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Abstract: This study analyzed the ground conditions that allowed some extreme wildfires in 2017
and 2023 to take such proportions and burn around 750,000 ha across Central Chile. Using publicly
available satellite data, we examined the relationship between the burned areas from the Moderate
Resolution Imaging Spectroradiometers (MODIS) and their antecedent soil moisture from the Soil
Moisture Active Passive (SMAP) mission. We found that a small number of fires were responsible
for disproportionately large burned areas and that these megafires (i.e., >10,000 ha) were more
likely to exhibit relatively drier conditions in the months and days prior. Based on this, we tested
various thresholds in low antecedent soil moisture to identify areas more prone to megafires. By
differentiating the moisture conditions below and above 0.14 m3/m3, we were able to map all of
the 2017 megafires, at least in part. Our classification balanced the success and errors in prediction,
yielding 54.1% recall and 75.9% precision (well above the 56.3% baseline). For 2023, the burned areas
could not be classified as accurately, due to differences in pre-fire conditions. Overall, our research
provided new insights into the link between satellite-based soil moisture and extreme wildfire events.
Among other things, this study demonstrated that certain critical thresholds in SMAP had predictive
skill to identify conditions more conducive to megafires. Ultimately, this work can be expanded to
other parts of the world in support of enhanced wildfire mitigation and management.

Keywords: wildfire; burned area; soil moisture; MODIS; SMAP; binary classification; precision–recall
curve; confusion matrix; Central Chile

1. Introduction

Over the last decade, Central Chile has faced wildfires that stand out as “extreme”
in Chile’s history and at the global scale [1,2]. Driven by an unprecedented dry spell, the
recent Chilean fires have grown significantly in their number, area burned, simultaneity,
and duration [3]. Starting in 2010, Central Chile has experienced a sequence of abnormally
warm and dry years [4,5]. As a result, wildfires over the last decade have devastated
1.7 million hectares in Chile (all land cover combined), three times as much as in the prior
decade [6]. Beyond their magnitude, these fires were particularly concerning as they were
located at the Wildland–Urban Interface (WUI) where they posed a threat to nearby people
and cities [2,7]. It is important to recognize that, in Chile, a small number of fires can
be responsible for disproportionately large burned areas [8]. Therefore, it is critical for
effective fire prevention to better understand the conditions that allowed certain fires to
take such proportions.

Previously, some large wildfires were found to occur exclusively under low soil
moisture conditions [9–11]. This can be attributed to the fact that soil moisture is a strong
indicator of the live fuel moisture (which allows fire to propagate) over a range of land
cover, such as grasslands [12], shrublands [13–15], and forest understory [16,17]. Going
further, extremely low moisture was succesfully detected ahead of large wildfires (fraction
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of available water, FAW ≤ 0.2), while a standard drought measure failed to reach some
critical levels (Keetch–Byram Drought Index, KBDI ≥ 600) [18]. As such, soil moisture
information has been found to better predict wildfire danger than precipitation anomalies
and other drought indices [17,19]. Some researchers have even suggested replacing drought
factors with soil moisture alternatives to better monitor fuel availability and fire danger [20].
However, soil moisture data were previously limited to in situ stations.

Since the launch of the European Space Agency’s (ESA) Soil Moisture and Ocean
Salinity (SMOS) mission in 2009, global snapshots of soil moisture have become available
every 3 days [21]. Despite its coarse resolution of ~40 km, SMOS has shown potential
to capture low soil moisture prior to the onset of wildfires across a range of ecozones in
Australia [20], Canada [22], and Siberia [17]. Starting in 2015, the National Aeronautics and
Space Administration’s (NASA) Soil Moisture Active Passive (SMAP) mission has provided
observations of the near-surface soil moisture (0–5 cm) on a much finer scale of 9 km [23].
SMAP was previously used in conjunction with other variables (e.g., precipitation, vapor
pressure deficit and plant greenness) to better predict fire occurrence [24–26]. Based on
the current literature, only one paper has examined the relationship between wildfire
activity and SMAP observations as a single variable [27]. The authors observed that areas
with drier-than-usual moisture conditions (i.e., higher Z score) throughout Australia and
California were more prone to wildfires (i.e., higher fire counts). It was also found that
there was a 1- to 2-month lag in the correlation between low soil moisture and high fire
activity (i.e., Spearman’s ρ between 0.2 and 0.4).

