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Abstract

In the austral summer of 2017, Central and Southern Chile was severely affected by a series of wildfires,
burning an area of 575,000 ha (5,750 km2), leaving 11 dead, more than 4,000 people affected and destroy-
ing over 1,000 structures. One of the fires, named the “Las Máquinas” wildfire, has been the largest single
event ever recorded in Chilean history, burning an area of around 193,000 ha (1,930 km2) and killing 4
people.

In this work, the anatomy of the “Las Máquinas” wildfire is studied by using the advantages given
by Earth Observation tools. By definition, anatomy corresponds to “a study of the structure or internal
workings of something”. For this purpose, the pre-, per- and post-fire conditions were described using
open-access satellite imagery obtained from multiple remote sensing instruments, giving a new perspective
to the description of this event. In addition, the Canadian Fire Weather Index (FWI) was calculated for the
entire region of interest on a daily basis, based on remotely sensed data and physical simulations.

The findings suggest that within the region of interest (ROI), there was abundant and healthy vegetation
in terms of the Normalized Difference Vegetation Index (NDVI). Moreover, some affected municipalities
had not experienced wildfires for several years prior to the event, and therefore a large amount of fuel
availability was observed. In terms of the flora, Empedrado was the most affected municipality, lowering
its average NDVI from 0.67 to 0.36. The species affected were mainly Pinus radiata, Vachellia caven and
Nothofagus glauca, whose total burned area was 129,700, 13,700 and 13,500 ha, respectively.

On average, the maximum temperatures at the whole ROI achieved values of around 29◦C in December
2016, the month prior to the event, being the highest since 1979. Additionally, the standardized precipitation
index (SPI) indicates that there had been a severe and persisting drought since 2009.

Burned area was calculated using Landsat-8, Sentinel-2 and combined Aqua/Terra-MODIS images.
From MODIS data, the total burned area was 193,804 ha (1,938 km2), while Landsat-8 and Sentinel-2
burned area was studied for multiple threshold values of the delta Normalized Burn Ratio (dNBR). High
severity dNBR values were found mainly in Constitución and Empedrado municipalities, particularly
close to the village of Santa Olga, which was completely decimated by the wildfire on the night of January
25th. According to MODIS data, only on that night, the fire propagation left a total burned area of 85,000
ha (850 km2). Using both the VIIRS-SNPP and MODIS products, the fire radiative power indicated that
there were some locations where the total amount of energy released by the wildfire exceeded 2,000 MW,
mainly in the Constitución municipality and within a 7 km radius of Santa Olga around the time the village
was destroyed. During the event, the air quality was studied by using the VIIRS-SNPP Deep Blue Aerosol
product, and the results exhibited an elevated presence of both high altitude smoke and pyrocumulonimbus
clouds. Furthermore, carbon emissions for January 2017 resulted in mean values of 197.49 g·C·m−2, with
maximum values of 1,270 g·C·m−2, 3,750% higher than in previous years for the same month.

The Canadian Fire Weather Index (FWI) was calculated using near-surface air temperature derived
from multiple linear regression models, machine learning regression algorithms, and from a physically-
based surface energy balance. Overall, the best performing models were those using the machine learning
random forests regression. The FWI was computed using Aqua, Terra, VIIRS-SNPP, Energy balance and
through an approximation approach which simplifies its calculation (FWIapp). In general, all FWI results
exhibited the same behavior, achieving the highest FWI values on January 25th, 2017.

The results show that with this methodology it is possible to estimate a daily landscape-scale FWI at a
medium resolution derived from Earth Observation tools without strongly overestimating nor underesti-
mating its value compared to the FWI calculated at weather stations.
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1 | Introduction
For millennia, forests have delivered fuel and building materials to people. Further, people have experi-
enced an increasingly sought out for their lifestyles and amenity values as they choose to live in close
proximity to forests (Paton et al., 2015). This closeness among people and forests has increased the wildfire
risk in the so-called wildland-urban interface (WUI), which is the zone of transition between unoccupied
land and built environment. Furthermore, at the global scale, the impact of wildfires is expected to increase
dramatically in the future due to the combined effects of the spreading of the WUI and climate change
(Hammer et al., 2007; Simeoni, 2016). According to the Intergovernmental Panel on Climate Change
(IPCC) AR6 report (Pörtner et al., 2022), currently there has been an increase in areas burned by wildfires,
which are attributed to human-induced climate change in some regions. In the mid to long-term, this
situation is expected to worsen.

A wildfire is an uncontrolled fire that burns in wildland vegetation, often in rural areas. It originates
from an unplanned ignition, such as lightning, volcanic eruptions, and intentional or accidental human
causes. Fire is the rapid oxidation of a material (the fuel) in the exothermic chemical process of combustion,
releasing heat, light, and various reaction products. Hence, for a fire to exist, combustion must occur, and
thus a flammable or combustible material in combination with sufficient oxidizer such as oxygen and a
source of heat must subsist (NWCG, 2022).

Unplanned ignitions are referred as spontaneous and piloted ignition, where the first one corresponds
to the fire occurrence without the application of an external heat source, while the second one occurs
when there is a heating source (e.g. flame, firebrand), and can happen under lower temperatures than for
spontaneous ignition (Mindykowski et al., 2011; NWCG, 2022; Urban & Fernandez-Pello, 2020). Once
ignition occurs, propagation is the next concern. Fire propagation can take place from the forest surface
(burning shrubland, grassland, small trees, etc) to crown fires (through tree canopies), which is usually
associated to catastrophic wildfires involving live vegetation (Butler et al., 2004; McAllister et al., 2012;
Scott & Reinhardt, 2001).

Studies have shown that human ignition is to blame for 84% of all wildfires in the United States
(Balch et al., 2017). Moreover, US data compiled by the National Interagency Coordination Center
(NICC) indicates that the average annual number of wildfires has a tendency to decrease, however the
burned area has increased (Hoover & Hanson, 2022), hence wildfires have had a tendency to become
more devastating through time in the US. Until the year 2007 the Food and Agriculture Organization
indicated that worldwide, more than 90% of the fires are linked directly or indirectly to intentional and
unintentional human actions, power lines and machinery (FAO, 2007). In addition, the incidence of major
and catastrophic fire events has increased in many regions, with widespread media attention to fires in the
Amazon, western North America, the Mediterranean, and Australia (Wu et al., 2021). Furthermore, the
likelihood of catastrophic wildfire events will globally increase by a factor of 1.09 to 1.14 in the near-term
and 1.31 to 1.57 by the end of the century (UNEP, 2022).

The loss of lives, property, flora and fauna are the primary effects of a wildfire. According to the
Centre for Research on the Epidemiology of Disasters (CRED) and the United Nations Office for Disaster
Risk Reduction (UNDRR) (Wallemacq & House, 2018), it is estimated that both wildfires and volcanic
activities affected 6.2 million people between 1998–2017 with 2,400 attributable deaths worldwide from
suffocation, injuries, and burns. The same report states that between 1998–2017, the total expenditure
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resulting from wildfires was US$ 68 billion.

Chile situation is not far from this reality. As it is possible to observe from Figure 1.1, the fire counts
(or number of fires) per season has increased since 1964. If a linear regression is applied to fire counts
against the years, the slope has a positive value and hence it is possible to observe that there is an upward
trend. On the other hand, burned area has also been slightly increasing, however if the wildfire events of
2017 are taken into consideration, all statistics become inaccurate due to the atypical outcomes of these
fires. The “Las Máquinas” wildfire was one the events of the 2016–2017 austral summer fire season, which
consumed 190,000 ha in a few days, becoming the largest single wildfire recorded in Chilean history.
The total expenditure was around US$ 350 million, which was made between CONAF and the Chilean
government (CONAF, 2017a).
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Figure 1.1: Fire counts and burned area for 1964 to 2021 seasons. First year data (1964) represent the
1964-1965 season and so forth. Each fire season starts in September and ends in March. Source: CONAF
(2022b).

1.1. Research problem

Since the “Las Máquinas” wildfire has been the largest single event ever recorded in Chilean history, the
focus of this study consists in analyzing the anatomy of the event solely relying on Earth Observation (EO)
tools. The goal of this work is to develop a framework to carry out detailed analyses of catastrophic fires
for forensic and public policy purposes, making use of the advantages given by EO satellites, including the
observation of large tracts of landscapes with a good spatial resolution, and an ever-increasing temporal
resolution, coupled with a sophisticated suite of instruments which allow measuring many parameters
simultaneously. For this purpose, an analysis of the landscape conditions before the fire (pre-fire), the
propagation of the fire front (per-fire) and the evolution of the vegetation in the years after the event
(post-fire), using open-access satellite imagery obtained from multiple remote sensing instruments was
carried out, giving a new perspective to the description of this event. Additionally, the pre- and per-fire
Canadian Fire Weather Index (FWI) was calculated for the entire Region of Interest on a daily basis, based
completely on remotely sensed data and physical simulations.
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1.1.1 General objective

Describe the anatomy of the “Las Máquinas” wildfire solely relying on Earth Observation tools at a
medium spatial resolution.

1.1.2 Specific objectives

1. Analyze the pre-fire conditions based on meteorological data and vegetation vigor evolution.

2. Study the per-fire effects and evolution considering the burned area, fire radiative power, air quality,
fire weather, affected populated areas and affected species.

3. Examine the post-fire consequences.

4. Establish a framework for the analysis of large wildfires using Earth Observation data.
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2 | State of the art
This chapter reviews the literature associated with the objectives of this study, which includes the Chilean
ecosystem, a description of the “Las Máquinas” wildfire, remote sensing definitions and its use in wildfires,
and the Canadian Fire Weather Index as a numeric rating of fire intensity.

2.1. Chilean Mediterranean ecosystem

Chile is located in the western part of South America and is the longest country in the world, being 4,300
km long and 175 km wide (average). Excluding its Pacific islands and Antarctic claim, Chile lies between
latitudes 17° and 56°S, and longitudes 66° and 75°W. It is bounded on the north by Perú and Bolivia, on
its long eastern border by Argentina and on the west by the Pacific Ocean. Continental Chile has a total
surface of 756,096 km2 with an estimated population of 19,800,000 inhabitants in 2022 (Carmagnani et al.,
2022). According to the World Bank, in December 2020, Chile’s GDP was US$ 252.9 billion, and GDP
per capita was US$ 13,867 (The World Bank, 2022).

Continental Chile is dominated by natural barriers such as the Andes Mountains at the east and the
Pacific Ocean in the west. Facing the Pacific Ocean is the Coastal range that encloses the thin flat Central
Valley, where most of the population lives. The climate in Central Chile is prototypical Mediterranean,
holding most of the population and economical activities of the country. The once wide spread Valdivian
Chilean Rainforest, characterized by a number of endemic tree species of the Nothofagus genre, bamboo
shrub, the notorious Chilean Palm forest (Jubaea Chilensis) and Cupressaceae trees in the Andes have
given way to arable land and exotic forest plantations in central Chile.

Forestry is one of the main economical activities in Central Chile, with large continuous areas planted
with Pinus radiata and Eucalyptus globulus, destined mainly to the production of pulp and timber. Growing
fast, they have a large extent replaced the native Chilean forests. Fire have been traditionally used to
clean land for agricultural, sylvicultural and urbanistic purposes. Even though some native tree and shrub
species display some degree of adaptation to fire, most of the native forest requires much longer recovery
times than the exotic species growth cycle, which mean that once burnt, they disappear from a zone due to
land use and land cover change (Miranda et al., 2017). Pinus radiata trees exhibit serotiny i.e. the ability
to release seeds under a external stress trigger such as fire, in concomitance with the release of abundant
fine dead leaves (Franzese & Raffaele, 2017; Liacos, 1986; Reszka et al., 2020). Eucaliptus globulus on
the other hand produces highly flammable oils, bark and dead branches, and bears the capacity to easily
re-sprout after a fire (Dos Santos et al., 2015; Reyes & Casal, 2001), so both species are adapted to fire.
In spite of this, fire is not considered as an ecological regulator in Chile, since the natural germination
or resprout are not the preferred cultivation method of introduced species, so prescribed fire (Fernandes
et al., 2013; Liacos, 1986; Miller et al., 2020) is not a viable option in Chile to avoid wildfires, contrary
to other regions of the world. Fire is then a hazard to either native as well as exotic forests in Chile
(Franzese & Raffaele, 2017). Introduced annual grasses and shrub are also recognized to be well adapted
to fire (Contreras et al., 2011), invading ecosystems (Gómez-González et al., 2011) even though not
necessarily replacing native species. Burning during the dry season they can abundantly regrow during the
wet season, adding fuel material (Bowman et al., 2019; Pauchard et al., 2008; Úbeda & Sarricolea, 2016).
An anomalously prolonged drought (Boisier et al., 2016; Flores-Aqueveque et al., 2020; Garreaud et al.,
2020) has put enormous stress on water resources and associated agricultural activities in Central Chile,
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that has likely produced social unrest (Garreaud et al., 2017) in rural communities. Closely associated
are the record temperatures experienced in Chile during the last decade, with all time record maximums
during January 2017 (Feron et al., 2019; Urrutia-Jalabert et al., 2018).

The Chilean wildfire season is from November to March (Austral summer), and there is evidence that
this season has been increasing (Castillo et al., 2020). Due to the summer climate in Central Chile, natural
fires caused by lightning are practically nonexistent. According to CONAF (2022a), 0,82% of wildfires are
attributed to natural causes, and 80% to human activity, either accidental or intentional. In addition, 99%
of the fires damage exhibits an area under 3.3 ha, while the remaining 1% of the fires damage an average
area of 853 ha (CONAF, 2022b). In the recent years, two significant wildfires have been located in the
WUI, particularly in the city of Valparaíso (called “The great fire of Valparaíso” in 2014), and near villages
within the Maule Region (season 2016−2017, mainly the “Las Máquinas” wildfire), both in Central Chile,
where the most affected neighborhoods had mid-to-low income. As stated by Úbeda & Sarricolea (2016),
in Chile, as in other countries, the lax nature of regulations in the past saw the building of very low quality
constructions with a poor provision of infrastructure in these WUI areas.

2.2. Las Máquinas wildfire

The wildfires of the 2016–2017 season took place in Central and Southern Chile. A total of 681 fires
were reported by CONAF, and 417 of them were spotted at the regions of O’Higgins, Maule and Biobío,
which became the critical regions (CONAF, 2017a). The total burned area of these fires was 575,000 ha
(Castillo et al., 2019). As a result, 11 people died, 4,290 were injured, and 1,159 were sheltered. A total of
2,300 structures were destroyed and 25,000 were threatened within the critical regions (CONAF, 2017a;
ONEMI, 2017a). In response, 3,297 people fought in the fire line, including brigades from CONAF, BRIFE
and BRIFAR (trained military special forces brigadiers), and from international cooperation. Moreover,
64 aircraft were deployed during the emergency, and a total of ∼ 4.3 × 107 L of water were launched
nationwide (CONAF, 2017a).

Only in 14 hours (the night of January 25th, 2017) the fire propagated increasing its burned area
in 114,000 ha, i.e. 1.8 times the size of Chilean capital city of Santiago (CONAF, 2017a). These fires
took place at the Maule region, particularly among the Cauquenes, Empedrado, San Javier, Chanco and
Constitución municipalities. These events acquired the name of the “Las Máquinas” wildfire, since its
origin was close to the “Las Máquinas” village within the Cauquenes municipality. On the night of
January 25th, the fire propagated north and the village of Santa Olga (located within the Constitución
municipality) was completely razed by its flames. This event killed 4 people and destroyed over 1,000
structures (Clarín, 2017; Cooperativa, 2017; Medrano, 2017). A total burned area of 183,946 ha was
reported by the authorities (ONEMI, 2017b), becoming the single largest fire in Chilean history.

These wildfires turned into a worldwide episode, since there was no such precedent of the magnitude
of these events in Chile. As in over the 80% of wildfires causes in Chile, these event were human-made. In
fact, on January 29th of the same year, President Michelle Bachelet (Chilean President between 2014−2018)
announced that there were 43 people arrested (BioBio, 2017). Nevertheless, ignition should not be the only
variable to take into consideration, since the magnitude, propagation and effects of the event are related to
other constituents, which have been widely studied (Balocchi et al., 2020; Bowman et al., 2019; Castillo
et al., 2020, 2019; CONAF, 2017a; Garcia-Chevesich et al., 2019; Garreaud et al., 2020; González et al.,
2020). Among these, and as stated by CONAF (2017a), January was a “month of records”. Temperatures
reached values of 37.3◦C in the Maule Region (specifically in the city of Curicó), being this the highest
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temperature registered in over 91 years. Moreover, since 2009–2010 a severe and prolonged drought has
been detected (CONAF, 2017a; Garreaud et al., 2020). Using the fifth generation of ECMWF (European
Centre for Medium-Range Weather Forecasts) atmospheric reanalysis of the global climate data (ERA-5),
the Center for Climate and Resilience Research (CR2, Chile), analyzed meteorological variables seven
days prior and after the event (González et al., 2020). The results showed that the occurrence of large fires
in Central and Southern Chile were favored by heat waves, characterized by low humidity and the absence
of cloud cover, strong southerly winds and intense easterly winds in the foothills. In addition, Bowman
et al. (2019) studied, among other variables, the Canadian Fire Weather Index (FWI) using ERA-Interim
reanalysis data for all the fires that took place in Central Chile, and their findings showed maximum FWI
values of around 60 between January 20 and 28, 2017.

2.3. Remote sensing

There are multiple definitions of what remote sensing is. For example, Lintz & Simonett (1976) establish
that remote sensing is the acquisition of physical data of an object without touch or contact. Another
interesting definition is the one made by Campbell & Wynne (2011), which is the following. “Remote
sensing is the practice of deriving information about Earth’s and water surfaces using images acquired from
an overhead perspective, using electromagnetic radiation in one or more regions of the electromagnetic
spectrum, reflected or emitted from the Earth’s surface”. However, this would be an appropriate definition
if remote sensing was studied only from satellite-derived information, yet remote sensing also applies to
laboratory–scale studies using, for example, spectrometers, which do not acquire images. Nevertheless,
and because of the scope of this work, remote sensing will refer to the spectral information acquisition
from a satellite sensor and/or satellite product.

