larger and more frequent during the last several decades,
contributing to greater environmental degradation, property
damage, and economic losses. According to the USDA Forest
Service report, the cost of fire suppression in the United States
is predicted to increase to nearly $1.8 billion per year by 2025
[14]. We focused on these case studies of wildfire hotspots
observed over various Australia and California regions to
demonstrate the value of routine satellite-based soil moisture
products for forecasting wildfire risk. In addition to temporal
correlation analysis, we looked at the spatiotemporal evolution
of soil moisture during major fire events. The findings from this
study will aid in developing routine strategies for assessing the
vulnerability of fire-affected areas, improving fire planning and
resource management at the national and county levels.

II. MATERIALS AND METHODS
Data:

The NASA Global Inventory Modeling and Mapping Studies
(GIMMS) Global Agricultural Monitoring (GLAM) system
provided the soil moisture data used in this study
(https://gimms.gsfc.nasa.gov/). A well-established operational
global soil moisture product was applied, which was generated
by incorporating Soil Moisture Active Passive (SMAP) soil
moisture observations into the two-layer Palmer model via a
Kalman Filter (EnKF) data assimilation approach [15]-[17].
The Palmer Model used by the United States Department of
Agriculture-Foreign Agriculture Service (USDA-FAS) is a
water balance model driven by daily precipitation and
minimum and maximum temperature data provided by the U.S.
Air Force Weather Agency (AFWA) [18]. The AFWA dataset
was derived using multiple sources, including remotely sensed
observations and gauge data acquired from the World
Meteorological Organization (WMO) [9]-[11].

The SMAP mission was launched by NASA in January 2015,
and data collection began in late March 2015. The sensor
monitors the Earth's soil moisture and freeze/thaw states twice
a day, at approximately 6 a.m. and 6 p.m. local solar time, from
anear-polar, sun-synchronous orbit. The current SMAP passive
microwave data archive covers the period from March 31,2015
to present [12]. SMAP offers a variety of soil moisture products
based on these passive microwave observations each developed
using a different algorithm. The baseline Level 2 (L2) SMAP
SM product produced by the single-channel algorithm (SCA)
and SMAP V-pol brightness temperature observations were
used while integrating to the Palmer model. The GIMMS
system offers various soil moisture products, including surface
and root-zone soil moisture, soil moisture profile, surface and
root zone-soil moisture anomalies at 0.25° spatial resolution.
For this study, the surface soil moisture products (i.e., 0 - 1 inch
depth) from 2015 to 2019 were used.
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To assess fire activity, NASA's Moderate Resolutidfn2
Imaging Spectroradiometer Active Fire (MOD14A1) produ2f3
which provides fire count, location, and radiation power, w2§4
used [19]. MOD14A1 is suitable for our study because it ha§5
global coverage, high data completeness, and is s@2i6
operational, allowing real-time fire event analysis. The MOD2S7
instrument is installed on both the Terra and Aqua platfora$§8
providing observations of the Earth's surface four times per day.
The fire count product utilized here provides the number of fires
in a pixel ranging from 0 to 30. The product utilizes MODIS 4-
and 11-micrometer brightness temperature to identify the fire
pixel [20], [21]. Fire activity throughout this study is
characterized using the MODIS-based fire count product.

Data preprocessing:

The daily fire count data were aggregated up to generate
total month count. Then, the monthly total fire data were re-
gridded to 0.25° x 0.25° resolution in order to match the
spatial resolution of the soil moisture data. The MODIS data
are available through present, but the study focused on the
2015-2019 period to match the soil moisture datasets in our
analysis. First, we used surface soil moisture and fire count
data to explore their spatial and temporal variability over
different regions across Australia and California. For each
study region, annual total fire count and surface soil moisture
were calculated using monthly data from 2015 to 2019. The
variability of fire count statistics was summarized for major
fire prone locations in Australia and California. To
characterize the relationship between fire count and soil
moisture, the fire count was compared to soil moisture with
varying time lags. We computed Spearman’s rank correlation
coefficient between fire activity and soil moisture anomalies
to quantify the strength of the relationship between them. The
Spearman’s rank correlation was chosen as the Pearson
correlation has the tendency to underestimate or overestimate
the significance of the relationship when the interaction is not
linear [22]. Monthly standardized soil moisture anomalies
were computed using the Z- score which were calculate using
following equation:

where [ and o represent mean and standard deviation values
of the data for that month over all the years and xi is the data
value for a given month in year i.