These findings give ground for enhanced fire danger monitoring that incorporates
operational satellite measurements of soil moisture. However, some major questions
remain, as it is unclear which measure of soil moisture to utilize [28]. At this point, no
paper has examined the conditions specific to megafires or any Chilean wildfires from the
vantage point of SMAP. Therefore, our work aimed to

• Examine soil moisture variations in the months and days leading to extreme wildfires;
• Analyze the soil moisture conditions that allowed certain fires to spread rapidly and

take larger proportions;
• Assess the potential of thresholds in low antecedent soil moisture to map large fires.

2. Data and Methods
2.1. Earth Observations

We leveraged three sets of satellite Earth observations to capture the extent of the
wildfires and their antecedent conditions (Table 1). Burned areas and dates were obtained
from the combined Moderate Resolution Imaging Spectroradiometers (MODIS) aboard
the Terra and Aqua satellites [29]. We also acquired the land cover types (pre-fire) from
MODIS [30]. Surface soil moisture in the morning was obtained from the SMAP mission [31].
Each dataset was accessed and downloaded using NASA’s publicly available Application
for Extracting and Exploring Analysis Ready Samples (AppEEARS) portal. These datasets
were processed and analyzed using Python programming (v3.11.5) in Visual Studio Code
(v1.74) and ArcGIS Pro (v3.0.3).

Table 1. Satellite Earth observations used in this study.

Satellite and Sensor Data Product Variable Temporal Coverage Spatial Resolution

Terra + Aqua MODIS MDC64A1 v6.1 Burned area date November 2001–Present 500 m × 500 m
Terra + Aqua MODIS MCD12Q1 v6.1 Land cover type November 2001–Present 500 m × 500 m

SMAP SPL3SMP_E v5 Surface soil moisture April 2015–Present 9 km × 9 km

2.2. Study Region

We focused on Central Chile (32–39◦S), which was largely affected by the megadrought
and recent wildfire events [3]. Our study included seven of Chile’s first-order regions, namely
Valparaíso, región Metropolitana de Santiago, Libertador General Bernardo O‘Higgins, Maule,
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Ñuble, Biobío and La Araucanía (Figure 1a). Combined, these regions contained nearly
99% of the areas burned in Chile during January 2017 and February 2023 (Figure 1b),
making them the focus of our work. Based on the climate classification by Beck et al.
(2023), these regions also shared (for the most part) a consistent Mediterranean climate
type (Csb) characterized by a warm and dry summer (Figure 1c) [32]. The visualizations
throughout this work were produced using the World Geodetic System of 1984 (WGS-84)
geographic coordinate reference system (EPSG:4326). All surface areas discussed herein
were calculated based on the Universal Transverse Mercator (UTM) zone 19S projected
coordinate reference system (EPSG:32719).
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Figure 1. Study area over (a) regions of Central Chile affected by (b) major wildfires in recent years
with (c) various climate types.

2.3. Extreme Wildfire Events

Within the period of record of SMAP (launched in 2015), we analyzed the extreme
wildfire events of 2017 and 2023 (Table 2). In both cases, we concentrated on the days when the
fires and burned areas spread most extensively during 18–29 January 2017 and 2–11 February
2023 (Figure S1). We extracted the burned extents from MODIS, which was previously used
in the region [7,33] and yielded areas consistent with other datasets [2,34]. As commonly
defined, we considered the burned areas greater than 10,000 ha as “megafires” [35]. Other
fires that remained smaller in size (despite being ignited) were regarded as “control areas.”
For consistency, we confirmed that the megafires and control areas were located over
similar land cover types, primarily comprised of needleleaf forests, broadleaf forests,
woody savannas and savannas (Figures S2 and S3).
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Table 2. Extreme wildfire events included in this study.