A satellite image has more physical information than the commonly-known “RGB images” taken by a
professional camera or even a phone camera. RGB images are a composition of the red, green and blue
bands within the visible electromagnetic spectrum. Most satellite sensors carry those bands within their
optical sensors, but there is much more information through different regions of the spectrum i.e. there are
bands outside the visible region. For example, NASA’s Terra and Aqua satellites where launched in 1999
and 2002, respectively, and they carry one of the most used open-access information sensor-data which
is the Moderate Resolution Imaging Spectroradiometer (MODIS). The MODIS sensor has 36 spectral
bands ranging from 0.4 µm to 14.4 µm (NASA, 2022a). This spectral information refers to reflectance,
transmittance or absorbance information-retrievals within a specific spectral resolution (bandwidth), spatial
resolution (pixel size), and at a certain temporal resolution (time it takes for the satellite to pass through
the same location) which is dependent of both the satellite and optical sensor. Say the incident irradiation
flux from the Sun G is decomposed. The result would be the following (Bergman et al., 2011; Chuvieco,
2010).

G = Gr +Ga +Gt (2.1)

where Gr, Ga and Gt correspond to the reflected, absorbed and transmitted fluxes, respectively. When
radiation is incident upon a semitransparent medium, portions of the irradiation may be reflected, absorbed,
and transmitted. Transmission refers to radiation passing through the medium, while absorption occurs
when radiation interacts with the medium. Finally, reflection is the process of incident radiation being
redirected away from the surface, with no effect on the medium (Bergman et al., 2011, Chapter 12). Hence,
if expression (2.1) is divided by the incident irradiation flux,

1 = ρλ + αλ + τλ (2.2)

21



Chapter 2. State of the art

where ρλ, αλ and τλ are the reflected, absorbed and transmitted irradiation fractions at a certain
wavelength λ, respectively. In order to quantify these values, sophisticated optical instruments are required.
These are called spectrometers or radiometers. A radiometer is used to measure the amount of electromag-
netic energy among a certain wavelength range. Generally, radiometers are used to detect and measure the
amount of energy outside the visible spectrum, specially in the ultraviolet (UV) or infrared (IR) regions.
Spectrometers, like radiometers, are instruments that are also used to measure an specific wavelength
range. However, the difference between them is that spectrometers use an optical grating or prism and
multiple sensors to break down the incoming energy into different wavelength or components (Konika
Minolta, 2019).

Most optical Earth Observation (EO) satellite systems obtain physical reflectance information from
the Earth’s surface within the visible (VIS ∼ 400–700 nm), near infrared (NIR ∼ 700–1200 nm) and
short-wave infrared (SWIR ∼ 1200–2500 nm) bands, and others even include thermal infrared (TIR ∼
3–35 µm) bands. Some examples are the MODIS sensor (NASA, 2022a), Landsat-8 Operational Land
Imager (OLI) sensor (USGS, 2022a), Sentinel-2 MultiSpectral Instrument (MSI) sensor (ESA, 2022a),
NASA/NOAA Suomi-NPP Visible Infrared Imaging Radiometer Suite (VIIRS) sensor (NASA, 2022b),
among others. As a result, the output of a satellite image is known as a raster or matrix, where each cell or
pixel has a certain value. These rasters are stacked within a satellite image, and hence each raster stacked
layer represents the data for an specific multi-spectral band.

When applied to vegetated surfaces, the spectral characteristics are a function of the leaf composition,
age and phenology, plant architecture, illumination intensity and viewing angles (Suarez et al., 2015). The
vegetation spectrum can be divided into several wavelength regions. The main responsible of the leaf
low reflectance in the visible region is the leaf pigment pool (chlorophylls, carotenoids and xanthophylls;
Suarez et al., 2015). In the NIR region the leaf absorption/reflection is mainly dependent on the leaf cell
structure, and in the SWIR, absorption/reflection is due to vegetation water content and other compounds
concentration (Ceccato et al., 2002a,b; Chuvieco, 2010; Danson & Bowyer, 2004; Peñuelas & Filella,
1998; Peñuelas et al., 1997).

Hence, remote sensing is a robust tool that can capture physical spectral information within a certain
resolution. This is useful to study multiple variables such as land surface temperatures (Hulley & Hook,
2018; Wan et al., 2015), evapotranspiration (Running et al., 2017), vegetation vigor (Gitelson et al., 1996;
Hardisky et al., 1983; Huete et al., 2002; Rouse et al., 1973; Tucker, 1979), vegetation water content (Gao,
1996; Peñuelas et al., 1997), biochemical composition (Gitelson et al., 2003, 2006, 2001) and so forth.
Most of these variables are indirectly explained through the use of the so-called spectral indices, which are
explained in the following section.

2.3.1 Spectral indices

A spectral index can be defined as a mathematical relationship between physical reflectance to indirectly
explain or estimate (being an independent variable) the behavior of the response to a dependent variable,
like biochemical or biophysical information of vegetation (Salas & Henebry, 2013).

For vegetation, spectral indices seek to explain variables including the chlorophyll and carotenoid
content (e.g. Gitelson et al., 2003; Gitelson & Merzlyak, 1994; Mishra & Mishra, 2012), or variables
related to vegetation moisture content (e.g. Ceccato et al., 2002a,b; Gao, 1996; Hardisky et al., 1983; Huete
et al., 2002; Hunt Jr & Rock, 1989; Peñuelas et al., 1997; Wang et al., 2004), among others. Table 2.1
exhibits some spectral indices with their corresponding formula and author.
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Table 2.1: Selected spectral indices used in vegetation studies, focusing on the photosynthetic pigments
and moisture content indirect retrieval. ρλ corresponds to physical reflectance at wavelength λ (in nm).

Spectral index Name Formula Author

I.G.1† Gitelson Index** ρ775

ρ718
− 1 Gitelson et al. (2003)

WI‡ Water Index
ρ900

ρ970
Peñuelas et al. (1997)

NDVI* Normalized Difference Vege-
tation Index

ρ850 − ρ680

ρ850 + ρ680
Rouse et al. (1973)

D.I.1† Datt Index** ρ780 − ρ710

ρ780 − ρ680
Datt (1999)

NDI† Normalized Difference Index
ρ750 − ρ705

ρ750 + ρ705
Gitelson & Merzlyak (1994)

NDWI‡ Normalized Difference Wa-
ter Index

ρ860 − ρ1240

ρ860 + ρ1240
Gao (1996)

MSI‡ Moisture Stress Index
ρ820 − ρ1600

ρ820 + ρ1600
Hunt Jr & Rock (1989)

NDII‡ Normalized Difference In-
frared Index

ρ850 − ρ1650

ρ850 + ρ1650
Hardisky et al. (1983)

NMDI‡ Normalized Multi-band
Drought Index

ρ860 − (ρ1640 − ρ2130)
ρ860 + (ρ1640 − ρ2130)

Wang & Qu (2007)

† Indices that have been used to estimate photosynthetic pigments.
‡ Indices that have been used to estimate moisture content.
* Indices developed to determine vegetation vigor.
** Indices that do not have an established name.

Usually, in order to develop a spectral index a laboratory bench scale analysis is carried out. This
means that optical instruments like spectrometers are used to retrieve the reflective spectrum within the
instrument spectral resolution for a certain sample. Furthermore, the precision of these instruments in
terms of spectral resolution is high, meaning that these apparatuses obtain spectral information categorized
as hyperspectral data, since spectral-bands are non-existent or quite narrow, thus reflectance is acquired
at a certain wavelength λ. This is not the case for most satellite sensors, whose resulting information is
categorized as multispectral, thus a reflectance value is obtained for a certain bandwidth or wavelength
range. Therefore, if a particular spectral index is going to be applied to satellite data, special consideration
must be taken to use the corresponding bands whose central bandwidth wavelength value is the closest
to the spectral index wavelength value. For example, if NDVI is going to be calculated from MODIS
reflectance information (Vermote & Wolfe, 2015), the reflectance values to be used are those at the 850
and 680 nm wavelengths (see Table 2.1), which corresponds to MODIS Band 2 (B2) and Band 1 (B1),
respectively. However, the bandwidths of these bands are 841–867 nm and 620–670 nm (NASA, 2022a).
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From Table 2.1 it is possible to observe that there are multiple mathematical expressions to calculate a
spectral index. The most common ones are the so-called normalized differences, such as the Normalized
Difference Vegetation Index (NDVI), Normalized Difference Water Index (NDWI), among others. Never-
theless, there are multiple methods to generate a spectral index. In recent years, new techniques have been
applied to create or adjust spectral indices from machine learning algorithms using both classification and
regression in supervised and unsupervised models (e.g. Arevalo-Ramirez et al., 2020; Ramos et al., 2020;
Wang et al., 2017b).

2.3.2 Satellite sensors and products

There is a vast amount of satellites orbiting the Earth, from low Earth orbit (LEO) to geostationary orbit
(GEO). Most Earth Observation (EO) satellites operate in the LEO since it is the closest to the planet
surface allowing the satellite sensor to take images of higher resolution. Satellites in this orbit travel at a
speed of around 7.8 km·s−1, and thus it takes them around 90 minutes to circle Earth (ESA, 2022b).

Satellite information or images are obtained by a sensor, and these images usually undergo several
processing procedures. For example, NASA’s EarthData defines a total of 10 levels for some products
(e.g. Landsat-8; NASA, 2021). “Level 0” data corresponds to reconstructed, unprocessed instrument
data. “Level 1A” refers to data that has undergone a radiometric and geometric calibration, and so forth.
These are usually called satellite-derived products, and in the case of MODIS and VIIRS sensors, a
product refers to a much advanced post-processing method, including the application of several algo-
rithms (e.g. radiative transfer models) to estimate, for example, aerosol optical depth (Hsu et al., 2019),
evapotranspiration (Running et al., 2017), land surface temperature (Hulley & Hook, 2018; Wan et al.,
2015), vegetation indices (Didan, 2015; Didan & Barreto, 2018), total precipitable water content (Gao
& Kaufman, 2015), etc. A list of all NASA’s EarthData products (including VIIRS and MODIS) can be
found in the following website: https://lpdaac.usgs.gov/product_search/?view=list (accessed in May 2022).

Furthermore, there are several types of resolutions within a satellite-sensor and hence for their products.
These are the following (Chuvieco, 2010).

1) Spatial resolution. Refers to the size of the smallest feature that can be detected by a satellite sensor
or displayed in a satellite image. It is usually represented by a single value representing the length
of one side of a square, which is the image pixel. For example, Landsat-8 satellite images have a 30
m spatial resolution, meaning that each pixel represents an area of 30 × 30 m on the ground.

2) Temporal resolution. Refers to the time it takes the satellite to fly through the same location. For
example, NASA’s Aqua/Terra satellites have a temporal resolution of 1 day i.e. it is possible to
acquire daily images from their sensor data.

3) Spectral resolution. Indicates the bandwidth value of the spectral bands that a satellite-sensor
can distinguish. For example, band number 1 of the MODIS sensor has a bandwidth or spectral
resolution of 50 nm. Within this definition is possible to distinguish between multispectral (spectral
bands) and hyperspectral (usually lower than 8 nm, and in some cases under 1 nm) information.

4) Radiometric resolution. Corresponds to the sensitivity of a sensor i.e. to its ability to detect variations
within the spectral radiance that it captures. For example, the MODIS sensor aboard NASA’s Terra
and Aqua satellites has a radiometric resolution of 12-bit, offering a total of 212 = 4, 096 codification
levels per pixel.

A description and procedure on how to download several satellite images or products is detailed in
Appendix A, which can be through data-hubs or using R language (R Core Team, 2021). In addition,
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the work with raster or Geographic Information System (GIS) data is detailed in Appendix B, which is
completely done in R language.

In the following sections, and for the sake of simplicity, only the satellite sensors that are used in this
work are described, which are all open-source and widely used.

2.3.2.1 NASA Aqua/Terra MODIS

The Moderate Resolution Imaging Spectroradiometer (MODIS) instrument is operating on both the Terra
and Aqua spacecraft. The Terra satellite was launched on December 18, 1999 while the Aqua on May 4,
2002. It has a viewing swath width of 2,330 km and views the entire surface of the Earth every one to
two days. Its detectors measure 36 spectral bands and it acquires data at three spatial resolutions: 250 m,
500 m, and 1,000 m (USGS, 2022b). The general characteristics of MODIS sensor can be appreciated in
Table 2.2, while the MODIS bands used for land, cloud and aerosol boundaries and properties are shown
in Table 2.3.

Table 2.2: General characteristics of Aqua/Terra-MODIS. Obtained from Justice et al. (2002).

Orbit 705 km, sun-synchronous, near-polar nominal descending equatorial cross-
ing at 10:30 local time.

Swath 2,330 km ± 55° cross-track.
Spectral bands 36 bands, between 0.405 and 14.385 µm with onboard calibration subsys-

tems.
Radiometric resolution 12 bits.
Spatial resolution at nadir 250 m (bands 1–2), 500 m (bands 3–7), 1,000 m (bands 8–36).
Repeat coverage daily, every 2 day for <∼ 30° latitude.

On the other hand, MODIS uses a Sinusoidal grid tiling system, which are 10° by 10° at the equator.
The tiles are enumerated for horizontal (h) from 0 to 35, and for vertical (v) from 0 to 17. For example,
Central Chile is within the horizontal 12 and vertical 12, which corresponds to tile: h12v12.

Table 2.3: MODIS bands for land, cloud and aerosols boundaries and properties within the VIS/NIR/SWIR
spectrum.

Band Spectral range (nm) Center (nm) Bandwidth (nm) Spatial resol. (m) Description

1 620 – 670 645 50 250 Red
2 841 – 876 858 35 250 NIR
3 459 – 479 469 20 500 Blue
4 545 – 565 555 20 500 Green
5 1230 – 1250 1240 20 500 SWIR 1
6 1628 – 1652 1640 24 1,000 SWIR 2
7 2105 – 2155 2130 50 1,000 SWIR 3
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2.3.2.2 NASA/NOAA Suomi-NPP VIIRS

The Visible Infrared Imaging Radiometer Suite (VIIRS) is aboard two satellites: Suomi National Polar-
orbiting Partnership (Suomi NPP) and National Oceanic and Atmospheric Administration-20 (NOAA-20).
Suomi NPP, which contains five instruments including VIIRS, was launched from Vandenberg Air Force
Base on October 28, 2011. It was the first in a series of four Joint Polar Satellite System (JPSS) satellites, a
collaborative mission between NOAA and NASA, that carries the VIIRS instrument. Its data products are
developed by NASA and are distributed by NASA’s Land Processes Distributed Active Archive Center (LP
DAAC, USGS, 2022c). The general characteristics of the VIIRS sensor can be appreciated in Table 2.4,
while the VIIRS bands used within the VIS/NIR and SWIR regions are shown in Table 2.5. Finally, the
VIIRS sensor uses the same Sinusoidal grid tiling system as MODIS.

Table 2.4: General characteristics of the VIIRS-SNPP sensor. Obtained from NASA (2022b).

Orbit 830 km, sun-synchronous, polar orbiting crossing at 13:30 local time
Swath 3000 km
Spectral bands 22 bands, between 0.415 and 12.013 µm
Radiometric resolution 12 bits
Spatial resolution at nadir 750 m
Repeat coverage nearly global coverage every day

Table 2.5: VIIRS-SNPP bands for land, cloud and aerosols boundaries and properties within the
VIS/NIR/SWIR spectrum.

Band Spectral range (nm) Center (nm) Bandwidth (nm) Spatial resol. (m) Description

M1 402 – 422 412 20 750 VIS 1
M2 436 – 454 445 18 750 VIS 2
M3 478 – 498 488 20 750 Blue
M4 545 – 565 555 20 750 Green
M5 662 – 682 672 20 750 Red
M6 739 – 754 746 15 750 NIR 1
M7 846 – 885 865 39 750 NIR 2
M8 1230 – 1250 1240 20 750 SWIR 1
M9 1371 – 1386 1379 15 750 SWIR 2
M10 1580 – 1640 1610 60 750 SWIR 3
M11 2225 – 2275 2250 50 750 SWIR 4

2.3.2.3 NASA Landsat-8 OLI

The Operational Land Imager (OLI) is one of the two sensors aboard the Landsat-8 satellite. Landsat 8
launched on February 11, 2013, from Vandenberg Air Force Base, California, on an Atlas-V 401 rocket,
with the extended payload fairing (EPF) from United Launch Alliance (NASA, 2022c). Landsat-8 OLI
collects data for visible, near infrared, and short wave infrared spectral bands as well as a panchromatic
band, and its products are distributed by the United States Geological Survey (USGS), which can be found
in USGS EarthExplorer. The general characteristics of the OLI sensor are presented in Table 2.6, while the
OLI bands used within the VIS/NIR and SWIR regions are shown in Table 2.7.
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Table 2.6: General characteristics of the Landsat-8 OLI sensor. Obtained from NASA (2022c).

Orbit 705 km, sun-synchronous, polar orbiting crossing at 10:00 local time.
Swath 185 km cross-track.
Spectral bands 9 bands, between 0.435 and 2.294 µm.
Radiometric resolution 12-bit scaled to 16-bit integers.
Spatial resolution at nadir 30 m.
Repeat coverage 16 days.

On the other hand, OLI products uses the Worldwide Reference System-2 (WRS-2) path/row system,
with a swath overlap (or sidelap) varying from 7% at the equator to a maximum of approximately 85% at
extreme latitudes. For example, path/row = 233/085 images cover most part of the Maule region, Chile.

Table 2.7: Landsat-8 OLI bands for land, cloud and aerosols boundaries and properties within the
VIS/NIR/SWIR spectrum.

Band Spectral range (nm) Center (nm) Bandwidth (nm) Spatial resol. (m) Description

1 430 – 450 440 20 30 Aerosol
2 450 – 510 500 20 30 Blue
3 530 – 590 560 60 30 Green
4 640 – 670 655 30 30 Red
5 850 – 880 865 30 30 NIR
6 1570 – 1650 1610 80 30 SWIR 1
7 2110 – 2290 2180 180 30 SWIR 2
8 500 – 680 590 180 15 Panchromatic
9 1360 – 1380 1370 20 30 Cirrus

2.3.2.4 ESA Sentinel-2 MSI

The MultiSpectral Instrument (MSI) is aboard the Copernicus Sentinel-2A and 2B satellites, which
launched on June 23, 2015, and March 7, 2017, respectively. The MSI measures the Earth’s reflected
radiance in 13 spectral bands from VIS-NIR to SWIR (ESA, 2022a), and its data is processed, archived
and distributed by the Payload Data Ground Segment (PDGS) in Copernicus Open Access Hub. The
general characteristics of MSI sensor are displayed in Table 2.8, while the MSI bands in Table 2.9.