Fire events are fairly rare at local and daily scales, and hence,
highly random in nature. Therefore, fire counts and soil
moisture anomalies for each location in California and
Australia were first averaged spatially and then averaged
temporally across each month before performing the correlation
analysis. Monthly lag correlation analysis was performed to
identify any lags related with the highest correlations and to
assess the predictability of fire danger based on the antecedent
soil moisture condition.

Furthermore, soil moisture anomalies were investigated on
a regional scale for the most recent fire episodes in Australia
and California. The first case study focusses on the 2019-2020

bushfire in Australia, which occurred in the southeastern part
of the country (New South Wales, NSW). This event is
considered to be the most catastrophic in terms of burnt area
and severity [23]. Similar analysis was performed over
California, which experienced a record breaking number of
large fires in 2020 [24].
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Analysis indicated substantial fire activity in the Queensland,
Northern Territory and Western part of the country during all
five years examined in this study (Figure 1). The Northern
Territory's climate is primarily influenced by the annual
monsoon, which is particularly moist from November to April
and dry from April to October. As a result, plant growth

increases during the monsoon season, leading to increased fuel
accumulation and fire activity [27]. Rainfall in Western
Australia becomes increasingly infrequent and episodic with
distance inland, and significant plant production occurs only
after major and sustained rainfall events. Extensive fires in the
region occur only after prolonged and widespread rainfall when
production and fuel accumulation are high. Furthermore,
firefighting resources, equipment, and infrastructure are limited
outside of the state's major cities and towns, as Western
Australia's population density is below one person per square
kilometer. This also means that wildfires in remote areas tend
to be bigger and cover a larger area [28]. In 2019, there was a

259 III. RESULTS 277
260 A. Spatial and temporal variability of fire count and soil ;;g
261 moisture 280
262 The soil moisture conditions over Australian range from
263 tropical conditions in the north through arid conditions in tbgz
Australia
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Figure 1: Spatial variability of fire count and surface soil moisture (top) and annual variation of fire count (bottom) for different
provinces over Australia for the period of 2015-2019. The locations of each province of Australia (1: Western Australia, 2:
Northern Territory, 3: Queensland, 4: South Australia, 5: New South Wales (NSW), 6: Victoria) are also indicated.
264 interior to temperate sub-humid to humid conditions in tR83
265 south. According to the fire count map, the most fire-pro284
266 areas are primarily in the country's north. Fires are also commaR85
267 in the southeastern parts of New South Wales and Victol86
268 (Figure 1). The El Nifio—Southern Oscillation (ENSO) and tR87
269 Indian Ocean Dipole (IOD) have a significant influence on tR88
270 spatial variability of soil moisture over Australia. During tR89
271 negative phase of the ENSO cycle, rainfall in northern a280
272 eastern Australia is reduced, which frequently results in drougtf? 1
273 conditions [25]. ENSO is also associated with higher lagé2
274 surface temperatures that last longer than the drought conditicif)3
275 resulting in higher evaporation and drier soils, which leads 264
276 increased fire activity [26], [27]. 295

large bushfire in New South Wales and Victoria, which
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Figure 2: Spatial variability of fire count and surface soil moisture (top) and annual variation of fire count (bottom) for
different climate divisions over California for the period of 2015-2019. The locations of each climate divisions of California
(1: North coast, 2: Sacramento, 3: Northeast interior, 4: Central coast, 5: San Joaquin, 6: South coast, 7: Southeast desert)

are also indicated.