Timeframe Area Burned
over This Month

Area Burned
during These Days

Megafires Considered
(i.e., >10,000 ha)

Other Fires
(i.e., Control)

18–29 January 2017 449,740 ha 426,300 ha (94.8%) 7 98
2–11 February 2023 346,070 ha 318,120 ha (91.9%) 5 97

2.4. Classification of Burned Areas Based on Soil Moisture

To explore the soil moisture conditions that allowed certain fires to reach such pro-
portions, we calculated the mean soil moisture values every 10 days up to 6 months ahead
of the spike in burned areas. Next, we focused on soil moisture in the dekad (i.e., 10-day
lead time) prior to 18 January 2017 and 2 February 2023. We considered any SMAP pixels
touching the megafires as “actual positive.” Other pixels throughout the control areas were
regarded as “actual negative.” In this binary classification problem, we applied thresh-
olds to identify relatively low soil moisture and determine the “predicted positive” and
“predicted negative” of the megafires (Figure 2). Correctly labeled pixels were either True
Positive (TP) or True Negative (TN). Incorrectly predicted classes were either False Positive
(FP) or False Negative (FN). These confusions in classes were also referred to as Type I and
Type II errors, respectively.
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the Soil Moisture Active Passive (SMAP) mission.

2.5. Performance Metrics

To compare the performance of various thresholds, we used conventional Receiver
Operating Characteristic (ROC) curves, which show the true positive rate as a function of
the false positive rate. When a classification model can accurately discriminate between the
positive and negative classes, the true positive rate (sensitivity) increases faster than the false
positive rate (1—specificity), resulting in a greater Area Under the Curve (AUC). To best
account for the size of the positive class (and potential dataset imbalance), we also plotted
Precision–Recall Curves (PRC). Precision indicates how many positive predictions are
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relevant, while recall (also known as sensitivity) measures how many positive predictions
are retrieved. As such, PRC plots give a more informative picture of the capability for
the prediction of the positive class [36,37]. Last, the classification accuracy is the ratio
of predictions that are correct, whether positive or negative. Performance metrics were
calculated for 2017 and 2023 using the following equations [38]:

Precision =
TP

TP + FP
(1)

Recall =
TP

TP + FN
(2)

Speci f icity =
TN

TN + FP
(3)

Accuracy =
TP + TN

TP + FP + TN + FN
(4)

3. Results
3.1. Contrast in Soil Moisture between Megafires and Control Areas

Throughout the areas impacted by the 2017 megafires, the soil moisture decreased
substantially over the course of the months from 1 August 2016 (0.46 ± 0.09 m3/m3)
to 18 January 2017 (0.18 ± 0.10 m3/m3). In addition, the soil moisture values over this
timeframe were generally lower within the footprints of the megafires than in the control
areas (Figure 3). A consistent shift in the median values between each boxplot pair can be
seen despite their respective variability. Beyond the median values, we also found that the
distribution of soil moisture was further skewed (i.e., right tail more pronounced) across
the areas later impacted by megafires (Figure 4). As such, 52.3% of the pixels over the
megafires exhibited values below 0.14 m3/m3 in the prior 10 days. For reference, only
22.6% of the control areas presented these dry conditions. This skewness in antecedent
soil moisture (with around half of the megafires below 0.14 m3/m3) could be observed
consistently across a window of 4 to 19 days prior to the fire occurrence (Figure S4).
This greater concentration of low values translated into a preponderance of dryer soil
moisture, that can be observed spatially (i.e., red pixels) before the occurrence of megafires
(Figure 5).

3.2. Critical Thresholds in Antecedent Soil Moisture

Aiming to differentiate between the moisture conditions ahead of the 2017 megafires,
the ROC curves exhibited true positive rates exceeding their false positive rates (Figure 6a).
The curve for each of the thresholds plotted left of the 1:1 line and indicated some skill
for binary classification. The threshold of 0.14 m3/m3 had the largest AUC of ROC with
0.656, showing a greater ability to distinguish between the positive and negative classes in
2017. As for the PRC plot, we observed that the precision decreased as the recall increased
for each of the thresholds, which was expected (Figure 6b). All of the thresholds that we
examined consistently yielded higher precision than the no-skill baseline. For reference, if
a model classified all soil moisture pixels as positive ahead of the 2017 wildfires, it would
yield 100% recall but 56.3% accuracy. We found that the 0.12 m3/m3 threshold had the
largest AUC of PRC thanks to a higher precision of 89.7%. However, it yielded substantially
lower recall of 31.5%. In contrast, the 0.14 m3/m3 threshold retrieved 54.1% of the positive
samples (i.e., recall) and identified 75.9% of the actual positives as positive (i.e., precision).
As such, the 0.14 m3/m3 threshold appeared to better balance the success and errors in the
predicted classes, showing a greater ability to map the megafires.
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3.3. Performance of Burned Area Classification