MSI products are 100 × 100 km2 ortho-images in UTM/WGS84 projection. The UTM (Universal
Transverse Mercator) system divides the Earth’s surface into 60 zones. Each UTM zone has a vertical
width of 6° and horizontal width of 8°. For example, most of the Maule Region of Chile is covered by the
following Sentinel-2 tiles: T18HYE, T18HYF, T18HYG and T19HBA.
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Table 2.8: General characteristics of the Sentinel-2 MSI sensor. Obtained from ESA (2022a).

Orbit 786 km, sun-synchronous, two-polar orbiting crossing at 10:30 local time.
Swath 290 km cross-track.
Spectral bands 12 bands, between 0.421 and 2.377 µm.
Radiometric resolution 12-bit.
Spatial resolution at nadir see Table 2.9.
Repeat coverage 10 days.

Table 2.9: Sentinel-2 MSI bands for land, cloud and aerosols boundaries and properties within the
VIS/NIR/SWIR spectrum. Rei correspond to “red edge” i bands, NIRn to narrow-NIR, and W. vapor to
water vapor band.

Band Spectral range (nm) Center (nm) Bandwidth (nm) Spatial resol. (m) Description

1 421.7 – 463.7 442.7 21 60 Aerosol
2 426.4 – 558.4 492.4 66 10 Blue
3 523.8 – 595.8 559.8 36 10 Green
4 633.6 – 695.6 664.6 31 10 Red
5 689.1 – 719.1 704.1 15 20 Re1
6 725.5 – 755.5 740.5 15 20 Re2
7 762.8 – 802.8 782.8 20 20 Re3
8 726.8 – 938.8 832.8 106 10 NIR

8A 843.7 – 885.7 864.7 21 20 NIRn
9 925.1 – 965.1 945.1 20 60 W. vapor
10 1342.5 – 1404.5 1373.5 31 60 Cirrus
11 1522.7 – 1704.7 1613.7 91 20 SWIR-1
12 2027.4 – 2377.4 2202.4 175 20 SWIR-2

2.3.3 Remote sensing of wildfires

In wildfires, the fuel is defined as vegetation, both live and dead, susceptible of burning, which is needed,
for example, as input variables for fire behavior prediction models (Anderson, 1982; Cocero et al., 2004;
Scott & Burgan, 2005). However, the data-scale required for the latter is at the so-called “landscape scale”.
The variables that play a relevant role in a wildfire are vast, from vegetation that burns, fuel moisture
content, biochemical composition, fire weather, and so forth, and the use of remote sensing in wildfires
relies in the acquisition or estimation of those variables (Burgan et al., 1998; Chuvieco et al., 2002; Keane
et al., 2001; Reszka et al., 2020; Salas & Chuvieco, 1995; Yebra et al., 2013). Usually, spectral indices at a
laboratory bench-scale are studied to explain such variables, which are then scaled to the UAV/satellite
level (e.g. Ceccato et al., 2002a,b; Valdivia, 2017; Vaughan, 2001).

In wildfire detection, remote sensing has demonstrated to be a powerful tool. An example of this is the
MODIS MCD64A1 product (Giglio et al., 2015), which corresponds to the combined Terra+Aqua-MODIS
Burned Area product at 500 m spatial resolution. This product has been used for generating databases
such as the Global Fire Atlas database (Andela et al., 2019a,b), the Global Fire Emissions database (Giglio
et al., 2015, 2013; Van Der Werf et al., 2017), and actively used by NASA’s Fire Information for Resource
Management System (FIRMS) to provide active fire data for near-real time monitoring and applications
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(FIRMS, 2022).

Furthermore, remote sensing has several advantages. For example, a global coverage, at a fine,
medium and coarse spatial resolution (e.g. fine: Sentinel-2 MSI, medium: Terra/Aqua-MODIS, coarse:
Aqua’s Atmospheric Infrared Sounder–AIRS), and at a daily-to-medium temporal resolution (e.g. daily:
Terra/Aqua-MODIS, 16-day: Landsat-8). Depending on the satellite-sensor, the spectral bands can be used
to obtain several spectral indices at diverse regions of the electromagnetic spectrum, which can be used to
study the variables mentioned before. In addition, most of these images are completely free to use, and
there is a wide community in the “GIS world” (Geographic Information System; e.g. GIS Stack-Exchange).

Nowadays, most fire danger systems study both the fire weather and the dead fuels condition. The
fire weather corresponds to meteorological variables that directly affect both ignition and propagation
of the fire, such as the ambient temperature, wind speed, precipitation, and relative humidity. Dead fuel
conditions refer to the study of variables including the fine dead fuel moisture content, dry matter content,
etc, which are used in fire danger systems like the Canadian Forest Fire Weather Index (FWI) System
(NRC, 2021; Van Wagner, 1974, 1987), and in the US National Fire Danger Rating System (NFDRS,
Burgan, 1979, 1988; Cohen & Deeming, 1985).

McAllister et al. (2012) studied the flammability of live fuels (pine needles) with the basis that the
most unpredictable and uncontrollable wildfires are those that occur in the tree-canopies of living fuels
(crown fires), and discuss how little is known about the combustion processes of these fires. The study
developed by Dennison et al. (2008) showed a relation between live fuel moisture content (LFMC) and
large wildfires in Santa Monica (California, US). Their findings suggest that large wildfires (with a burned
area over 1,000 ha) only occur when the LFMC was under 77%. Therefore, the study of live fuels should
also be taken into consideration. A review of this variable was carried out by Yebra et al. (2013), where
they state that satellite information provides the opportunity to estimate the live fuel moisture content
through large areas at both good spatial and temporal resolutions (e.g. Chuvieco et al., 2002; Peterson
et al., 2008; Wang et al., 2013; Yebra et al., 2008).

With remote sensing it is possible to acquire information such as monthly cumulative precipitation or
even daily precipitation (Huffman et al., 2014), vegetation vigor/density with spectral indices such as the
NDVI (Rouse et al., 1974), vegetation water content (Gao, 1996), and many more that, for example, derive
from physical radiative transfer models (e.g. aerosol optical depth and aerosol type from SNPP/VIIRS,
Hsu et al., 2019) or reanalysis data (e.g. ECMWF ERA-5 Reanalysis).

As stated by Cocero et al. (2004), “By means of remote sensing, today it is possible, for example, to
determine through time series the historic configuration of an area as well as its environmental gradients
which are the biogeochemical phenomena that directly influence vegetation and fuel dynamics”.
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2.4. Canadian Fire Weather Index

The first wildfire hazard prediction systems emerged in Canada and the USA. For the US, the prediction
system is called “National Fire Danger Rating System” (NFDRS; Bradshaw et al., 1983; Burgan, 1979;
Cohen & Deeming, 1985), whose objective is to evaluate the probability of a wildfire event at a certain
period of time and provide guidelines about its growth (Salas & Cocero, 2004). Canada’s prediction system
is called “Canadian Forest Fire Danger Rating System” (CFFDRS; Van Wagner, 1974, 1987), whose
purpose is similar to the NFDRS, however there is a slight difference, since the CFFDRS incorporates the
Fire Weather Index (FWI), which consists of six components that account for the effects of fuel moisture
and weather conditions on fire behavior (NRC, 2021). Its structure can be observed in Figure 2.1.

Temperature, relative 

humidity, wind, rain
Wind

Temperature, relative 

humidity, rain
Temperature, rain

Fine Fuel Moisture 

Code (FFMC)

Duff Moisture Code 

(DMC)

Drought Code 

(DC)

Initial Spread Index 

(ISI)

Build-up Index 

(BUI)

Fire Weather Index 

(FWI)

Fire

weather 

observations

Fuel

Moisture

codes

Fire

Behavior

indices

Figure 2.1: Structure of the Fire Weather Index system.

Therefore, the Canadian FWI uses the meteorological variables ambient temperature, relative humidity,
wind speed and 24-hours accumulated rainfall at noon to calculate three sub-indices: the Fine Fuel Moisture
Code (FFMC), DuffMoisture Code (DMC) and Drought Code (DC). These indices estimate the humidity
of three layers, the top layer of fine fuel, a second of the duff, and the third of the soil, respectively (Lawson
& Armitage, 2008; Van Wagner, 1987; Van Wagner & Pickett, 1985; Wang et al., 2015; Wotton et al.,
2009). Hence, the first iteration of the FWI must include these values, and the following FWI estimation
will modify it using meteorological data. The definition of the last three variables are mentioned below
(Van Wagner, 1974, 1987; Van Wagner & Pickett, 1985).

1. Fine Fuel Moisture Code (FFMC; unitless) of the previous day. This variable corresponds to a
numeric rating of the moisture content of litter and other cured fine fuels in a forest stand, in a layer
of dry weight about 0.25 kg·m−2. This code indicates a relative ease of ignition and the flammability
of fine fuels.

2. Duff Moisture Code (DMC; unitless) of the previous day. The DMC is a numeric rating of the
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average moisture content of loosely compacted, decomposing organic matter weighing about 5
kg·m−2 when dry. This code gives an indication of fuel consumption in moderate duff layers and
medium-size woody material.

3. Drought Code (DC; unitless) of the previous day. The DC is a numeric rating which represents a
deep layer of compact organic matter weighing around 25 kg·m−2 when dry. This code is a useful
indicator of seasonal drought effects on forests fuels and the amount of smoldering in deep duff
layers and large logs.

The FWI can be categorized into 6 classes of danger as shown in Table 2.10 (Climate Adapt, 2020).

Table 2.10: Canadian Fire Weather Index danger classification. Obtained from Climate Adapt (2020).

Classification FWI values

Very low danger 0 – 5.2
Low danger 5.2 – 11.2
Moderate danger 11.2 – 21.3
High danger 21.3 – 38.0
Very high danger 38.0 – 50.0
Extreme danger > 50.0

Avila et al. (2022) studied both a modified FWI for Central Chile as well as an approximation under
certain weather conditions. The Fire Weather Index approximated (FWIapp) can be used if the following
requisites are satisfied:

− No rainfall

− Low humidity

− High temperatures

− Little variations among the meteorological conditions from one day to another

Hence, if these conditions are satisfied, the humidity derived from the FFMC is approximated using
the drying equilibrium humidity, and some terms such as the m5.31 value within the FFMC equation (see
Eq. (25) of Van Wagner & Pickett, 1985) are discarded considering low humidities (Avila et al., 2022).
Moreover, the Build-up Index (BUI) can be approximated to 2 × DMC ≈ 2N × K, where N is the number
of days and K is the log drying rate. Thus, if the latter is solved, the Fire Weather Index can be estimated
only based on the ambient temperature, relative humidity and wind speed.

31



3 | Methods &Materials
The following chapter will focus on the methodology used for the calculation of the variables to be covered
in the study of the pre-, per-, and post-conditions of the “Las Máquinas” wildfire.

3.1. Area of study

The “Las Máquinas” wildfire was the biggest event of the fires that took place in January 2017, and
occurred in the Maule region, which is located in the central part of continental Chile (35◦ 25’ 36”S,
71◦ 39’ 78”O), with an area of 30,296.1 km2 (see Figure 3.1). By 2017, the region concentrated around
250,000 ha of exotic forest plantations, mostly of Pinus radiata (CONAF, 2017b), small regions of the rare
Nothofagus alessandrii and Jubaea Chilensis, as well as a large SNASPE (protected area) zone unscathed
by the fires. Native and exotic shrub species (McWethy et al., 2018), as well as arable and grasslands
complement the landscape of the Maule region.

The event took place in the Cauquenes, Chanco, Constitución, Empedrado and San Javier municipalities
within the Maule region, which correspond to the five zones shown in Figure 3.1 delimited by a thick black
line with a gray hatched fill, and will be denominated as the Region of Interest or ROI.

3.2. Vegetation

There have been numerous studies that have indicated that the frequency, spatial extent, and duration of a
fire show a close association with climate variability on seasonal to inter-annual and decadal time scales
(e.g. Cardil et al., 2021, Shen et al., 2019, Verdon et al., 2004, Fasullo et al., 2018). Therefore, the analysis
of the pre-event weather, hydrology, vegetation state and their evolution within the region of interest is
pertinent to study the anatomy of the wildfire.

3.2.1 Vegetation density and moisture evolution

Spectral indices such as the Normalized Difference Vegetation Index (NDVI, Rouse et al., 1974) and the
Normalized Difference Water Index (NDWI, Gao, 1996) are used to study the vegetation density/vigor and
moisture content, respectively.

The NDVI data was downloaded using MODIStsp() (Busetto & Ranghetti, 2016) in R (cf. Appendix
A) from January 2010 to January 2022, and corresponds to the product MODIS MOD13A1 - Vegetation
Indices 16 Days at a 500 m pixel resolution. The images were reprojected from MODIS Sinusoidal
coordinates to EPSG:32719 (WGS84 UTM zone 19-South) and the resampling was done using a bilinear
interpolation. The MODIS tile that covers the whole region of interest corresponds to 12-12-12-12 (xmin,
xmax, ymin, ymax), or h12v12. All the downloaded images were cropped and masked to the extent of the
five municipalities (Cauquenes, Chanco, Constitución, Empedrado and San Javier) where the fire took
place (see Section 3.1 and Figure 3.1). Later, all the NDVI values (counts) over 0.3 and under 1.0 within
the ROI from each image were stored in a comma separated value (*.csv) file, since for NDVI ≥ 0.3 it
means that pixels corresponds to healthy vegetation (El-Gammal et al., 2014). Once the latter filter was
carried out, a raster extraction procedure was performed (see Appendix B), and the average NDVI value
for each municipality within the ROI was obtained per image.
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Figure 3.1: General fire location with topography, weather stations, populated areas, and the region of
interest (ROI).

Since there is no product for NDWI, it was computed from MODIS Land Surface Reflectance product
(MOD09GA; Vermote & Wolfe, 2015). As in the case of NDVI, the Land Surface Reflectance products
are downloaded using MODIStsp(). The product category is “Radiation Budget Variables - Land Surface
Reflectance”, and the product name is “Surface Reflectance 8 Days” at 500 m resolution. NDWI is
calculated using the following formula (Gao, 1996).

NDWI =
NIR − SWIR
NIR + SWIR

=
ρ860 − ρ1240

ρ860 + ρ1240
=

B2 − B5
B2 + B5

(3.1)

Where ρ860 and ρ1240 are the reflectance at 860 and 1240 nm, and B2, B5 are the corresponding
MODIS bands for those wavelength values (see Table 2.3). The procedure for computing the NDWI with
MOD09GA is shown in Figure 3.2.

The NDVI data was averaged and extracted for each one the municipalities within the ROI and stored
in an R data frame (which was saved afterwards as a *.csv text file for further analysis).
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Figure 3.2: Procedure to build NDWI from MODIS MOD09GA surface reflectance product. Scale factor
is applied to obtain NDWI values ranging from NDWI ∈ [−1, 1].

3.2.2 Previous fires

Previous fire can give an idea of the amount of vegetation (or fuel) available. These were studied using the
Global Fire Atlas, which is a global database that tracks the day-to-day dynamics of individual fires to
determine the timing and locations of ignitions, fire size, duration, daily expansion, fire line length, speed,
and direction of spread based on MODIS MCD64A1 burned area product (Andela et al., 2019a,b; Giglio
et al., 2015).

The data is available from 2003 to 2016, and can be downloaded from: https://doi.org/10.3334/
ORNLDAAC/1642 (last access in May 2022). Each dataset has several ESRI shapefiles and raster (*.tif)
images. For this study, the ESRI shapefiles containing ignitions are used. The *.dbf files (database
file) within each shapefile data and for each year were opened as a data frame in R using the “foreign”
package (R Core Team, 2022). Each data frame was filtered by the latitude and longitude of the extent of
the ROI (see Section 3.1). As a result, a data frame were each row corresponds to a fire that took place in
the ROI was acquired, which also includes the fire size, location and year. This file was saved as an ESRI
shapefile for further analysis.

3.3. Meteorology

3.3.1 Standardized precipitation index

There are numerous indicators based on rainfall that are used to study/monitor drought (Naresh Kumar
et al., 2009; Smakhtin & Hughes, 2007). However, one of the most widely used indices is based on the de-
viation of rainfall from normal i.e. long term mean, which is called Standardized Precipitation Index (SPI).
This index was developed by McKee et al. (1993) and measures normalized anomalies in precipitation
and has been recommended as a key drought indicator by the World Meteorological Organization (Stagge
et al., 2015).

The SPI quantifies observed precipitation as a standardized departure from a selected probability
distribution function that models the raw precipitation data. The raw precipitation data are typically fitted
to a gamma or a Pearson Type III distribution, and then transformed to a standard normal distribution
(µ = 0, σ = 1). The SPI values can be interpreted as the number of standard deviations by which the
observed anomaly deviates from the long-term mean (McKee et al., 1993; Stagge et al., 2015). Thus, the
SPI values are expressed in standard deviations with positive SPI values indicating greater than median
precipitation (i.e. wet conditions) and negative values indicating less than median precipitation (i.e. dry

34

https://doi.org/10.3334/ORNLDAAC/1642
https://doi.org/10.3334/ORNLDAAC/1642


3.3. Meteorology Chapter 3. Methods & Materials

conditions) (Edwards & McKee, 1997; Naresh Kumar et al., 2009).

As stated by McKee et al. (1993), a long-term series of precipitation accumulations is required to
estimate an appropriate probability density function (at least 30 years). Nevertheless, and since the scope
of this work relies in the use of remote sensing tools, the Integrated Multi-satellitE Retrievals for Global
Precipitation Measurements (IMERG-GPM) satellite images are used (Huffman et al., 2019a), and the
data starts from year 2000 (June) to the present. The images were downloaded from NASA’s EarthData
hub (see Appendix A). The product name used was the “GPM IMERG Final Precipitation Monthly Data”
at a 0.1° × 0.1° spatial resolution (≈ 10 km) version 6 (Huffman et al., 2019a). Once the images are
downloaded, the following steps are required to calculate the SPI.

1) Using the ncdf4 package (Pierce, 2021) in R, the first step is to open the *.H5 image files.1 Once
opened, the latitude, longitude and precipitation variables are retrieved and saved for each image
metadata. Close the file afterwards.

2) The following step was to open the image as a raster granule using the raster package (Hijmans,
2020). For this, it is necessary to explicitly set the extent of the image using the latitude and
longitude obtained in the previous step, as well as the projection of the image (which is WGS84
Geographic coordinates or EPSG:4326).