accounted for a significantly larger than normal area f3¢6
activity. (Figure 1). Satellite fire detection in New South Walg$7
and Victoria were more than four and five times higher than thé8
previous year, respectively. Despite large wildfires in southe3h9
Queensland, fire counts in Queensland remained consist&320
with previous years, owing to the state's total fire activity beig1
dominated by savanna fires in northern Queensland, which &322
a natural part of these ecosystems (Figure 1). 323
In the case of California, significant wildfires were observdd4
throughout northern and southern California, with the exceptid25
of the southeast desert regions, where large areas of sparsélf6
vegetated desert ecosystems inhibit large fires (Figure 2).
California's diverse climate, combined with a wide range 37
vegetation cover and topography, has a significant impact on
the spatial pattern of its wildfires. Furthermore, populatiél";8
growth and geographic development have an impact on 119
regimes because of their effects on fuel availability ando0
continuity [9]. Fire counts differ noticeably across climatd!
divisions. For all these years, fire counts have been higher aloAg2
the North coast, in Sacramento and the San Joaquin region, with3

some exceptions on the south coast (Figure 2). While estimating
the mean soil moisture values, we considered each month of the
year (wet and dry periods) rather than the dry season (when the
majority of fires occur) which results in a high fire count in
higher soil moisture regions (e.g., North coast). The hot spring
and summer temperatures, as well as the dry soil moisture
condition during and before fire seasons, are the primary drivers
of wildfire activity in North coast, Sacramento, and San Joaquin
regions. Southern California's Mediterranean climate, extreme
winds in autumn, and frequent drought conditions, on the other
hand, further contributed to frequent and severe wildfires [29].

B. Correlation between fire count and soil moisture

In general, negative correlation coefficients were found
between soil moisture anomalies and fire count, especially
when the soil moisture preceded or is concurrent with the fire
count, indicating that fire is more likely to occur in drier soil
moisture conditions (Figure 3). Dry soil moisture conditions
increase fuel flammability because fuel moisture is depleted
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not only by a prolonged lack of rainfall but also by moisture 359
out flux (loss) from vegetation into the atmosphere [30]. The360
correlation values varied considerably with lag time, showing61
a tendency for high correlation values with shorter lags and 362
low correlation values with longer lags. The negative 363
correlations also varied by region, with the southeastern part364
of the Australia having a higher negative correlation than the365
northern part. Some of this variation can be explained by 366
ecosystem-climate connection. Ecosystems in the northern, 367
monsoonal tropics experience prolonged annual wet and dry368
seasons, whereas those in southern, temperate regions 369
experience severe drought on a multi-decadal cycle, which 370
alters the soil moisture status and thus directly affected fire 371
activity [31]. The southern part of the country typically has 372
plenty of fuel, but extended periods of dryness or drought ar873
required to dry out the fuel before it can be burned. This has 374
significant effects on the flammability of the fuels and the fi&75
in these areas can be attributed to the weather conditions [27376
377
378
379
380
381
382
383
384

I . 385
Australia |

Victoria . ' 34
0.05 3 86

0.05 | CENTRALCOASTORNG. _|
0.00

| |
-0.05} .
010}
0.15}
020}
025}

Australia

_Northern Territory |

0.1
ol =l

§ New SOI.I‘“l Wales

Queensland

|
IEE
|

01)
. o

&
w

&
=

o
s

COI’I’G|H!IDH coefficient

387
388

389
390
391
392
393
394

395
| 396
| 397
398
399
400
401
402

-ons IIII
-0.10) |

|

: 403
404

Figure 3: Correlation coefficient between fire count and 5
surface soil moisture anomalies for different lag times over 6
Australia and California. 7

In general, the correlation between soil moisture anomaﬁl];)g
and fire count varied according to California's climafg
divisions. In the northern part of the states (e.g., North coagtq
drainage), we found a higher average correlation between fiyg,
count and soil moisture anomalies than in the southern parts of3
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California (e.g., South coast drainage). In the Central and South
Coast, the relationship between fire count and soil moisture
anomaly was relatively weak. This is likely due in part to the
fact that the fire-climate relationship in these regions are
strongly altered by anthropogenic activity such as ignitions,
suppression, and land cover [32], [33].