In the case of the 2017 wildfires, our prescribed threshold of 0.14 m3/m3 was able to
classify every megafire, at least in part (Figure 7). One notable exception was a large fire below
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36.5◦S, contributing to some of the false negative labels (i.e., 51 out of 197 pixels) and the recall
of 54.1% (Table 3). It is also worth noting that there was a low ratio of false positives (i.e.,
9.6%), showing that low soil moisture was specifically found in the areas later affected by the
megafires. The overall accuracy across the positive and negative classes in 2017 was 64.5%.
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For the 2023 wildfires, the critical threshold of 0.14 m3/m3 captured numerous true
negatives (i.e., 111 out of 204 pixels), indicating high soil moisture in the control areas
(Figure 8). However, we also obtained a large ratio of false negatives (i.e., 31.4%), showing that
the soil moisture conditions prior to the megafires were also high (Table 4). The prescribed
threshold identified only four true positive pixels, resulting in low precision and recall of
13.8% and 5.9%, respectively. Overall, the accuracy of the 2023 classification was 56.4%.
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Table 3. Confusion matrix and performance metrics for 2017 burned areas.

Actual Negative Actual Positive
Predicted Negative TN = 67 (34.0%) FN = 51 (25.9%)
Predicted Positive FP = 19 (9.6%) TP = 60 (30.5%) Precision = 0.759

Specificity = 0.779 Recall = 0.541 Accuracy = 0.645

Table 4. Confusion matrix and performance metrics for 2023 burned areas.

Actual Negative Actual Positive
Predicted Negative TN = 111 (54.4%) FN = 64 (31.4%)
Predicted Positive FP = 25 (12.3%) TP = 4 (2.0%) Precision = 0.138

Specificity = 0.816 Recall = 0.059 Accuracy = 0.564

4. Discussion
4.1. Current Limitations of Soil Moisture in Fire Forecast

Recent studies have suggested that wildfire occurrence could be linked to soil mois-
ture as a single physical variable [22,27,39]. However, soil moisture information can be
formulated using different measures, such as absolute thresholds, scaled indices and anoma-
lies [28]. In addition, fire activity can be regulated by soil moisture in two ways: (1) wet soil
moisture long ahead of the fires can increase fuel accumulation and (2) dry soil moisture
closer to the fire can increase fuel flammability [9–11,17,40]. These opposing trends add a
layer of complexity to the relationship between wildfires and soil moisture. At present, the
available soil moisture information is constrained by the spatial resolution (9 km × 9 km)
and revisit time (2–3 days) provided by the SMAP mission. In this sense, a single pixel
from SMAP can include areas both within and outside the fire zone and encompass various
land cover types. These contrasting vegetation types respond differently in time to soil
moisture limitations [41]. The ground penetration of SMAP is also shallower over forests
than in grasslands due to signal propagation through the canopy [26]. In addition, SMAP
data are masked along oceans and coastlines. In this context, the practical application of
SMAP to monitor fire danger remains largely untested.

4.2. New Insights into Soil Moisture as an Indicator of Burned Areas

While the megafires and smaller fires (i.e., control areas) burned across generally
consistent land cover and climate types, a small number of fires were responsible for large
burned areas. Therefore, we examined the ground conditions that might have allowed
these fires to reach such proportions, in a matter of days. By leveraging operational satellite
measurements of soil moisture, we found that the 2017 megafires were more likely to have
exhibited substantially drier conditions in a window of 4 to 19 days prior. This is a shorter
latency period than the 1- to 2-month lead time used by others to link high fire activity with
SMAP observations [24,25,27]. Using a critical threshold that balanced recall and precision,
we were able to differentiate certain soil moisture conditions and map every megafire that
occurred in 2017, at least in part.