3) Since the images are a “Global Earth Observation System of Systems” (GEOSS) i.e. world data, the
next step was to crop and mask the resulting raster to the extent of a smaller area. For this purpose a
ESRI Shapefile (extent-box) of the Maule region in WGS84 Geographic projection was used (see
Appendix B.1).

4) Afterwards, a raster reprojection was carried out from WGS84 Geographic coordinates to WGS84
UTM Zone 19-South. Resampling was done using a bilinear interpolation for the precipitation data.

5) The resulting image was cropped and masked once again but now to the extent of the ROI (which is
an ESRI Shapefile containing the five municipalities under study, whose projection is WGS84 UTM
Zone 19-South).

6) Finally, for the whole ROI, a mean precipitation value was calculated i.e. each pixel data within the
ROI was stored and the mean was computed. This value was saved to an R data frame (which is a
generic data object in R to store the tabular data), as well as the year and month of the image.

7) Through a for loop, each *.H5 data-file was processed. As a result, a data frame with three
columns (year, month, mean precipitation) and 192 rows (from january 2001 to december 2016)
was obtained.

To obtain the SPI, the following procedure was carried out.

i. First, this analysis is based on the Pearson Type III distribution, i.e. a 3-parameter Gamma distri-
bution function (Guttman, 1999). This was carried out by using the SPEI package (Beguería &
Vicente-Serrano, 2017) in R.

ii. Since the data was already acquired and saved as an R data frame with three columns: year, month,
and mean precipitation for the ROI, the procedure is straightforward considering that the only two
inputs required are the mean precipitation and the scale (which was settled to 3 for the Pearson Type
III distribution). Once computed, the output is the SPI calculated for each month and year.

Finally, the SPI drought categories can be seen on Table 3.1.

1N.B: the ncdf4 library opens both NetCDF files and HDF5 files.
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Table 3.1: Drought categories for the SPI (McKee et al., 1993).

SPI Drought category

0 to -0.99 Mild drought
-1.00 to -1.49 Moderate drought
-1.50 to -1.99 Severe drought
-2.00 or less Extreme drought

3.3.2 Temperature evolution

Temperature evolution was studied using the maximum monthly temperature from 1979 to 2019 grid
product of the Center for Climate and Resilience Research (CR2, downloaded from: https://www.cr2.
cl/datos-productos-grillados/, last access in May 2022; CR2, 2022), which is in *.NetCDF format. The
product was built using statistical regionalization of the ERA-Interim atmospheric reanalysis data, yet
adding functions to consider local information (such as topography and temperature observations) and
surface temperature estimates by MODIS Land Surface Temperature product (MCD11A1; Wan et al.,
2015).

The workflow is basically the same as the one used in the SPI calculation (see Section 3.3.1), since the
temperature files were opened with the same package used to open the GPM-IMERG precipitation files in
*.HDF5 format, i.e. the ncdf4 package (Pierce, 2021).

The product contains maximum average monthly temperatures of all Chile, i.e. around 480 rasters of
continental Chile, in WGS84 Geographic projection at 0.05° × 0.05° (≈ 5 km) spatial resolution. The data
was reprojected to WGS84 UTM Zone 19-South using the raster library, and the data-pixels within the
ROI were all extracted and averaged to obtain the maximum mean temperature value for each monthly
dataset. Finally, the results were stored in a data frame for further analysis.

3.4. Per-event analysis

The per-fire analysis consists in the study during the wildfire.

3.4.1 Burned area

Three different satellite products were used to calculate the burned area of the event: MODIS (product
MCD64A1 v006 burned area monthly; Giglio et al., 2015), Landsat-8 OLI images of Level-2 data (surface
reflectance with atmospheric correction), and Sentinel-2 MSI data at Level-1C. The sen2r package
(Ranghetti et al., 2020) was used in R to perform atmospheric, terrain and cirrus correction at the Top-
Of-Atmosphere (TOA) for Sentinel-2 data, delivering Bottom-Of-Atmosphere (BOA) reflectance images.
MODIS MCD64A1 was studied with daily images from January 20th to February 4th (2017) to quantify
the total burned area. Landsat-8 and Sentinel-2 images were obtained from USGS EarthExplorer, while
MODIS images were downloaded using the MODIStsp() (Busetto & Ranghetti, 2016) package in R.

Pre- and post-fire Landsat-8 and Sentinel-2 images were acquired from ∼ 1 month prior and after the
event. Three images (three for pre-fire and three for post-fire) of each satellite sensor were assembled to
build the ROI (all images had < 0.5% cloud pixels within the ROI). For Landsat-8 these three images
were path/row: 001/084, 001/085 and 233/085, while for Sentinel-2 the tiles were T18HYE, T18HYF and

36

https://www.cr2.cl/datos-productos-grillados/
https://www.cr2.cl/datos-productos-grillados/


3.4. Per-event analysis Chapter 3. Methods & Materials

T18HYG. For the MODIS MCD64A1 product, tile h12v12 contained all the ROI’s extent. Each mosaic
(and tile h12v12 for MODIS data) was cropped and masked to the extent of an ESRI shapefile of the ROI.
For both Landsat-8 and Sentinel-2 BOA data the following spectral indices were computed: Normalized
Difference Vegetation Index (NDVI; Rouse et al., 1974) Normalized Difference Water Index2 (NDWI;
McFeeters, 1996), Normalized Burn Ratio (NBR; Key & Benson, 1999, 2006) and its temporal difference
between pre- and post-fire, i.e. the delta Normalized Burn Ratio (dNBR; Key & Benson, 2006), which
can represent the optimal separation of burned pixels from unburned ones and provide an scaled index
representing the burn severity (Van Wagtendonk et al., 2004). The normalized burn ratio can be calculated
using the following expression (Key & Benson, 2006).

NBR =
NIR − SWIR
NIR + SWIR

(3.2)

where NIR and SWIR correspond to the near-infrared and short-wave infrared bands for the specific
satellite-sensor product. For Landsat-8 data, the long-SWIR Band 7 (SWIR2) and NIR band 5 were used,
while for Sentinel-2 data, the SWIR-2 Band 12 and NIR Band 8A (narrow-NIR) were used. The dNBR is
computed using the following equation.

dNBR = NBRprefire − NBRpostfire (3.3)

Since the dNBR is an absolute difference, and thus can present problems in areas with low pre-fire
vegetation cover, the Relativized Burn Ratio (RBR; Parks et al., 2014) was also calculated. This can be
determined by the following expression.

RBR =
(

dNBR
NBRprefire + 1.001

)
(3.4)

Threshold values for each index (θ for dNBR and ψ for RBR) relied on the following assumptions:
(i) NDWI must be lower than zero, and (ii) NDVI pre-fire must be greater than 0.25, meaning that only
vegetation and non-water pixels can burn. Several threshold values for dNBR and RBR were studied.
Severity level according to dNBR values are shown in Table 3.2, while a flowchart of the burned area
procedure is shown in Figure 3.3.

Table 3.2: Severity levels and its corresponding dNBR ranges. Obtained from Key & Benson (2006).

Severity level dNBR range

Enhanced regrowth, high -0.500 to -0.251
Enhanced regrowth, low -0.250 to -0.101
Unburned -0.100 to 0.090
Low severity 0.100 to 0.269
Moderate-low severity 0.270 to 0.439
Moderate-high severity 0.440 to 0.659
High severity 0.660 to 1.35

2N.B: this index is the NDWI for water bodies, not water within vegetation as the NDWI proposed by Gao (1996).

37



Chapter 3. Methods & Materials

Landsat-8 OLI 

images

Sentinel-2 MSI 

images

Start

NDVI ≥  0.25?

End

Compute 

NDVI & NDWI

NDWI <  0?

Compute raw

dNBR & RBR

Pixel value = NA

Pixel value = 1

Generate NDVI & 

NDWI mask

No

YesYes

No

Multiply dNBR & RBR 

by NDVI and NDWI 

mask

Burned area 

numeric value

Apply dNBR & RBR 

threshold values

dNBR ≥  θ?RBR ≥  ψ?

Pixel value = NA

Pixel value = 1 NoNo

YesYes

Frequency of ‘1’, 

multiply it by pixel 

resolution

Figure 3.3: Flowchart for the acquisition of burned area derived from Landsat-8 OLI and Sentinel-2 MSI
sensors. θ and ψ correspond to the threshold values for the dNBR and RBR, respectively.

3.4.1.1 Fire evolution

The MODIS MCD64A1 is a monthly fire-anomaly product (Giglio et al., 2015). If there was a fire during
a particular month, the corresponding monthly image will display a pixel value where the fire took place,
and the value of the latter corresponds to the numeric Julian day (also known as day of year, DOY, from
1–365 for non-leap years) in which the event took place, otherwise, the image is filled with NA cells, i.e.
“not available” or missing data. Thus, it is possible to filter pixels within fires that occurred on an specific
day, and hence build daily-rasters with this information. As a result, the damage per day is obtained during
the “Las Máquinas” wildfire time frame. These images were studied from January 20 to February 4, 2017.

3.4.2 Maximum fire radiative power

One of the most important variables for characterizing wildfires is fire radiative power (FRP), which is
retrieved from the radiance at the 4 μm spectral band (mid-infrared) of satellite sensors and represents
the radiative energy that is released from actively burning fires and can also indicate fuel consumption
and fire emissions (Klein et al., 2019; Li et al., 2018). FRP product can be obtained for both MODIS and
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VIIRS sensors. However, there are some differences. The MODIS MOD14A1 corresponds to an 8-day fire
anomaly product at 1000 m spatial resolution (Giglio et al., 2015), while VIIRS VNP14A1 corresponds to
daily fire anomalies at the same spatial resolution of the MODIS product (Schroeder & Giglio, 2018). In
the study developed by Li et al. (2018), the results indicated that the VIIRS fire characterization capability
is similar across swath, whereas MODIS is strongly dependent on satellite view zenith angle, and that
the VIIRS and MODIS FRP relationship varies between different spatial scales. In fire clusters, MODIS
and VIIRS FRP estimates are very comparable, except for large boreal forest fires where VIIRS FRP is
approximately 47% smaller.

Since the objective is to study the evolution of the fire radiative power during the event, the VIIRS
product suits better for accomplishing this task. VIIRS VNP14A1 was downloaded via NASA’s EarthData
hub (see Appendix A). The downloaded images are in Hierarchical Data Format-5 (*.h5). Since it is
not a trivial procedure to reproject Sinusoidal coordinates, NASA’s HDF-EOS to GeoTiff Conversion
Tool (HEG) was used. HEG output corresponds to raster images in WGS84 Geographic projection, that
can now be analyzed in R. Note that the mask layer of the product (fire mask) was used to consider only
fire-related pixels within the FRP raster images.

3.4.3 Land use inventory

The National Land Use Inventory (LUI) was developed by CONAF (2016), whose last update was done in
year 2016. This LUI comes as an ESRI shapefile data (vector file), which has over 20 variables. Some of
them are the land-type, land-use type, species, forest type, canopy height, etc. This data file is used for
several pre-fire and post-fire analyses, including the affected species and land cover type.

3.4.4 Affected species

Affected species were obtained using both the Chilean Land Use Inventory (LUI; CONAF, 2016) and the
total burned area obtained from MODIS MCD64A1 product (see Section 3.4.1). The procedure consisted
in the following.

a) The LUI (which is a polygon or vectorized dataset) was cropped to the extent of the ROI. Afterwards,
the data was separated by layers among the species variable. The results correspond to multiple
polygon files (or shapefiles) of the different species within the ROI. This was executed using the
raster package (Hijmans, 2020) in R.

b) The resulting burned area raster of MODIS burned area product was vectorized i.e. the raster was
converted to a vector-polygon or “shapefile”.

c) The resulting polygons of the first step were rasterized i.e. converted to raster data, and were cropped
and masked to the extent of the burned area polygon. All the pixels within the burned area polygon
were extracted, multiplied by the pixel resolution and converted to hectares. As a result, an R “data
frame” table with the species and its corresponding burned area is obtained.

3.4.5 Land cover type

Land cover classification was obtained using the MODIS MCD12Q1 product (Friedl & Sulla-Menashe,
2019). This product corresponds to combined Aqua/Terra-MODIS data that provides global land cover
types at yearly intervals since 2001. The product comes in *.hdf (hierarchical data format) format with
layers including six different classification schemes, such as: Annual International Geosphere-Biosphere
Programme (IGBP), Annual University of Maryland (UMD), Annual Leaf Area Index (LAI) classification,
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among others. The one used for this study was the International Geosphere-Biosphere Programme (IGBP).
Each image has pixel values ranging from 1 to 17, and each one corresponds to a particular IGBP
classification (Sulla-Menashe & Friedl, 2018), which can be seen in Appendix C (cf. Table C.1). For
example, if a pixel value is “1”, then that pixel is dominated by evergreen conifer trees with a canopy
height greater than 2 m and a tree cover > 60%. All the images were downloaded using MODIStsp in R
(see Appendix A).

3.4.6 Air quality

Aerosols are solid and liquid particles suspended in the atmosphere, which have significant effects on
global climate change, directly by scattering or absorbing solar shortwave radiation and indirectly by
modifying cloud properties. Recently, the Deep Blue Aerosol (DBA) algorithm has been successfully
applied to the Visible Infrared Imaging Radiometer Suite (VIIRS) to expand the long-term aerosol records
over land and ocean (He et al., 2021; Sundström et al., 2015; Wei et al., 2019). In the following sections the
VIIRS-SNPP Deep Blue Aerosol product will be used to calculate the smoke generation and its evolution
as well as the aerosol optical depth (AOD).

3.4.6.1 Smoke generation & evolution

Smoke was studied using the VIIRS-SNPP Deep Blue Aerosol (DBA) L2 6-km product (Sayer et al.,
2018). The deep blue algorithm uses the blue wavelength channels possessed by the VIIRS, MODIS
and SeaWiFS satellite sensors. However, the algorithm has achieved better results with the VIIRS sensor
with a higher spatial resolution, improved smoke mask, dust aerosol optical depth (AOD) models, among
others (He et al., 2021). At the blue wavelengths, the surface reflectance is dark and fairly stable and thus
helps retrieve AOD over otherwise bright surfaces, such as deserts, barren rocks, and urban areas (NASA
LAADS, 2018). Assuming a lambertian and homogeneous surface, the algorithm calculates (1) the total
radiance at the top-of-atmosphere, which is estimated as a function of the surface reflectance depending
on the land cover type, and (2) the aerosol retrievals based on look-up tables generated by the radiative
transfer model for a range of solar and satellite viewing geometry as well as aerosol and surface conditions
(Hsu et al., 2013, 2019, 2004).

Daily images from January 20 to February 10, 2017, were downloaded from NASA’s EarthData hub.
The product is in NetCDF format, and the layer used was the “Aerosol Type Land”. Working with these
products is not straightforward, since there is no projection assigned to the NetCDF files. The procedure is
described below. In addition, a flowchart is shown in Figure 3.4.

1. Using the ncdf4 package (Pierce, 2021) in R, the NetCDF files were opened. The problem is that
these products do not come with the coordinate system incorporated in the metadata and hence it is
not possible to assign a projection or even reproject it to the desired coordinate system. Therefore,
the longitude, latitude and the aerosol type value were extracted from the NetCDF files (since these
are variables within the product), and stored in an R data frame table.

2. An empty raster was created to a smaller ROI (using the longitude and latitude values). The
projection of the latter raster layer was settled to geographic coordinates i.e. WGS84 (latlong) or
EPSG:4326.

3. Finally, the gstat package (Pebesma, 2004) was used to interpolate the information within the R
data frame table with the empty raster. The following steps were carried out for the interpolation.

3.1. NA values (missing values) were removed from the R data frame.
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Figure 3.4: Flowchart for working with VIIRS-SNPP Deep Blue Aerosol product in R. DBA stands for
“Deep Blue Aerosol” product, DF to R data frame, NA to missing values, and idw to inverse distance
weighted interpolation.

3.2. Using the sf package (Pebesma, 2018), the data frame was converted to an sf (simple features)
object.

3.3. The empty raster data was also converted to an sf object.

3.4. Using the gstat package, the idw (inverse distance weighted interpolation) function was used
to interpolate the data, were the locations parameter corresponds to the aerosol type data
and the newdata parameter corresponds to the empty raster data (of the data frame created in
the previous step). The result is a data frame with simple features and two variables (columns):
the index value, and the geometry (longitude and latitude).

3.5. The index values were assigned to the empty raster, and the result is a RasterLayer which
can now be used to extract the data. The following step is to reproject the raster to WGS84
UTM 19-South coordinate system, which was done using the raster package. Finally, the
resulting grid was cropped and masked to the extent of the Región del Maule shapefile and
stored for analysis.

According to the product metadata, the pixel values for the “Aerosol Type Land” layer are those shown
in Table 3.3. Therefore, only pixel values of 1, 2 and 3 were considered for the analysis i.e. any other pixel
value was settled to NA.
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Table 3.3: Pixel values and variable name for VIIRS-SNPP Deep Blue Aerosol layer “Aerosol Type Land”
(obtained from the product metadata).

Pixel value Variable

0 Dust
1 Smoke
2 High altitude smoke
3 Pyrocumulonimbus clouds
4 Non-smoke fine mode
5 Mixed
6 Background

3.4.6.2 Aerosol optical depth

Aerosol optical thickness (or depth, AOD) is the single most comprehensive variable of the remote mea-
surement and assessment of aerosol load in the atmosphere distributed within a column of air. This variable
is an essential atmosphere parameters for climate change assessment as well as for total ecological situation
study (Filonchyk et al., 2019). The Deep Blue Aerosol (DBA) algorithm is used with the VIIRS-SNPP
data to compute the aerosol optical thickness for both land and ocean (the latter using SeaWiFS) (Hsu
et al., 2013, 2019; Sayer et al., 2018).

The product used for the analysis correspond to the VIIRS/SNPP Deep Blue Aerosol L2 6-km product
(Sayer et al., 2018), which is the same used in Section 3.4.6.1 for computing the studying smoke generation.
However, the layer used for this analysis corresponded to the “Aerosol Optical Thickness 550 Land”,
which is the Deep Blue aerosol optical thickness at 550 nm over land. The procedure is the same used in
Section 3.4.6.1, being the only difference the layer (variable) name and the data-type, since the smoke data
was categorical, while the AOD data is a continuous variable with pixel values ranging from 0 to 5. An
AOD of less than 0.1 is “clean” - characteristic of clear blue sky, bright sun and maximum visibility. As
AOD increases to 0.5, 1.0, and greater than 3.0, aerosols become so dense that sun is obscured. Sources of
aerosols include pollution from factories, smoke from fires, dust from dust storms, sea salt, and volcanic
ash and smog (NEO, 2022).