Previous studies have found similar pattern of association
between soil moisture anomalies and fire activity in Australia
and California. For example, Beth and Brown, [34] found
strong correlation between the short term Palmer Drought
Severity Index and the number of wildfires and acres burned in
the Western U.S. Riley et al. [35] also noted the association
between short-term drought indices and fuel moisture content,
the primary drivers of wildfire in the Western USA. Ehsani et
al. [36] examined the relationship between recent wildfires,
various hydro-climatological variables, and satellite-retrieved
vegetation indices, concluding that the lack of precipitation
before the wildfire prevented the soil from having enough
moisture to supply demand and paved the way for the spread of
fires. Our correlation analysis indicates that the soil moisture -
fire link gets stronger during the pre-fire season, which is
particularly essential for determining the next season’s wildfire
events. The lagged relationship between soil moisture and fire
demonstrates that remotely sensed soil moisture can be used for
the prediction of fire at 1-2 months lead-time, which is essential
for early warning and mitigation.

C. Spatial response of soil moisture and fire activity
during major fire events

Of the study areas, the most recent bushfire season (2019-
2020) in Australia was the most severe in terms of burnt area
and intensity, resulting in 33 deaths, the destruction of over
3000 homes, and the annihilation of approximately one billion
animals, including several endangered species [23]. The
potential for fire activity is clearly visible in drier-than-usual
soil moisture conditions in the preceding months. Soil moisture
anomaly values indicate that all hot spot fire regions
experienced droughts with magnitudes ranging from -0.25 to -
2.0 during the 2019-2020 bushfire season (Figure 4). During
November and December 2019, New South Wales and Victoria
experienced significant rainfall deficits as a result of a very
strong positive Indian Ocean Dipole (IOD) [37]. The impact of
the period's low rainfall had been exacerbated by a record high-
temperature anomaly of nearly 1 °C above normal since 2003
[36]. The increased temperature elevated evapotranspiration
demand, resulted in drier soil moisture conditions, which
further increased the dryness of the vegetation and set the stage
for the faster wildfire spread. The number of fires and burned
areas of the Victorian bushfires was the largest in the state's
history, resulting in over a million hectares burned, over 400
houses destroyed, and five people killed. Due to significant
rainfall deficit, Victoria experienced below-normal soil
moisture conditions during the 2019-2020 bush fire season,
particularly along the coast and in the foothill forests of
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414 Gippsland. Combined with above-average temperatures, 421 moisture anomalies and observed fire counts show an inverse
415 resulted in an increase in surface fuel loads and high#22 trend, with dryer soil moisture conditions generally associated
416 flammability in live vegetation [23]. 423 with increased fire activity. The time series analysis of fire

305

33°S-

Y Soil moisture Anomaly

36°S= 1 -
075
3-0.74--05
N 1049025
o - [0.24-0
39 S- ' ' ' ° Io N Io Ia
140°E 145°E 150°E 155°g 40°E 145°E 150°E 155°E

s
=
8
S

I

. -
-
P R K P S ——— e B

Jan 2019 Apr2019 Jul 2019 0Oct 2019
Month

Fire Count

o
=3

o

N
]
(]