For 2023, the same threshold was unable to identify specific patterns in soil moisture
ahead of the megafires. To some extent, this can be linked to the different pre-fire conditions
and the localized effect of fast and dry easterly winds [42]. It should be emphasized that the
wildfire characteristics vary greatly from region to region in Chile [43]. The 2023 wildfires
were concentrated in an area (between 36.2–38.7◦S) that was classified by others as part
of a different climatic cluster [44]. As such, it might be useful to view the 2017 and 2023
wildfires as separate case studies, with low antecedent soil moisture being a stronger driver
of the former. Note that, in the same way, wet conditions do not necessarily prevent a
fire from spreading, and high fire susceptibility does not mean that ignition will occur. In
Chile, most wildfires are caused by people [8,34,45]. Therefore, it is important to note that
the present work is not intended to predict the exact extent and occurrence of wildfires,
but rather to better understand the relationship between satellite-based soil moisture and
extreme wildfire events.
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4.3. Societal Implications

Due to climate and land use change, the intensity and damage caused by future
wildfires are predicted to increase [46–51]. In Central Chile, the concurrence of large climate
oscillations and an extended drought fueled the extreme wildfires of 2017 and 2023 [6].
With almost three million people inhabiting WUI areas, it is critical to accurately monitor
the wildfire danger across Central Chile [7]. The agency that administers forest policies
and wildfire management in Chile is the Corporación Nacional Forestal (CONAF) under
the oversight of the Ministry of Agriculture. CONAF uses a fire forecast system known
as KITRAL (meaning “fire” in the Mapuche language). It was developed in the early
1990s, was updated over time and remains operational to this day [8]. At present, KITRAL
monitors the daily probability of wildfire occurrence based on meteorological data such
as the air temperature, relative humidity, wind speed and a drought factor [43]. However,
the same authors concede that “numerous technical options exist [for meteorological
factors] that would improve the wildfire risk index currently used in Chile.” We argue
that one such alternative is the incorporation of soil moisture, which can better capture the
fuel conditions and wildfire danger than traditional drought indices [17–20]. Our work
demonstrated that critical thresholds in soil moisture can be useful to identify certain
conditions more conducive to megafires in Chile. We believe that it is critical for soil
moisture information to be formulated in a form that can be easily communicated (unlike
more complex drought indices) and adopted among various stakeholders [28]. This is all
the more relevant as case studies have shown that the spatial planning system in Chile
previously failed to incorporate new wildfire information [52]. In this context, our research
has the potential to provide granular spatial information in support of wildfire mitigation
at the local scale instead of the national level [53]. It also takes place within a broader call to
action for preventive fire management strategies, sustainable land use planning and social
adaptation [45,49,54].

4.4. Future Work

A potential next step would be to analyze the added value of a finer-resolution soil
moisture dataset [9]. Alternatively, one could also explore ground conditions further below
the surface and focus on the root zone soil moisture [24]. Another area of study could
involve looking above and further examining the canopy stress index [55]. Ultimately, this
work can be expanded to additional wildfire events and other parts of the world.

5. Conclusions

Over the last decade, parts of Chile have faced extreme wildfires, in January 2017
and February 2023, which burned around 750,000 ha and affected the many people living
in the WUI areas and beyond. Our work leveraged remotely sensed data from SMAP to
analyze the soil moisture conditions that allowed a small number of fires to propagate
rapidly and take large proportions. Specifically, we examined how the soil moisture varied
in the months and days before the megafires (i.e., burned areas >10,000 ha) and smaller
fires (i.e., control areas), despite both areas sharing consistent climate and land cover types.
In the 10 days prior, more than half of the 2017 megafires exhibited antecedent soil moisture
below a single value of 0.14 m3/m3, with the same conditions less likely to be found in
the control areas. Using this value as a threshold, we were able to map every megafire
that occurred in 2017 (at least in part). This classification balanced the success and errors
in prediction, yielding 54.1% recall and 75.9% precision (well above the 56.3% baseline).
For 2023, the burned areas could not be differentiated as accurately, potentially due to
the different pre-fire conditions and the wildfire characteristics varying from region to
region. To the best of our knowledge, this study is the first to investigate the conditions
specific to megafires from the vantage point of SMAP. What makes this work most novel is
the application of critical thresholds for low antecedent soil moisture that showed some
predictive skill to identify conditions more conducive to megafires. Relying solely on



Remote Sens. 2024, 16, 2457 12 of 14

publicly available satellite data, this work can be expanded to additional wildfire events
and other parts of the world.
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