3.4.6.3 Carbon emissions

One of the chemical outputs derived from a wildfire is carbon. Fire carbon emissions were obtained from
the Global Fire Emissions Database (GFED version 4.0; Van Der Werf et al., 2017). The algorithm used in
the product is based on the Carnegie–Ames–Stanford Approach (CASA) biogeochemical model, using the
MODIS burned area product (Giglio et al., 2015, 2013) as the input variable. The spatial resolution of
the product is 0.25° × 0.25° (≈ 28 km), and the images are stored in hierarchical data format-5 (*.h5).
Yearly worldwide images from 2010 to 2017 were downloaded from https://www.geo.vu.nl/~gwerf/GFED/
GFED4/ (visited in April 2022). Each *.h5 file contains, among others, monthly carbon emission data
in g·m−2. The layer used was the “emissions/01/C”, which corresponds to January carbon emissions.
The working procedure for this data is the same used for retrieving the Deep Blue Aerosol variables (see
Section 3.4.6.1), since the *.h5 files are opened using the ncdf4 package (Pierce, 2021) in R.
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3.4.7 Canadian Fire Weather Index

In this section, the four parameters that are needed to compute the Canadian Fire Weather Index (FWI) are
discussed, and a methodology for their acquisition is described.

3.4.7.1 Wind speed

Wind speed (Ur) at a fine-size mesh resolution (≈ 760 m) was simulated with the WindNinja V3.6.0
software (Firelab, USDA – Forest Service; Forthofer et al., 2014). The first parameter is the surface input,
where a landscape file (LCP) was used. A landscape file is a multi-band raster format commonly used
by wildland fire behavior and fire effects models such as FARSITE and FlamMap, and was generated in
FlamMap V6.0 software (Firelab, USDA – Forest Service; Finney, 2006). The LCP consists of a binary
file containing a compilation of ASCII (raster) data, which includes the following.

i. Digital elevation model (DEM). The DEM used was the Alos-Palsar, which has a pixel resolution of
12.5 m and was downloaded from the “Infraestructura de Datos Espaciales de Chile” (IDE-Chile;
CIREN, 2017b)

ii. Slope. The slope was computed in R software using the raster library from the DEM file, in
degrees.

iii. Aspect. The aspect was computed in R software using the raster library from the DEM file, in
degrees.

iv. Fuel model. The fuel model file was computed using the Chilean land use inventory (LUI; see
Section 3.4.3) of 2016 (CONAF, 2016). The methodology consisted in classifying the fuels within
the “land use” variable of the LUI into one of the Albini (1976) classes. The description of each
class was taken from Anderson (1982). For example, a “dense shrubland” is categorized as a fuel
model 4, which corresponds to Chaparral 6 feet (within the Chaparral and shrub fields).

v. Canopy cover. The canopy cover was generated within the four available categories or classes,
which are the following. Class 1: 1-20% canopy cover, Class 2: 21-50%, Class 3: 50-80%, and
Class 4: 81-100% canopy cover, with zero cover specified by 0. These classes were generated from
the “coverage” data within the LUI. For example, a “very-dense” value was cataloged with the
canopy cover class 4.

Once each file was ready, they were resampled in R to the DEM resolution and saved as ASCII format.
Afterwards, those files were used in FlamMap V6.0 to generate the landscape file.

The wind simulation in WindNinja requires both the surface file (landscape file) and the weather station
data. Within the ROI, there are a total of 8 weather stations, whose locations can be seen in Figure 3.5.
The data of each one was downloaded from the Chilean National Agroclimatic Network (AGROMET;
https://www.agromet.cl/ – last access in May 2022). It is important to mention that there is a simultaneous
study carried out at this point, which corresponds to both the acquisition and analysis of the land surface
temperature used for the NSAT estimation (see Section 3.4.7.2), since the wind simulation is executed at
the closest weather station date-time to the satellite overpass time (or to the product acquisition), which
depends if the land surface temperature product used is from Aqua or Terra (MYD11A1 or MOD11A1;
(Wan et al., 2015)). Hence, for each image the time is acquired from the “Day_view_time” layer of the
M*D11A1 product. For a particular image at a certain date and time, the weather station data was filtered
to match the closest to that date-time and the variables required (e.g. wind direction, wind speed, air
temperature, etc) were extracted and stored as a *.csv file following the order of the WindNinja’s weather
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Figure 3.5: Weather stations location within the region of interest (ROI).

station file for the point-initialization wind speed simulation. A mass conservation solver was used (the
only available solver in WindNinja for a point-initialization simulation). The output result is a vector
(ESRI Shapefile) with wind speed data simulated at 10 m height. The vector file was rasterized (converted
to raster) in R using the raster library for further analysis.

3.4.7.2 Near-surface air temperature

Two methodologies were studied to estimate the Near-surface air temperature (NSAT), which are (i)
a physically-based surface energy balance, and (ii) a statistical approach using regression models and
machine learning regression algorithms.

3.4.7.3 NSAT by energy balance

The thermodynamic equilibrium between turbulent transport processes in the atmosphere and laminar
processes in the sub-surface manifests itself in the land surface energy balance, which can be expressed as
the following (Bastiaanssen et al., 1998a).
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q̇′′n = q̇′′sens + q̇′′soil + q̇′′lat , (3.5)

where q̇′′n corresponds to the net surface radiation flux (W·m−2), q̇′′sens is the sensible heat flux to the
atmosphere (W·m−2), q̇′′lat is the latent heat flux (W·m−2), and q̇′′soil is the soil heat flux (W·m−2). A sketch
for the energy balance at the surface is shown in Figure 3.6.

Figure 3.6: Surface energy balance.

The sensible heat flux can be determined by equation (3.6) (Bastiaanssen et al., 1998a).

q̇′′sens =
ρcp

ra
(Ts − Ta) (3.6)

where ρ and cp are the air density (kg·m−3) and specific heat at a constant pressure (J·kg−1·K−1), Ts

is the surface temperature (◦C), Ta is the near-surface air temperature (◦C), and ra is the aerodynamic
resistance (s·m−1), which is a momentum transfer resistance between a reference height and the surface
(Hou et al., 2013; Thom & Oliver, 1977). The latter can be estimated using the following model developed
by Thom & Oliver (1977).

ra = 4.72 ·
ln2

(
z/zo

)
1 + 0.54 Ur

(3.7)

where z is the reference height (m) at which the wind speed Ur is measured, and zo is the surface-
roughness length that reflects the roughness at the border of the land surface and the atmosphere. This
parameter is mainly influenced by vegetation, water, buildings and any other land cover (Hou et al., 2013).

Soil heat flux (q̇′′soil) is variable within a day, but its magnitude is small as compared to q̇′′n or q̇′′lat and
therefore it is possible to assume the value of q̇′′soil as a constant over the day (Batra et al., 2006). Moran
et al. (1989) proposed the following relationship between q̇′′soil and q̇′′n .

q̇′′soil = q̇′′n 0.583 e (−2.13 NDVI) (3.8)

where NDVI is the Normalized Difference Vegetation Index (Rouse et al., 1974). Combining equations
(3.5), (3.6) and (3.8), the NSAT can be expressed by equation (3.9).

Ta = Ts −
ra

ρcp

(
q̇′′n

{
1 − 0.583 e (−2.13 NDVI)

}
− q̇′′lat

)
(3.9)
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Where Ts is the land surface temperature and is obtained from MODIS MYD11A1 product (Wan et al.,
2015). NDVI is computed from both MODIS MYD13A1 vegetation indices (Didan, 2015) and MODIS
MYD09GA surface reflectance (Vermote & Wolfe, 2015) products. Radiation used was the total downward
shortwave radiation (DSR) from MODIS MCD18A1 product (Wang, 2017), which is an estimate of the
total amount of shortwave radiation (both direct and diffuse) that reaches the earth surface. The latent
heat flux (q̇′′lat) is obtained from MODIS MYD16A2 net evapotranspiration product (Running et al., 2017),
where the average latent heat flux layer is used. Note that the units of the q̇′′soil layer are in J·m−2·day−1,
and hence it was converted to W·m−2 after applying the corresponding scale factor. The wind speed (Ur)
is the same speed simulated in WindNinja (see Section 3.4.7.1) at the flyover time of Aqua satellite, which
is within a raster layer of the MYD11A1 product. The output-height of the simulated wind speed data is
at 10 meters height, and thus z = 10 m. Finally, zo is computed using the roughness length results of the
SEBAL model (Bastiaanssen et al., 1998a,b), where the land cover is divided into five types: water, grass,
forest, farmland, and city areas, whose respective values are 0.005, 0.02, 0.5, 0.2, and 0.15 (Hou et al.,
2013). These values are applied to the Chilean Land Use Inventory (LUI; CONAF, 2016) data within the
region of interest (ROI) i.e. the five municipalities, and subsequently, the resultant vector (or shapefile)
with zo information is rasterized. Finally, both air density and specific heat at constant pressure were used
as a constant value at standard ambient temperature and pressure (298 K), i.e. ρ = 1.170 kg·m−3 and
cp = 1.007 kJ·kg−1·K−1 (Bergman et al., 2011).

All the satellite data was resampled to the extent and resolution of the land surface temperature product
(MYD11A1 ∼ 1 km) with the raster package (Hijmans, 2020) in R using a bilinear interpolation for
continuous variables (e.g. Ur) and nearest neighbor for categorical variables (e.g. zo). Note that all the
MODIS products are from Aqua satellite (MYD). Furthermore, radiation (q̇′′n ) DSR product comes at
different times per day (multiple layers), and hence the layer used was the one that minimized the time
difference against MODIS MYD11A1 land surface temperature product. NDVI from MODIS MYD13A1
and q̇′′lat from MODIS MYD16A2 are averaged rasters that come at a temporal resolution of 16 and 8 days,
respectively, and hence the closest image to the land surface temperature day of study was used per day
of analysis. Finally, a validation of the NSAT was carried out comparing the results against the weather
station NSAT measurements at the closest time of the land surface temperature product. The weather
stations used for validation are those in Figure 3.5.

3.4.7.4 NSAT by regression models

Zhang et al. (2014) developed an improved satellite-based approach for estimating vapor pressure deficit
from MODIS data. To accomplish their objective they used the ambient temperature (NSAT) as one of
the independent variables for their model from the basis that NSAT and land surface temperature (Ts) are
two different concepts, yet its high correlation has been confirmed in numerous studies (e.g. Good et al.,
2017; Kawashima et al., 2000; Mutiibwa et al., 2015). Furthermore, the authors discuss that because of the
complexity and influence of solar radiation, cloud cover, wind speed, and soil moisture, evaluating NSAT
from surface temperature based on surface energy balance is difficult. The model proposed by Zhang et al.
(2014) is based on the assumption that the relationship between NSAT and Ts will only be influenced by
NDVI and the total precipitable water content (PW), where the latter corresponds to the amount of liquid
water that would be obtained if all the vapor in the atmosphere within the vertical column was compressed
to the point of condensation (Dupont et al., 2008). Hence, the model proposed by Zhang et al. (2014) is
the following.

Ts − NSAT = k0 + k1 · NDVI + k2 · PW (3.10)
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where k0, k1 and k2 are regression coefficients determined by statistical methods. The regression
analysis was carried out for MODIS Terra, MODIS Aqua, and VIIRS-SNPP information. For MODIS, Ts

is obtained from MODIS MCD11A1 (MOD11A1 for Terra and MYD11A1 for Aqua) product (Wan et al.,
2015) while PW is obtained from MODIS MOD05 product (Gao & Kaufman, 2015). For VIIRS-SNPP,
Ts was obtained from VNP21 Land Surface Temperature and Emissivity 6-min L2 Swath 750 m (Hulley
& Hook, 2018), which also contains a layer with PW data. MODIS MOD05 and VIIRS-SNPP VNP21
were downloaded from NASA’s EarthData (see Appendix A). The two products do not have an established
tile system for the ROI, meaning that there might be days where only one image is necessary to cover the
ROI, while there are other days in which more than one image is required to obtain the information for
the whole ROI. Thus, all images were downloaded using the corner coordinates or extent of the region of
interest. The following steps were carried out to study the regression models. A flowchart of the procedure
is shown in Figure 3.7. The following sections report the steps that were carried out to build each model.

3.4.7.4.1 Building the regression dataset

Building the dataset stands for the retrieval of all the variables data tabulated in data frames for the posterior
regression analysis. For PW and Ts, daily images of January from 2010 to 2016 for both Aqua/Terra-
MODIS, and daily images of January from 2012 to 2016 for VIIRS-SNPP (since the starting operation
of VIIRS-SNPP was on January 2012) were downloaded. The raster information was extracted from the
pixels where the weather stations are located within the ROI.

Since NDVI is also a required variable to develop the regression model proposed by Zhang et al. (2014),
three different products were used: MODIS MOD13A1 (Didan, 2015), MODIS MOD09GA (Vermote &
Wolfe, 2015) and VIIRS VNP13A1 (Didan & Barreto, 2018). Both MODIS products were downloaded
using MODIStsp package in R (see Appendix A), while VIIRS VNP13A1 was downloaded from NASA’s
EarthData. MODIS MOD09GA corresponds to the daily surface reflectance product, and hence NDVI
was computed using the following formula (Rouse et al., 1974).

NDVIMOD09GA =
ρNIR − ρRED

ρNIR + ρRED
=

B2 − B1
B2 + B1

(3.11)

where, ρNIR and ρRED are the reflectance (ρ) bands at the near-infrared (NIR) and red regions, which
correspond to MODIS bands B2 and B1, respectively. Instead, MOD13A1 and VNP13A1 are a 16-day
product with pixel values already corresponding to the NDVI, and hence for each day of analysis, the
closest NDVI data to the land surface temperature image day of study was used.

MODIS MOD05 product was downloaded from NASA’s EarthData, and since this atmospheric product
is a non-constant 5-min swath granule, there are more data granules (or images) towards high latitudes (it
is not a constant tiled product as M*D11A1 or any other non-atmospheric MODIS products), and therefore
more observations are available in a single day. Hence, for each day of study, the MOD05 image with the
lowest time difference with MODIS M*D11A1 was used. For MOD05 product, the time was extracted
from the product metadata, which is in UTC (Universal Time Coordinated), and thus was transformed
to local timezone (America/Santiago). For M*D11A1 product, the layer “Day_view_time” within the
product was extracted and processed. This layer contains the local time at the overpass time of the satellite
at a pixel level, i.e. each pixel has a numeric value of local time acquisition. The image was cropped and
masked to the extent of the ROI and the mean of the pixels time was calculated. Once both times are
acquired, it is then possible to obtain the MOD05 image with the lowest time difference with respect to
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M*D11A1 product per day of analysis.

Finally, the weather station data for ambient temperature and other variables at the 8 weather
stations within the ROI was downloaded from AGROMET (National Agroclimatic Network; https:
//www.agromet.cl/ – last access in May 2022). Depending on the weather station, the data is stored every
30 minutes or 1 hour. The weather station data was extracted for the closest date-time of the M*D11A1
daily product.

Once all the previous steps are done, an algorithm that goes through all the satellite-derived products
extracts the pixel value at the weather station location and stores them in a data frame. At the same time,
the algorithm filters the weather station data for the closest date-time of the M*D11A1 product and stores
the data within the same data frame. As a result, a table with all the variables is obtained.

3.4.7.4.2 Training datasets

After the dataset with all the required regression data is acquired, this data is filtered for dates under
2017–01–01, which corresponds to the training dataset. Multiple linear regression models as well as
machine learning regression algorithms are applied to the training dataset. Each regression model was
built based on the following expression.

NSAT ∼ Ts + PW + NDVI (3.12)

being Ts, PW and NDVI the independent variables, and NSAT the dependent variable. A brief
definition of the regression models used in this study is presented below.

1. Multiple linear regression models were developed using Eq. (3.12). The data per row of the data
frame correspond to extracted pixel-values at the weather stations locations, and the weather station
NSAT measured values. Note that both MODIS and VIIRS NDVI products were studied for the
models.

2. Machine Learning regressions. For this analysis, the independent and dependent variables are the
same as in the multiple linear regression model. Three regression algorithms were used to study the
NSAT, which are the following.

2.1. Decision trees (DT). This algorithm can be used for both regression and classification problems,
and corresponds to a non-parametric decision tree that uses a binary recursive partitioning
scheme by splitting two child nodes repeatedly, starting with the root node, which contains the
complete learning sample (Breiman et al., 1984). Each node in the tree structure characterizes
a feature, with corresponding branches representing possible values connecting features and
leaves representing the class that terminates a series of nodes and branches (Awad & Khanna,
2015). Using the rpart package (Therneau & Atkinson, 2022) in R, a decision tree model
was developed for the regression model datasets.

2.2. Support vector machines (SVM). This algorithm corresponds to a supervised learning method
that analyzes data and recognizes patterns. Support vector regression (SVR) is the name of
SVM for regression models, and it gives a little bit more buffer to a regression model compared
to a linear regression, since it generates an epsilon sensitive tube whose objective is to settle
the margin limits or allowed discrepancies (error) of the data (Awad & Khanna, 2015). Using
the e1071 package (Meyer et al., 2021) in R, an svm model was developed for the training
dataset.
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2.3. Random forests (RF): This algorithm is a supervised learning method that uses the ensemble
learning approach for regression. Ensemble learning method is a technique that combines
predictions from multiple machine learning algorithms to make a more accurate prediction than
a single model, in which “weak learners” collaborate to form “strong learners”, using a large
collection of decorrelated decision trees (Awad & Khanna, 2015). Using the randomForest
package (Liaw & Wiener, 2002) in R, a random forest regression model was developed for the
training dataset.

Once all the regression models are applied, each one is saved as a *.RDS file, which is a native Rdata
format to store R objects.

3.4.7.4.3 Testing datasets

The resulting dataset generated in Section 3.4.7.4.1 is filtered for rows whose dates are greater than
2017–01-01, which corresponds to the testing dataset (January 2017 data). Since LST, PW and NDVI data
is within raster files (and all the rasters have the same resolution and extent), the centroids of each cell was
extracted and tabulated in a data frame. Hence, each regression model obtained in the previous section is
opened and applied to the latter data frame.

The statistical analysis for the results focuses on the model efficacy against weather station NSAT data,
which is carried out using the Root Mean Square Error (RMSE) and the Pearson’s correlation coefficient
(r), which are calculated as the following.