]
o
B
.
-
.
T

Jan 2019 Apr2019 Jul 2019 Oct2019
Month

Figure 4: Spatial distribution of observed fire counts (top-left) and soil moisture anomalies (top-right) over New South Wales,
Australia for the November-December 2019. Time series of monthly soil moisture deviations from average conditions
(anomalies) and observed fire counts over New South Wales, Australia from January 2019 to December 2019 (bottom).
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417 The 2020 fire season in the western United States w424 count data revealed a higher number of fire activity during
418 staggering: over 2.5 million ha burned, including over U35 August 2020 (Figure 5). The fire count map was mostly
419 million ha in California (3.7% of the state), due in part to fi426 consistent with the soil moisture anomaly map, following the
420 of the six largest fires in state history [38]. As expected, the sdil7 premise that fires were more likely to occur in drought-affected
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areas. Lower precipitation and record-breaking heat waves 484
mid-August caused severe drought and a large amount of fuk85
for wildfires across northern California. In general, sd86
moisture anomalies were negative during the two notable fé87
events. This suggests that satellite-based observations 488
capable of capturing valuable fire-relevant information for tHi89
region. Even at a relatively coarse spatial scale (i.e., 0.25°), th80
observed trend in soil moisture anomalies has a significatf1
relationship with fire activity. However, not all dry sdf2
moisture conditions lead to a high number of fire activity. The3
relationship also depends on the length and intensity of th94
meteorological and agricultural drought (i.e., a deficit of sdf5
moisture). Furthermore, the coincidence of low soil moistw86
and high temperatures is important in determining the numb27
of fire activity [39]. 498
499
500

It is well understood that soil moisture conditions can serv@!
as a proxy for wildfire fuel accumulation and fuel moistut@?
conditions. Therefore, properly measuring and observing soft3
moisture is of critical for understanding the fire-soil moist@4
relationship and developing strategies that leverage remot@d
sensing-based approaches that could be employed in a strateg@ 6
operational framework. We examined the impact of regio
soil moisture trends on fire activity in fire-prone areas A8
Australia and California during the notable wildfire seasons AP
2019 and 2020, as well as demonstrated the utility of satellitL0
based coarse resolution soil moisture for assessing future el
risk. As expected, soil moisture has value in explaining fé2
occurrence across different provinces in Australia and3
California. Our lag correlation analysis revealed that the firel4
soil moisture relationship was stronger during the pre-ﬁﬂ:5
event, which is critical for forest fire early warning systerr?sl.6
More importantly, by isolating the fire count—soil moisture 13%7
correlation, we demonstrated the value of soil moisture as
leading indicator for wildfire risk. The magnitude of hd?
correlation indicates a higher possibility of fire occurrence d 20
to drought conditions. Areas with a higher negative correlaticﬁlz,1
such as New South Wales and Victoria, are more prone to fi1é2
activity due to drier soil moisture conditions. The current and
previous month's soil moisture conditions had a signific
correlation with fire activity in most of the fire prone regionsqﬁs
Australia and California, which could be related to land covito
type. The dominant land cover type in those regions is fore§12,7
which has deeper root systems that allow access to the wa
below the surface, resulting in slower drought response. In thé?
northern part of Australia, however, only concurrent soni?
moisture is likely to influence wildfire occurrence. This is dl?é,l
in part, to the fact that those areas are dominated by glrasslaniig,2
where roots are shallow and respond quickly to dry sot
moisture conditions [40]. 534

Our paper demonstrates that soil moisture is signiﬁcanﬁg5
related to wildfire activity. However, no wildfire danger mode}
currently incorporate soil moisture due to the lack of adequ
operational dataset [41]. This study demonstrated the utility of8
an operational SMAP-based soil moisture product, which can?
guide wildfire managers on how to use this data when assessiﬁéo

IV. DISCUSSION

wildfire danger in Australia, and California. We also
investigated the spatial pattern of soil moisture anomalies
during extreme fire events in Australia and California, and
noticed that the spatial soil moisture anomalies map
corresponds to the fire hot spot regions. 2019 rainfall was 40%
below average on a national level, making it Australia's driest
year since records began in 1900 [37]. Our SMAP-based soil
moisture anomalies also revealed more severe drought
conditions over New South Wales and Victoria, which affect
both the rate of vegetation growth and its dryness during 2019-
2020 extreme bush fire events. Dry soil moisture conditions are
associated with fires, but fires can also reduce soil water
availability and have a negative impact on crop health and
production. As a result, our current method of identifying fire-
prone areas can assist local governments and emergency
response agencies in better anticipating and preparing for an
active fire season, as well as tracking the potential impact of fire
on crop production.