RMSE =

√√
1
n

n∑
i=1

(
ŷi − ywsi

)2
(3.13)

r =
∑n

i=1(xi − x)(yi − y)√∑n
i=1(xi − x)2

√∑n
i=1(yi − y)2

(3.14)

where ŷi and ywsi are the estimated NSAT and measured NSAT at weather station location at the ith
data frame row. On the other hand, xi and x are the ith estimated NSAT value and its mean within all the
dataset, respectively, while yi and y are the ith NSAT measured at the weather station and its mean value
within all the dataset, respectively.

3.4.7.5 Precipitation

Integrated Multi-SatellitE Retrievals (IMERG, Huffman et al., 2014) for Global Precipitation Measurement
(GPM) satellite images were used to obtain daily precipitation in mm. The product used was GPM
IMERG Final Precipitation L3 day 0.1° × 0.1° (≈ 11 km) V06, which represents the final estimate of daily
accumulated precipitation (Huffman et al., 2019b). The image field or layer used was the Multi-Satellite
precipitation estimate with gauge calibration. The data was obtained from NASA’s EarthData hub, and was
resampled in R to match the extent and resolution of the M*D11A1 (Land Surface Temperature MODIS
product).

3.4.7.6 Relative humidity

Relative humidity (RH) can be defined as the ratio of the actual water vapor pressure ea to the equilibrium
vapor pressure over a plane of water es (often called the saturation vapor pressure; Lawrence, 2005).

RH =
ea

es(Ta)
, (3.15)
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Figure 3.7: Flowchart for the NSAT estimation by regression models.

where ea corresponds to the actual vapor pressure (kPa), es is the saturation vapor pressure at the air
temperature (kPa), and Ta is the ambient/air temperature (or NSAT, in ◦C). The temperature to which an
air parcel at initial temperature Ta and pressure P must be cooled isobarically to become saturated is Tdew,
and hence the definition is normally expressed in terms of the vapor pressure as the following.

es(Tdew) = e(Ta) (3.16)

To express the dew point temperature in terms of the relative humidity, an expression for the dependence
of the saturation vapor pressure on the ambient temperature is required (es(Ta)). A review and evaluation
of both theoretical and empirical saturation vapor pressure expressions was studied by Gibbins (1990).
From those, one of the most widely used empirical expressions is the Magnus formula, which is the
following.
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es(Ta) = C1 exp
[

A1 Ta

B1 + Ta

]
(3.17)

Alduchov & Eskridge (1996) evaluated this expression and recommended the following values for
the coefficients: A1 = 17.625, B1 = 243.04◦C, and C1 = 610.94 Pa. These provide values for es(Ta) with
a relative error of < 0.4% over the range −40◦C ≤ Ta ≤ 50◦C (Lawrence, 2005). If expression (3.17) is
substituted in (3.16), the dew-point temperature can be expressed by the following.

Tdew =

B1

[
ln

(
RH
100

)
+

A1 Ta

B1 + Ta

]
A1 − ln

(
RH
100

)
−

A1 Ta

B1 + Ta

(3.18)

which, according to Lawrence (2005), corresponds to a highly accurate conversion from RH to Tdew.
However, the variable under study is RH, therefore expression (3.18) can be rewritten as shown in equation
(3.19).

RH = 100 · exp
[

A1 Tdew

B1 + Tdew
−

A1 Ta

B1 + Ta

]
(3.19)

This expression was used to compute RH, and the coefficients employed are those proposed by
Alduchov & Eskridge (1996) mentioned before. Ta is the estimated NSAT (near surface air temperature,
see Section 3.4.7.2), and the dew-point temperature was retrieved by the MODIS M*D07 Atmosphere
Profile Product (Borbas & Menzel, 2017). This corresponds to a 5-min L2 swath at a 5 km pixel resolution.
Since it is a “swath product”, it is not tiled as a constant image through time, and there might be more than
one image per day. The working procedure to compute RH is shown in Figure 3.8.
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Convert to rasterStack 

object (using GDAL & 

raster)

Assign projection and 

extent from image 
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(using GDAL)
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with one layer of 

merged Tdew

Start

Filter Tdew images by 

closest NSAT time Store the resulting  

Tdew rasters

Compute RH End
Store 

RH images

Figure 3.8: Flowchart for the relative humidity calculation.

51



Chapter 3. Methods & Materials

Note that the images are in Hierarchical Data Format (*.hdf), and hence the image metadata is opened
using the GDAL (rgdal) package (Bivand et al., 2022) in R. Once the metadata is known, the image is
opened using the raster package (Hijmans, 2020) in R, particularly using the stack function, since the
product is multi-layered, i.e. it comes with multiple Tdew images for different altitudes considering the
standard atmosphere. The projection (geographic coordinates − WGS84) and the extent of the image
was assigned to the latter rasterStack object and the scale factor (s f ) and “add offset” (ao) values were
applied using the following expression.

Tdew, f =
[
s f · (Tdew,i − ao)

]
− 273.15 (3.20)

where Tdew,i is the raw dew-point temperature obtained from the rasterStack object. According
to product information, s f = 0.009999999776482582 and ao = −15000. After applying both the scale
factor and “add offset”, the result will be in Kelvin, and subtracting 273.15, the result is the dew-point
temperature Tdew, f in degrees Celsius. These images were stored with their acquisition time in the output
filename, which is in Coordinated Universal Time (UTC), and hence was converted to local time using the
chron package (James & Hornik, 2020) in R.

Finally, using the date and local time of the NSAT images, the closest Tdew raster was used to compute
the relative humidity. For the sake of simplicity, Tdew images were resampled to the extent and resolution
of the NSAT images using the raster package in R. Thus, with both NSAT and Tdew rasters with the same
resolution and extent, Equation (3.19) was applied to each pixel to obtain the relative humidity.

3.4.7.7 Calculation of the Fire Weather Index

Once all the previous variables are calculated (NSAT, precipitation, RH and wind speed), the following
step is to compute the FWI. For this, the cffdrs package (Wang et al., 2017a) in R was used, since it has
all the FWI equations described by Van Wagner & Pickett (1985). Using the package, it is possible to set
initial conditions for the FWI calculation. These conditions are within a rasterStack containing the
Fine Fuel Moisture Code (FFMC), DuffMoisture Code (DMC), and the Drought Code (DC). For more
information see Section 2.4.

For every day-iteration, the algorithm calculates the three variables, as well as the Built-Up Index
(BUI), which is an indicator of the amount of fuel available for combustion (based in the DMC and DC),
and the Initial Spread Index (ISI), which is a combination of wind and the FFMC that represents a rate of
spread alone without the influence of fuel-based variables (Van Wagner, 1974).

The initial conditions were studied using the European Centre for Medium-Range Weather Forecasts
(ECMWF) data, particularly the world-grilled data for the “Fire danger indices historical data from
the Copernicus Emergency Management Service” (Di Giuseppe et al., 2020; Vitolo et al., 2020, 2019),
downloaded from: https://cds.climate.copernicus.eu/ (last access in May 2022). The product corresponds
to a Global Land Reanalysis at a 0.25°× 0.25° resolution (≈ 28 km). Average data from the last 11 days of
December from 2010 to 2016 was used to compute the mean of the FFCM, DMC and DC ratings at the
ROI. These were rasterized in R and stacked (converted to a multi-layer raster object) in order to use it for
the FWI calculation. Additionally, the month of the year was set to 1 (January) with latitude adjustment
(taken from the rasters projection). The workflow for the FWI calculation is shown in Figure 3.9.
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Figure 3.9: Flowchart for the Canadian Fire Weather Index (FWI) calculation using the cffdrs package
in R.

3.4.7.8 Calculation of the approximated Fire Weather Index

In the study developed by Avila et al. (2022) a simple formula based on a reduction of the FWI equation-
parameters is used to calculate the index under certain conditions specified in Section 2.4. The equations
used were the following.

ln(B) ≈ ln (0.1 × 0.208 f (W) f (F) f (D))

≈
...

ln(B) ≈ 0.05039 u − 0.1386
(
0.942 RH0.679 + 11e

RH−100
10 + 0.18(21.1 − Ta)(1 − e−0.115 RH)

)
+

+ ln (1.912 × 40) (3.21)

Where, f (W), f (F) and f (D) are the wind, fine fuel moisture, and duff moisture functions, respectively,
and B, u, RH and Ta are the FWI in its intermediate form, wind-speed (in km·h−1), relative humidity (in
%), and air temperature (in degrees Celsius). Finally, using equation (3.21), the approximated Fire Weather
Index (FWIapp) can be calculated using the following expression.

FWIapp = exp
(
2.72 · {0.434 ln(B)}0.647

)
(3.22)

Therefore, this approximation approach for the FWI only requires the wind-speed, u, the relative
humidity, RH, and the NSAT, Ta, for its calculation. There is no need for the initial parameters such as the
fine fuel moisture code, duff moisture code, drought code nor the precipitation data.
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This chapter is divided in three main sections: (i) “Vegetation”, which study the fuel conditions (pre-,
per-, and post-fire) and pre-fires within the ROI, (ii) “Meteorology”, which describes the meteorological
variables within the ROI, and (iii) “Las Máquinas wildfire”, which addresses the per-fire conditions, burned
area, fire evolution, air quality, among others.

4.1. Vegetation

Since the fuel that feeds the combustion process of wildfires is vegetation, it is relevant to analyze the flora
evolution prior to the event, as well as the consequences on it after the event.

4.1.1 Vegetation evolution

The Normalized Difference Vegetation Index (NDVI), which was one of the earliest remote sensing
analytical products used to simplify the complexities of multi-spectral imagery, is now the most popular
index used for vegetation assessment (Huang et al., 2021). There are multiple conclusions that can arise
from the NDVI, however the most common ones are those that use the NDVI as an indicator of vegetation
health and growth (Coops & Stone, 2005; McVeagh et al., 2012), which can be encompassed in the term
vigor. The evolution of this index, as well as the Normalized Difference Water Index (NDWI; Gao, 1996),
which is used as an indicator of water content within vegetation, were studied in the ROI from January
2010 to March 2022 at a temporal resolution of 16-days using the MODIS MOD13A1 product (Didan,
2015). NDVI results are shown in Figure 4.1a, while NDWI results are presented in Figure 4.1b, both at a
municipality scale within the ROI.

For both the NDVI and NDWI a similar cyclical behavior within a year is observed, where its highest
values are achieved in the austral winter season (June-July-August). Moreover, prior to the “Las Máquinas”
wildfire (which is represented by the vertical dashed line in Figure 4.1), all of the averaged-NDVI (for each
municipality) had a slight tendency to increase, excepting the Empedrado municipality, whose average
NDVI has remained slightly constant. Before the event (2010–2016 data), Empedrado had the highest avg.
NDVI compared to the other municipalities within the ROI, which can be seen in Table 4.1, while both
pre-fire NDVI and NDWI data distribution are shown in Appendix D (cf. Figure D.1).

During the wildfire days, it is clear that the NDVI had its lowest values. Moreover, only from this set

Table 4.1: Average NDVI pre- and post-fire per municipality within the ROI. P. diff (%) stands for
percentage difference of Avg. NDVI prefire and Avg. NDVI postfire.

Municipality Avg. NDVI prefire Avg. NDVI postfire P. diff (%)

Cauquenes 0.593 ± 0.065 0.597 ± 0.085 0.63%
Chanco 0.702 ± 0.045 0.746 ± 0.049 6.11%
Constitución 0.713 ± 0.029 0.699 ± 0.046 -1.93%
Empedrado 0.721 ± 0.034 0.634 ± 0.058 -12.81%
San Javier 0.591 ± 0.053 0.575 ± 0.068 -2.65%
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Figure 4.1: Pre-, per- and post-fire a) averaged NDVI evolution at a 16-day temporal resolution from
MODIS MOD13A1, and b) averaged NDWI evolution at a 8-day temporal resolution from MODIS
MOD09GA product. Vertical dashed line corresponds to January 20, 2017, the “Las Máquinas” wildfire
start day.

of results it is possible to observe that the most affected municipality, in terms of severity to its flora, was
Empedrado, followed by Constitución, Cauquenes, San Javier and Chanco, in that order. Furthermore,
it is possible to notice that Chanco was slightly affected by the event from the NDVI point of view.
Vegetation recovery has been slightly different for each municipality. For example, until March 2022,
i.e. five years later, Empedrado has not yet reached its NDVI pre-fire values. Considering the last NDVI
post-fire cycle i.e. from January 2021 to march 2022, a percentage difference of -12.81% was found
between avg. NDVI pre-fire and last-cycle post-fire NDVI. The latter can be seen in Table 4.1.
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4.1.2 Previous fires

Previous fires are important to study the anatomy of “Las Máquinas” wildfire from the point of view of
locations more fire-prone and the relationship between the event and the fuel availability, which can be
related with the NDVI analysis.

The previous fires are shown for both location and size in Figure 4.2, where it is interesting to observe
that prior the “Las Máquinas” event, the closest wildfires to this date took place in the Constitución
municipality (north of the ROI) shown in orange-to-red colors, where the village of “Santa Olga” and
the town of “Constitución1” are located. The biggest wildfire prior the “Las Máquinas” event took place
at around 15 km to the east of Santa Olga (marked as a populated area), with a size of ≈12,500 ha,
which has been the single largest wildfire before the “Las Máquinas” event (at least from the Global
Fire Atlas database; Andela et al., 2019a,b). In addition, it is interesting to notice that there were no
wildfires in the Empedrado municipality (center of the ROI) for at least 8 years before the “Las Máquinas”
fire. Furthermore, no fire has occurred in the entire period under study at the Chanco municipality (at
the west of the ROI), at least not within the Global Fire Atlas database, which is one MODIS pixel i.e.
∼ 460 m × 460 m ≈ 210, 000 m2 ≈ 21 ha (Andela et al., 2019a).
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Figure 4.2: Map of previous fires (before the “Las Máquinas” wildfire) using the Global Fire Atlas
database from 2003 to 2016. The map shows the fire locations per year of the event (by color) and
magnitude (size), as well as the populated areas (P. areas) within the ROI i.e. the five municipalities. The
map coordinate system is WGS84 UTM Zone-19 south.

1N.B: There is a town named “Constitución” within the “Constitución” municipality.
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Figure 4.3: Fire counts and burned area taken from the Global Fire Atlas database from 2003 to 2016
within the ROI.

An additional observation is that in Empedrado and Chanco, the average NDVI had the highest values
prior to the “Las Máquinas” wildfire (see Section 4.1.1). Particularly for Empedrado, the average NDVI
right before the fire was around 0.67, which means that, on average, that particular municipality had
healthy and high density vegetation. Hence, both the absence of wildfires over time and high NDVI values
within Empedrado indicate a high fuel availability.

Fire counts and burned area (per year) within the ROI were also studied. The results are shown in
Figure 4.3. As it is possible to observe, fire counts usually remain constant through years. However, in the
year 2006 there were a total of 26 fires with a total burned area of ∼3,000 ha, while in 2015 there were a
total of 6 fires yet the affected area was around 16,000 ha, i.e. more severe fires. The average fire counts
for the 2003−2016 data was 5, while the mean burned area was 2,500 ha.

4.2. Meteorology

4.2.1 Temperature evolution

According to the Global Climate Change Vital Signs of NASA (Shaftel et al., 2018), the Earth’s global
surface temperature in 2017 increased by 0.9◦C relative to the average temperatures between 1951 and
1980. With a change in climate come weather anomalies that can drastically affect populations of certain
areas. In extreme cases, these changes in global temperature can subject people to a greater risk of natural
disasters. And in that matter, wildfires are one of the biggest threats (Rossiello & Szema, 2019). Therefore,
a study of the monthly averaged maximum temperature evolution within the ROI was carried out. For
this, a gridded maximum temperature product developed by the CR2 (Center for Climate and Resilience
Research) based on the ERA-Interim reanalysis data was used (CR2, 2022). The results are shown in
Figure 4.4.

Note that each data-point in Figure 4.4 corresponds the mean of the product for all the pixels within the
ROI, i.e. the mean of the monthly-averaged maximum temperatures at the ROI. As it is possible to observe,
there is a negligible trend for the maximum monthly temperature. A mean of all the data is 20.02± 4.50◦C.
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Figure 4.4: Average maximum temperature within the ROI from January 1979 to December 2019. Red
line corresponds to the data trendline (linear regression), while the gray zone is the confidence interval.
The blue dashed line corresponds to the “Las Máquinas” wildfire start date.

Furthermore, right before the “Las Máquinas” wildfire (the month before, i.e. December 2016), the highest
maximum temperature for all the dataset was registered, with a value of 28.9◦C, being the highest found
since 1979 within the ROI according to the data. This result is very important, since it characterizes a
weather-based risk variable for the pre-fire analysis.

This findings are consistent with the results obtained by CONAF (2017a), not from the maximum
temperature point of view but from the “month of records” conclusion in terms of temperatures and
drought.

4.2.2 Drought analysis using the SPI

The Standardized Precipitation Index (SPI) was calculated using monthly precipitation images derived
from the IMERG-GPM satellites (Huffman et al., 2019a) from 2001 to 2016 (all available data). Since the
objective of this work is to use remotely-sensed data, the IMERG-GPM was the best option to obtain the
monthly precipitation for computing the SPI. Nevertheless, it would have been interesting to compare the
SPI derived from IMERG-GPM data against measured precipitation data at the weather stations within the
ROI, but unfortunately the weather stations data within the ROI are only available from 2010 onwards.
Thus, calculating the SPI from 2010 to 2016 would not consider the drought impact, and hence its analysis
is statistically superfluous. Therefore, the only possible comparison is with the ERA-Interim reanalysis
data. However, the CR2 built a monthly precipitation dataset based on the ERA-Interim reanalysis product
but calibrated for Chile (CR2, 2022), which is used for this study. This data has a 0.05° pixel-resolution
(≈ 5 km), while IMERG-GPM has a 0.1° pixel-resolution (≈ 11 km). Using both products, the SPI was
calculated and the results are shown in Figure 4.5.

As it is possible to observe from Figure 4.5, Figures 4.5a and 4.5b exhibit a similar behavior. However,
IMERG-GPM data (Figure 4.5a) shows a more severe drought during the 2010–2011 and 2013–2014
timeframes than the SPI calculated with the CR2 data, manifested in lower SPI values and a broader area.
Nevertheless, both results show that there had been severe and persisting drought, and just before the
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Figure 4.5: Standardized Precipitation Index using monthly precipitation for the ROI from a) IMERG-
GPM satellite images from 2001 to 2016, b) CR2 data from 2001 to 2016, and c) CR2 data from 1979 to
2016. The vertical dashed line in c) represents January 2001, the starting date for a) and b).

wildfire (year 2016), there was a severe drought, with SPI values close to -2.0 for the IMERG-GPM data,
and even under -2.0 for the CR2 data. Furthermore, from Figure 4.5c it is possible to observe the SPI
evolution since 1979, and maybe the drought had not been as severe from the SPI value point of view,
however the persistence of the drought has increased since 1998 for the ROI. With the objective to study
the SPI based on a more quantitative method, the area under the curve (AUC) was calculated for both
datasets as the following.

AUC =
n∑

i=1

SPIi ∆xi (4.1)

where i corresponds to the date, and ∆xi to the interval between date i and i − 1 or xi − xi−1. The SPI
AUC results are shown in Figure 4.6. The discrete AUC corresponds to the ∆x interval AUC value, i.e. the
result for each i within AUCi in Equation (4.1), while the cumulative AUC is the consecutive sum of the
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Figure 4.6: AUC of the Standardized Precipitation Index using monthly precipitation for the ROI from a)
IMERG-GPM satellite images from 2001 to 2016, b) IMERG-GPM satellite images from 2008 to 2016, c)
CR2 data from 1979 to 2016, and d) CR2 data from 2008 to 2016.

discrete AUC.
From Figure 4.6 it is possible to observe that for the IMERG-GPM data (Figure 4.6a) the SPI area

under the curve has been continuously decreasing since 2009. Moreover, if only the AUC for the SPI
between 2008 and 2016 is analyzed (Figure 4.6b) the results are only negative bars from year 2009 onwards
(from cumulative AUC). The same results are obtained from CR2 data (Figure 4.6c and 4.6d). Therefore,
the findings suggest that there has been a persistent and severe drought within the ROI from 2009 until the
event, which are the same results found by Garreaud et al. (2020) for Central Chile.
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An interesting analysis to carry out is the validation of the SPI from a statistical approach. Using the
monthly-obtained α and β Gamma distribution coefficients from the SPI results, it is possible to calculate
the theoretical Gamma distribution function for each month.

X ∼ Γ(α, β) ≡ Gamma(α, β) (4.2)

f (x;α, β) =
e−x/βxα−1

βα Γ(α)
, 0 ≤ x < ∞, α, β > 0 (4.3)

F(x;α, β) =
∫ x

0
f (u;α, β) du (4.4)

where F(x;α, β) is the cumulative distribution function. Once the integral in Eq. (4.4) is evaluated
for each α and β coefficients and for each month of analysis, this value can be compared to the empirical
cumulative distribution function of the precipitation data of each month (which is calculated in R).
Finally, knowing both the theoretical Gamma distribution and the empirical cumulative distribution, the
Kolmogorov–Smirnov (Kolmogorov-Smirnov, 2008) test (K-S) is applied to both distribution functions,
where the following hypotheses are studied.Ho : Both distributions follow the same distribution (Gamma)

Ha : They do not follow the same distribution

Ho and Ha are the null and alternative hypothesis for the K-S test. The latter is evaluated with the
p-value, which is defined as the probability, calculated under the assumption that the null hypothesis is
correct, of having outcome as extreme as the observed value in the sample (Greenland et al., 2016). If a
p-value is less than 0.05 means a rejection of the null hypothesis. The results for both the IMERG-GPM
and CR2 data can be seen in Table 4.2.

Table 4.2: Statistical p-value results with the Kolmogorov Smirnov test for the IMERG-GPM and CR2

data. The values with the asterisk symbol are those within the null hypothesis of the K-S test, meaning that
both the theoretical and empirical distribution functions follow the same Gamma distribution.

Month p-value GPM p-value CR2 (2001-2016) p-value CR2 (1979-2016)

January 0.0350 0.0933* 0.0001
February 0.4263* 0.0350 0.0049
March 0.7164* 0.4263* 0.1445*
April 0.2145* 0.4263* 0.0446
May 0.0933* 0.0933* 0.0109
June 0.0933* 0.2145* 0.0227
July 0.7164* 0.9999* 0.5452*
August 0.4263* 0.4263* 0.0227
September 0.0001 0.0001 0.0001
October 0.0030 0.0112 1.1×10−5

November 0.0350 0.0112 3.1×10−6

December 0.0933* 0.0112 8.2×10−7

Two conclusions can be obtained from Table 4.2. The first one is that SPI IMERG-GPM achieved
a more statistically-strong results than the CR2 data, meaning that there are more months whose data
distributions are actually a Gamma distribution under the employment of the K-S test, and thus resulting in
a well-built SPI. Second, comparing the results of the two time-ranges analysis of the CR2 SPI, the results
were better for the 2001–2016 period than for the 1979–2016 timeframe, since for the latter there are less
statistically significant results within each month based on the p-value.
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4.3. Las Máquinas wildfire

4.3.1 Burned area

The burned area of the “Las Máquinas” wildfire was studied using combined Aqua/Terra-MODIS data
(MODIS MCD64A1 product), and pre- and post-fire reflectance images of both Landsat-8 & Sentinel-2.
Whereas the MODIS product comes with processed burned-pixel values, spectral indices were computed
for both Landsat-8 and Sentinel-2 images to analyze the burned area. The spectral indices used were the
delta Normalized Burn Ratio (dNBR; Key & Benson, 1999, 2006; Van Wagtendonk et al., 2004) and the
Relativized Burn Ratio (RBR; Parks et al., 2014). Hence, the burned area relies on the threshold values
used for the indices, and thus the variation of these and its associated burned area was studied. The results
are shown in Figure 4.7.

According to CONAF, the burned area of the fire was 218,076 ha (calculated from the official burned
area ESRI shapefile distributed by CIREN, 2017a, the Chilean Natural Resources Information Center).
They calculated this area using both MODIS MCD64A1 data and in situ observations. This value
corresponds to the upper-bound of the rectangle with red-filled area in Figure 4.7. On the other hand, if
only MODIS MCD64A1 data is used, the burned area obtained is 193,804 ha, which corresponds to the
lower-bound of rectangle in Figure 4.7. These values are useful to establish a pseudo-calibration procedure,
since CONAF burned area is corrected in situ and the MODIS MCD64A1 algorithm has been widely
validated among several ecosystems and, moreover, usually its burned area results are underestimated
(Giglio et al., 2009; Roy & Boschetti, 2009). Hence, using this methodology, the dNBR and RBR threshold
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Figure 4.7: Burned area versus index threshold value for Landsat-8 and Sentinel-2 images using the dNBR
and RBR spectral indices. The point shapes indicate the satellite, while the line color and type indicates
the spectral index. The filled area is delimited in the top by the official burned area given by CONAF,
while the bottom corresponds to the MODIS MCD64A1 calculated area.
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values for Landsat-8 and Sentinel-2 data should be the following (within the red-filled area of Figure 4.7).

dNBR Landsat-8 : θL8 ∈ [0.12, 0.155]

dNBR Sentinel-2 : θS2 ∈ [0.19, 0.22]

RBR Landsat-8 : ψL8 ∈ [0.08, 0.12]

RBR Sentinel-2 : ψS2 ∈ [0.15, 0.175]

where θ and ψ are the dNBR and RBR threshold values, respectively. A visual result of the burned
area using MODIS MCD64A1, Landsat-8 and Sentinel-2 at certain threshold values can be observed
in Figure 4.8. From these results, at equal threshold values for both Landsat-8 and Sentinel-2, some
differences are perceivable throughout the images. For example, in both cases there are burned pixels
in Chanco municipality (west of the ROI), yet no burned pixels are observed for MODIS MCD64A1
image in that municipality. Furthermore, there is no report from CONAF mentioning wildfires in Chanco.
Moreover, as it was studied in the Vegetation section (see Section 4.1.1), there was no significant decrease
in the average NDVI for the latter municipality. Nevertheless, Chanco’s boundary with Empedrado was
affected according to MODIS results (Figure 4.8a), and that might be the reason of the slight decrease
in the average NDVI for that municipality. It is because of the latter that it was interesting to study the
dNBR severity (Key & Benson, 2006) for both Landsat-8 and Sentinel-2 images, whose results are shown
in Figure 4.9. From the last figure it is possible to observe that all the dNBR pixels in Chanco municipality
are within the range of low and moderate to low severity, but mainly low severity values.

Moreover, high severity dNBR values can be observed in Constitución, Empedrado and San Javier
municipalities. Particularly, high severity pixels were found in the surroundings of the village of Santa
Olga and Nirivilo, although in the former a much more severe situation is observed.

In addition, from Figure 4.9 it is also possible to observe that Sentinel-2 categorized low severity pixels
in places where Landsat-8 did not (e.g. south-east of the ROI). This might be because of 1) differences in
sensors-pixel resolution, and 2) band differences used to compute the NBR for each product, since the NIR
band used for Sentinel-2 is the Narrow-NIR (Band 8A), which has a bandwidth of 21 nm, while Landsat-8
NIR band (Band 5) has a bandwidth of 30 nm. Nevertheless, both SWIR and NIR bands are centered at
the same wavelength. Finally, the mean and standard deviation dNBR values for Sentinel-2 and Landsat-8
were 0.22± 0.28 and 0.15± 0.28, respectively, hence it is clear that, on average, Sentinel-2 obtained higher
dNBR values.
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Figure 4.8: Burned area for a) MODIS MCD64A1 product, b) Landsat-8 OLI with θL8 = 0.135, and
c) Sentinel-2 MSI with θS2 = 0.205. Considering the dNBR threshold values mentioned before, the
Landsat-8 and Sentinel-2 burned area results were 204,440 ha and 204,450 ha, respectively. While the
affected surface with MODIS MCD64A1 was 193,804 ha. Coordinate system of the map is WGS84 UTM
Zone 19-South. Background image is Landsat-8 OLI pre-fire in grayscale.
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Figure 4.9: Burned area severity using the dNBR values from Key & Benson (2006). a) correspond
to Landsat-8 dNBR, and b) Sentinel-2 dNBR. Map coordinate system is WGS84 UTM Zone 19-South.
Background image corresponds to ESRI-satellite world imagery data.
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4.3.2 Fire evolution

The evolution of the fire front was computed using MODIS-MCD64A1 product. The daily burned area
evolution (only fires per day) registered by the latter product are shown in Figure 4.10.

Figure 4.10: Burned area evolution calculated using MODIS MCD64A1 product between Julian days
020–035 (January 20 to February 4th, 2017) within the ROI. Each image corresponds to daily data.
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Furthermore, both cumulative and daily burned area results are shown in Figure 4.11. From both
figures it is possible to observe that the most catastrophic days during the fire were between January
25th and 26th. In those days, according to the MODIS product, around 85,000 hectares were burned.
Nevertheless, CONAF estimated a total burned area of 115,000 ha between those days (CONAF, 2017a),
but no methodology was found for the estimation within the official information. However, and since their
total burned area estimation was carried out from both MODIS data and in situ observations, it is possible
that this methodology was applied. Since MODIS MCD64A1 product has a bias to underestimate the
burned area (see Section 4.3.1), hence that surface area difference is plausible. Although note that the area
estimated by CONAF is around 44% higher than MODIS MCD64A1 for those days.
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Figure 4.11: Burned area evolution calculated using MODIS MCD64A1 product between Julian days 020–
035 (January 20 to February 4, 2017) within the ROI. Left Y-axis (cyan bars) corresponds to cumulative
burned area, while right Y-axis (red line) is the daily burned area values.

4.3.3 Maximum fire radiative power

Maximum daily fire radiative power (FRP, in MW) was obtained from daily VIIRS-SNPP VNP14A1
images. The FRP images are shown in Figure 4.12. From the last figure it is possible to observe that there
are some pixel values with FRP > 1500 MW, which can be seen in DOY 021 around 4 km to the south of
the Empedrado municipality (located in the center of the ROI), as well as in DOY 023 towards the south of
the same municipality and finally in DOY 026 at the Constitución municipality (north of the ROI), around
5 km to the north-west of the village of Santa Olga. Note that this last value was recorded a couple of
hours after the fire destroyed Santa Olga.

On the other hand, product MODIS M*D14A1 thermal anomalies (Giglio & Justice, 2021) was studied
from both Terra and Aqua satellites at a 1 km pixel resolution. However, this is an 8-day product meaning
that 8-day data is stored within each image. The only image with FRP values from January 1 to February
28 were those of January 25 (for both satellite platforms), which has information from January 17 to 25.
The results are shown in Figure 4.13.

As it is possible to observe, Aqua-MODIS registered more FRP pixels and higher maximum FRP values
than Terra and VIIRS, which might be due to smoke conditions. Analyzing both the daily-burned area
product (see Figure 4.10) and the daily FRP (Figure 4.12), it is possible to conclude that the maximum FRP
values registered by Aqua-MODIS are from DOY 025, which is the day that Santa Olga was completely

66
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Figure 4.12: Maximum fire radiative power (FRP) obtained from VIIRS-SNPP VRP14A1 product between
Julian days 020 – 035 (January 20 to February 4th, 2017) within the ROI. Each image corresponds to daily
data. FRP units are in MW.
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Figure 4.13: Maximum fire radiative power (FRP) obtained from M*D14A1 product for Terra-MODIS
(left) and Aqua-MODIS (right) for January DOY 017–025 of 2017 within the ROI. Each image corresponds
FRP values obtained through those dates. FRP units are in MW.

decimated by the wildfire. The maximum FRP values registered by Aqua-MODIS were located within a 7
km radius of Santa Olga, from the north to the east. Furthermore, if a 7 km buffer is studied from Santa
Olga’s location, the mean FRP value obtained is 827.3 MW of energy released by the fire and measured by
Aqua-MODIS at the days when the village was destroyed.

Finally, it seemed interesting to compare these results with the fire severity derived from the dNBR
analysis (see Section 4.3.1, cf. Figure 4.9). All the FRP values above 1,400 MW resulted in dNBR pixel
values between 1.0 and 1.1 with dNBR calulated from both Landsat-8 and Sentinel-2 data, which means a
high severity (Key & Benson, 2006). Nevertheless, it was expected that more pixels within those values
were observed from VIIRS data, but as it was mentioned before, the smoke conditions within the ROI,
and particularly in the Constitución municipality, might have had an impact in the retrieved data. Li et al.
(2018) studied FRP from both VIIRS-SNPP and MODIS, and concluded that VIIRS fire characterization
was similar to FRP derived by MODIS, yet for large boreal forest fires VIIRS FRP was approximately
47% smaller. Aqua-MODIS registered 57 pixels with FRP values above 2000 MW, which corresponded to
around 2,700 ha of land releasing that amount of energy. In contrast, VIIRS-SNPP registered 3 pixels with
FRP values above 2000 MW. Nevertheless, the difference is not straightforward due to the fire plume and
different satellite overpass times.
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4.3.4 Affected populated areas

The most affected populated areas were those within both the Empedrado and Constitución municipalities,
located at the center and north of the ROI, respectively. Particularly, the most affected populated area
during this wildfire was the village of “Santa Olga”, located at the south of Constitución and 3 km to the
north of Empedrado (see Figure 4.14). According to the news, “January 25th of 2017 was an unforgettable
day for the inhabitants of Santa Olga, the flames destroyed everything in their path, leaving four fatalities
and consuming thousands of hectares” (Clarín, 2017; Cooperativa, 2017; Emol, 2021; ONEMI, 2017b).

Therefore, it is essential to analyze Santa Olga’s environment. Using Alos-Palsar DEM (CIREN,
2017b; Rosenqvist et al., 2007) at a 12.5 m pixel resolution, the slope was computed in R using the raster
package. Both DEM and Slope are shown in Figure 4.15.

As it is possible to observe from the last figure, Santa Olga is located in the middle of the mountains,
where the altitude varies from around 330 m (at Santa Olga’s location) to 580 m in less than 5 km to
the south of the village. Moreover, it is possible to determine that Santa Olga is situated in the Wildland
Urban Interface (WUI), since its surroundings are forests. Several studies have shown that there is a
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Figure 4.14: Affected populated areas within the ROI. Red pixels correspond to burned area calculated
with MODIS MCD64A1 product.
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Figure 4.15: Santa Olga digital elevation model (DEM, top) and slope (bottom).

higher wildfire risk in terms of ignition probability in the WUI (Chas-Amil et al., 2013; Murray et al.,
2013; Radeloff et al., 2001), however that is not the whole and only story for Santa Olga. These fires
were man-made. Nevertheless, ignition is one important variable, yet fire propagation is another one, and
the dependence of the last one is mainly due to weather conditions, fuel type and moisture content, and
topography. At least from this perspective, Santa Olga’s location had an inherent wildfire risk. It was
a month of records, highest temperatures (see Section 4.2.1), low precipitations and hence a persistent
drought (see Section 4.2.2) and high vegetation density (see Section 4.1.1) for zones where there have been
no fires in years, i.e. a recipe for disaster.

4.3.5 Affected species

Using both the CONAF Land Use Inventory (LUI) and the burned area mask obtained with MODIS
MCD64A1 (see Section 4.3.1), it was possible to study the affected species within the ROI. The results are
shown in Figure 4.16. Among these, a burned area of 129,700 ha was estimated for Pinus radiata (also
known as Pinus insigne), followed by Vachellia caven (Roman Cassie) with 13,700 ha, Nothofagus glauca
(also known as “Hualo”, which is endemic to Chile and a small bordering sector of Argentina) with 13,500
ha, Lithraea caustica (known as “Litre”, endemic to Chile) with 8,100 ha, and Eucalyptus globulus (known
as southern blue gum) with 7,650 ha. The total burned area of all species during the fire was 182,810
hectares. Therefore, of all the affected species, only Pinus radiata corresponded to a 66.9% of the species
burned in the “Las Máquinas” wildfire. In addition, according to the LUI, the total Pinus radiata surface in
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Figure 4.16: Burned area (ha) per species within the ROI with an affected area higher than 100 hectares.

the ROI before the event was 280,000 ha, of which 67% corresponded to adult plantations. Consequently,
around 46% of the Pinus radiata surface within the ROI was lost in the wildfire.

Moreover, at the Empedrado municipality (center of the ROI) the “Los Ruiles” National Park was
severely affected by the fire (see Figure 3.1 –page 33– SNASPE zones). One of the species within the
National Park was the Nothofagus alesandrii, which was declared a Natural Monument in 1995 (BCN,
1995) and classified as endangered since 2007 (Diario Oficial de la República de Chile, 2007). According
to CONAF (2017b), over 90% of the national park was destroyed by the fire. In addition, the total burned
area for this species was 34 hectares.