Our findings are consistent with previous research. For
example, Chaparro et al. [39] investigated the relationship of
forest fires with soil moisture and temperature patterns in the
Iberian Peninsula and the Balearic Islands and found that most
forest fires burned in drier and hotter soils than the yearly
averaged conditions in the Iberian Peninsula. Jensen et al. [12]
quantified the relationships between pre-fire-season soil
moisture and subsequent-year wildfire occurrence by land-
cover type and concluded that larger fires occur more
frequently when soil moisture is low. Ambadan et al. [13]
investigated soil moisture anomalies prior to the onset of each
wildfire occurrence in Canada between 2010 and 2017 across
14 eco-zones and concluded that soil moisture products could
be useful in identifying wildfire hotspots.

We have built upon these previous studies and focused on a
satellite-only approach, leveraging remotely-sensed, SMAP-
based soil moisture data. Soil moisture was found to be an
important variable in drought detection and fire risk assessment,
paving the way for the use of remotely-sensed soil moisture
data in early warning systems preventing forest fires. However,
there is still much work to do on this topic - multiple sources of
remotely-sensed based soil moisture data are available, and the
choice of data source can have an impact on the fire-soil
moisture relationship, as well as the application of these data
and how they are integrated into a fire detection decision
support framework. Here, only soil moisture condition was
considered among a multitude of factors that cause wildfires.
Therefore, other factors such as precipitation, land surface
temperature, vapor pressure deficit, wind, as well as other non-
climate variables such as topography, soil type, vegetation type,
and vegetation dynamics could be taken into consideration to
further outline the role of satellite based soil moisture products
for predicting fire activity. It should be noted that the results of
this analysis are not intended to be an exact prediction of actual
fire occurrence and severity. Rather, they assess the relationship
between an operational satellite-based soil moisture product
and wildfire, specifically the sensitivity of fire occurrence to
pre-season soil moisture conditions. It is envisaged that the
main findings of our study will encourage the improvement of
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541 existing models and support leveraging SMAP and simils®5
542 satellite-based remote sensing soil moisture instruments HP6

543 improved wildfire forecasting and prediction. 597

598
544 V. CONCLUSION 599
545 Understanding the wildfire-soil moisture relationship is 28(1)

546 critical for better wildfire management practices and
547 developing more effective forecasting and mitigating 602
548 strategies of wildfire occurrence. This potential translation 603
549 from data to actionable information is particularly important 604
550 for developing operational applications, which will aid in

551 mitigating the effects of fire events on the environment, 606
552 agriculture, and human activities. This becomes even more 607
553 evident when considering the extreme cases of wildfire in 608
554  Australia and California during 2019 and 2020 fire seasons, 609
555 respectively. Obviously, there were strong relationships

556 between soil moisture anomalies and fire, but the nature of 611
557 those relationships varied depending on geographic loca‘uon,612
558 wvegetation type, and climatic zone. Over the southeastern pa 1
559 of Australia, negative correlations between fire and soil 614
560 moisture anomalies were observed to be stronger than in the 615
561 northern part of the country. Our lagged correlation analysis 616
562 confirmed the ability of soil moisture to predict fire activity

563 with 1 to 2 months lead-time, which could be used for

564 wildfire early warning and monitoring. Our analysis also 619
565 demonstrated that remote sensing-based soil moisture data 620
566 could help explain the observed spatial and temporal 621
567 clustering of wildfires, which can be useful in identifying g;g

568 wildfire-prone areas. To this end, this relatively
569 straightforward analysis gives a clear indication of the value o4
570 satellite-based soil moisture observations for helping 1dent1f3§25
571 wildfire risk and provides a strong foundation for further

572 studies and decision support system design targeting reglona1527
573 wildfire modeling, prediction, and analysis. 628

574 629
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