4.3.5.1 Landcover type

Using the MODIS MCD12Q1 yearly landcover type product, it was possible to study the evolution of the
IGBP (International Geosphere-Biosphere Programme) values from 2001 to 2020. The results are shown
in Figure 4.17. Note that there are no “3” and “15” IGBP categories within the ROI, which correspond to
“deciduous needleleaf forests” and “ snow and ice”, respectivele (see Appendix C, cf. Table C.1). Notice
that the main needleleaf species within the ROI before the event was Pinus radiata (≈ 280, 000 ha), which
is classified as perennial vegetation.

Additionally, it is interesting to observe that the IGBP categories that decrease after the wildfire are
mainly “1”, “2”, “7” and “10”, which are “evergreeen needleleaf forests”, “evergreen broadleaf forests”,
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Figure 4.17: International Geosphere-Biosphere Programme (IGBP) evolution using yearly MODIS
MCD12Q1 product (from 2001 to 2020). The values correspond to the frequency of each classification
within the ROI (the five municipalities) multiplied by the product spatial resolution. The vertical dashed
line correspond to the “Las Máquinas” wildfire event.

“open shrublands” and “grasslands”, respectively. Nonetheless, “1” and “2” categories started to decline
before the event, while, at around the same period of time, categories such as “8” (“woody savannas”)
and “9” (“savannas”) started to increase. Furthermore, both “7” and “9” IGBP categories increased the
year after the event, but two years later its value decreased considerably. However, since the decline was
not observed in the year after the event, it is not straightforward to relate or attribute its decrease to the
event. What it is actually plausible for the these categories is that its growth (observed at the wildfire year
data) was significant with respect to the year prior to the event, and hence it is possible that the IGBP
algorithm within the MODIS product categorized most burned areas as open shrublands and grasslands, or
that forests become replaced by grasslands.

Furthermore, a decrease in the IGBP categories means that there is an increase in other ones. Hence,
IGBP categories of 1, 2, 8 and 9 were studied in greater depth. Pre- and post-fire IGBP values mentioned
before can be geographically observed in Figure 4.18. From the previous figure, it is possible to observe
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Figure 4.18: International Geosphere-Biosphere Programme (IGBP) within the ROI for years 2015 (left)
and 2019 (right), and only for IGBP values of 1, 2, 8 and 9. The small map in the top-right corner is the
ROI and the burned area for reference (from MODIS MCD64A1 – see Section 4.3.1). The map coordinates
system is WGS84 UTM 19-South.

that the zones were the fire took place changed mainly from IGBP = 2 (evergreen broadleaf forests,
yellow cells) to IGBP = 8 (woody savannas, green cells), specially within the Empedrado municipality
(center-zone of the ROI). For IGBP = 1 the pre- and post-fire differences are not apparent, since its
pixels are considerably more disseminated throughout the ROI. In contrast, for IGBP = 9 (savannas,
blue cells), it is evident that most “2” and “8” IGBP categories turned to 9 post-fire. There is a visible
separation between evergreen broadleaf forests and savannas prior the event. Moreover, after the wildfire,
the savannas category gained more terrain within its previous concentrated areas (from ∼200000E to the
east), while woody savannas increased its area mainly in the zones where the wildfire took place.

Figure 4.19 shows the land-use type for each of the last-mentioned IGBP categories within the ROI.
The IGBP values used were those of MODIS MCD12Q1 of year 2015. The data for each land type was
acquired from the Chilean Land Use Inventory (LUI) (CONAF, 2016), where the “land-use type” variable
was extracted from the vector data within the ROI. As a result, seven vector files (or shapefiles) were
obtained, where each one corresponds to a specific “land-use type” within the ROI (forests, grasslands and
shrublands, agricultural land, water area, among others – see the vertical axis of Figure 4.19). Using these
files, all the data of the 2015 IGBP ROI-image was extracted within each land-use type. The results in
Figure 4.19 evidence the following.

a) For IGBP = 1 (evergreen needleleaf forests): the most frequent value corresponds to forests,
nevertheless its surface area with respect to the total forests area within the ROI is around 3.5%.
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Figure 4.19: Pre-fire Land Use Inventory (LUI) − “land-use type” surface area for IGBP categories (from
year 2015): 1 (evergreen needleleaf forests), 2 (evergreen broadleaf forests), 8 (woody savanas) and 9
(savannas), within the ROI.

b) For IGBP = 2 (evergreen broadleaf forests): as in the case for an IGBP value of “1”, the forests
are the most frequent land-use type. However, the total forest surface area with respect to the
total forests area within the ROI is around 12.2%. There is a significant increase in the amount of
grasslands and shrublands (∼71% more) as well as agricultural land (∼80% more) with respect to
the IGBP = 1 results.

c) For IGBP = 8 (woody savannas): the most frequent value for the woody savannas are forests, even
more than for evergreen needleleaf forests (IGBP = 1). However, there is a higher amount of
grasslands and shrublands as well as agricultural lands.

d) For IGBP = 9 (savannas): there is still a high amount of forests, nevertheless it is rather clear that
this category includes more surface-area corresponding to grasslands and shrublands as well as
agricultural lands.
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4.3. LasMáquinas wildfire Chapter 4. Results

These results indicate that the forest category should be studied in depth to understand the main
differences among the IGBP 1, 2, 8 and 9 classifications. This is analyzed in Appendix E, and the
conclusions are the following. IGBP 1 is mainly composed of plantations and native forests, categories
that correspond to 72.5% and 11.9%, respectively, of the total surface area of evergreen needleleaf forests
(IGBP 1) within the ROI. Similar results where found for IGBP 2. And hence, another study was carried
out to examine the species within each plantations and native forests category. The findings suggest that
the species which hold most of the ROI’s surface area are Pinus radiata, Vachellia caven and Eucalyptus
globulus. The first and last ones are mainly in the plantation “detailed land-use type” category, while the
second can be found in several categories (e.g. in shrublands, grasslands, native forest, among others).

4.3.6 Air quality

The air quality during the event was analyzed from the smoke, aerosol optical depth, and carbon emissions
perspective. For the latter, VIIRS-SNPP products such as the Deep Blue Aerosol were used.

4.3.6.1 Smoke

Using VIIRS-SNPP Deep Blue Aerosol (DBA) product, the smoke generation during the wildfire was
studied. For example, in Figure 4.20 an RGB image obtained with VIIRS-SNPP VNP09GA product (left)
of January DOY 026 is compared to the VIIRS-SNPP Deep Blue Aerosol in the same day. Since smoke and
other aerosols derived from wildfires cover a larger area, the ROI for this analysis was extended to the whole
Maule region (delimited in red in Figure 4.20). The results exhibit a vast amount of pyrocumulonimbus
clouds, as well as high altitude smoke and smoke. The spatial resolution of the DBA product is around 6
km and the results correspond to a bilinear interpolation applied to the gridded data.

A raster mosaic composed of three DBA images was built with the VIIRS-SNPP DBA “Aerosol Land
and Ocean type” product to study the aerosol types for January DOY 026 at a 1:35,000,000 scale to

N

Region of interest (municipalities)

Región del Maule, Chile

Aerosol type
1: smoke

2: high altitude smoke

3: pyrocumulonimbus clouds

Figure 4.20: Left image corresponds to VIIRS-SNPP VNP09GA RGB composite on January 26, 2017,
while right image corresponds to VIIRS-SNPP Deep Blue Aerosol - “Aerosol Type Land” product for
the same day. Coordinate system for both images is WGS84 UTM-19 South. Differences in the smoke
sections might be because of the acquisition times. Left image acquisition time was 14:55, while right
image was taken at 16:30 (local time).
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visualize the effect of the fire in continental Chile. The results can be observed in Figure 4.21. Most of the
aerosol flew to the Pacific Ocean, and the majority of it was categorized as fine dominated by the DBA
product within the ocean aerosol category. Note that the fire plume in Figure 4.21 came from several
simultaneous fires in Central Chile, not only from the “Las Máquinas” wildfire.

The visual evolution of the three aerosol types using the “Aerosol Type Land” layer of the DBA product
can be observed in Figure 4.22. As it is possible to observe, there was a vast amount of aerosols composed
of pyrocumulonimbus, high altitude smoke and smoke after January DOY 025, where the two main aerosol
categories found for the event were pyrocumulonimbus and high altitude smoke. Furthermore, the daily
projected area of these aerosols was also studied, and the results are shown in Figure 4.23. From the last
figure, it is possible to observe an increase in both high altitude smoke and pyrocumulonimbus once the
event started, and its peak was between January 28 and 29, right after the two most severe days of the
wildfire (see Section 4.3.1).
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Figure 4.21: VIIRS-SNPP Deep Blue Aerosol product (“Aerosol Land and Ocean type” variable) for
January 26th at continental Chile scale. The map coordinate system is WGS84 UTM-19 South. Background
corresponds to Google Satellite images in QGIS (QGIS Development Team, 2009).
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VIIRS/SNPP Deep Blue Aerosol, Aerosol type land - Julian Days 
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Figure 4.22: Smoke (pixel value of 1: blue), high altitude smoke (pixel value of 2: red), and pyrocu-
mulonimbus clouds (pixel value of 3: orange) for the Región del Maule in the time-frame of the “Las
Máquinas” wildfire. These images were computed from VIIRS-SNPP DBA 6-km product. The map
coordinate system is WGS84 UTM 19-South.
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Figure 4.23: Aerosol type projected area evolution during the event. The study zone corresponds to the
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77



Chapter 4. Results

4.3.6.2 Aerosol optical depth

Using another layer of the VIIRS-SNPP Deep Blue Aerosol product, the aerosol optical depth (AOD) at a
reference wavelength of 550 nm was obtained and analyzed at the same extent of the smoke generation
data, i.e. at the Maule region. The evolution of the AOD during the event can be observed in Figure 4.24.
For an observer on the ground, an AOD of less than 0.1 is “clean”, characteristic of clear blue sky, bright
sun and maximum visibility. As AOD increases to 0.5, 1.0, and greater than 3.0, aerosols become so dense
that the Sun is obscured. The mean values (represented by a red diamond) are close to zero before the
event (which is marked with a vertical dashed line), however three days prior to the event some higher
values were detected by the VIIRS sensor, which could due to the other fires that were taking place in the
Biobío and O’Higgins regions.

It is clear that after the event, and within the most severe days (January 25 and 26) the AOD increased
considerable, with mean AOD around AOD ≈ 1.0. Moreover, the upper limit of the boxplots for those
days, which correspond to the largest value within 1.5 times the interquartile range above 75th percentile,
registered AOD values around 3.0, and even statistically atypical maximum points close to 5.0.
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Figure 4.24: Aerosol optical thickness (or depth, AOD) evolution during the event. The study zone
correspond to the Maule region, Chile, whose extent can be seen in the map within the plot. The total
surface of the extent of the region of interest is 4,552,520 hectares. The five regions shown inside the Maule
region map correspond to the five municipalities (or ROI) of this study. Map is in WGS84 Geographic
Coordinate System. The vertical dashed-line correspond to the starting date of the wildfire.
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4.3.6.3 Carbon emissions

Carbon emissions were obtained from the Global Fire Emissions Database (GFED) from gridded data at a
0.25°× 0.25° resolution (≈ 28 km). The mean carbon emissions and its standard deviation for each year on
January can be seen in Figure 4.25. In addition, the figure also displays the maximum value found within
each monthly dataset (right axis). Considering the data from 2010 to 2016, the mean carbon emission was
5.27 ± 22.39 g·C·m−2, while the mean value for January 2017 was 197.49 ± 290.90 g·C·m−2, i.e. 3,750%
higher. The maximum carbon emission value found in January 2017 corresponded to 1,270 g·C·m−2.

Furthermore, if the pixels within the Maule region are all summed up and are multiplied by the
pixel resolution, the mass of carbon is obtained. As a result, a mean of 2.5 × 105 t·C was found for
January months between the years 2010 and 2016, while the amount of carbon found in January 2017 was
9.4 × 106 t·C.
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Figure 4.25: Average carbon emissions (left Y-axis, represented by bars) and maximum carbon emissions
(right Y-axis, represented by red diamonds) for January month between years 2010 and 2017 based on
the Global Fire Emissions Database (GFED). This results are at the Maule region scale. The error bars
represent the positive standard deviation.
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4.3.7 Canadian fire weather index

4.3.7.1 MODIS regression models for NSAT

The first step in building the Canadian FWI consists in calculating the NSAT using regression models. In
this section this will be done for both Aqua-MODIS (MYD) and Terra-MODIS (MOD) files.

4.3.7.1.1 MODIS regression models training

Regression models were built for January data (DOY 001 to 031) from 2010 to 2016, and thus the total
sample corresponded to N = 217. For each day, there is a total of 8 control points or weather stations,
which can be seen in Figure 3.5 (page 44). Therefore, the total data if there are no missing values for any
variable is N × 8 = 1, 736 = n. However, this varies from analysis to analysis because of the methodology
applied, i.e. for each regression the NDVI product varied, and thus there are missing values that arise
due to different NDVI products used. For example, the regression model built with the NDVI from
MOD09 product, the amount of samples was 1,291. On the other hand, the regression using NDVI from
VIIRS-SNPP VNP13A1 product, the samples decreased to 991.

The regression results for Aqua-MODIS can be seen in Figure 4.26. Each plot represents a regression
model of the NSAT predictions using the training dataset (ordinates axis). For the linear regression
models, the best result was the one using the MODIS MOD13A1 NDVI product (Figure 4.26c), which
achieved the highest Pearson’s correlation coefficient (r = 0.709) and the lowest root mean square error
(RMSE = 2.883◦C). This regression model was applied to n = 1, 291 samples (since there are some
variables with missing values for a certain day, mainly from the land surface temperature and precipitable
water vapor products). It is important to mention that the regression models for Aqua-MODIS were
studied using both MOD05 (Terra) and MYD05 (Aqua) products. The best results were achieved using
the Aqua-MODIS water vapor product, and hence the PW derived from MYD05 was used to build the
regression models for Aqua data. The average acquisition time of each product can be observed in Table 4.3
(NDVI is not in the table since it was either computed by surface reflectance –MOD09GA– or 16-day
products such as MOD13A1 or VNP13A1, which is indicated within each plot in the ordinates axis).

The regression models of Figure 4.26d, 4.26e, and 4.26f were developed using Machine Learning (ML)
algorithms. Decision trees (DT, Figure 4.26d) is clearly showing results like a classification algorithm
rather than a regression, which corresponds to one of its limitations. On the other hand, the support vector
machine regression algorithm (SVR) exhibit a higher Pearson’s correlation coefficient and lower RMSE
compared to all multiple linear regression models. However, random forests results are the best ones.
The findings suggest that RF regressions using Ts, PW and NDVI can statistically explain NSAT with
a high Pearson’s correlation coefficient (r = 0.958) and low root mean square error (RMSE = 1.280◦C)
within the ROI. These results were the same found for the regression models applied to Terra-MODIS in

Table 4.3: Satellite products average local time of data acquisition for the regression models (training
dataset).

Product Satellite Variable name Approx. Local time

MODIS MYD11A1 Aqua Land surface temperature 14:00
MODIS MOD11A1 Terra Land surface temperature 10:00
MODIS MYD05 Aqua Precipitable water vapor for Aqua 13:20
MODIS MOD05 Terra Precipitable water vapor for Terra 11:30
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Figure 4.26: NSAT Aqua-MODIS regression models. Each ordinate axis represents the predicted NSAT
applying a) Multiple linear regression using daily MODIS MOD09GA NDVI data, b) multiple linear
regression using VIIRS VNP21A1 NDVI data, c) multiple linear regression using MODIS MOD13A1
NDVI data, d) machine learning (ML) decision trees (DT) regression, e) machine learning (ML) support
vector regression (SVR), and f) machine learning (ML) random forests (RF) regression. For all machine
learning regressions, the NDVI used was MODIS MOD13A1 product. For each plot, the diagonal black
line represents y = x, r is the Pearson’s correlation coefficient, and RMSE is the root mean square error.

Figure 4.27, where the best results were the machine learning random forests regression. Nevertheless,
it is important to mention that for the Terra-MODIS data the Ts was lower (since its acquisition time is
around 10:00 AM), and a greater data dispersion was observed. Moreover, a lower Pearson’s correlation
coefficient and higher RMSE values were found in contrast to Aqua-MODIS results.

For each random forest regression model (for both Aqua/Terra-MODIS), an “Importance matrix” is
obtained. This matrix analyzes the percentage of the increase in the MSE (mean squared error), “%IncMSE”
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Figure 4.27: NSAT Terra-MODIS regression models. Each ordinate axis represents the predicted NSAT
applying a) multiple linear regression using daily MODIS MOD09GA NDVI data, b) multiple linear
regression using VIIRS VNP21A1 NDVI data, c) multiple linear regression using MODIS MOD13A1
NDVI data, d) machine learning (ML) decision trees (DT) regression, e) machine learning (ML) support
vector regression (SVR), and f) machine learning (ML) random forests (RF) regression. For all machine
learning regressions, the NDVI used was MODIS MOD13A1 product. For each plot, the diagonal black
line represents y = x, r is the Pearson’s correlation coefficient, and RMSE is the root mean square error.

and the increase in the node purity “IncNodePurity”, and the results can be seen in Figure 4.28. The
first one is the most robust and informative measure, which corresponds to the increase in the MSE of
the predictions without the variable, and therefore it is related to the mean decrease in accuracy of the
model performance, i.e. the bigger the %IncMSE, the better the model will perform with that variable,
since if it is not in the model, there will be that increase in the MSE of the model. On the other hand,
the IncNodePurity is related to the mean decrease in the Gini index, and therefore it measures how pure
the nodes are at the end of the tree without each variable, and hence a higher IncNodePurity variables
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imply a higher mean decrease in the Gini index, indicating a variable that makes the model perform more
accurately. The importance matrix results for the random forest regression models indicate that, for both
cases, the most important variable is the land surface temperature (LST, or Ts), followed by the NDVI
(which in this case is the 16-day MOD13A1 product) and finally the precipitable water content (or vapor),
PWV. Nevertheless, LST has a grater relevance for the Aqua regression in terms of the percentage increase
in the MSE, meaning that LST is a more important variable for Aqua’s random forest regression results
than for Terra’s. This difference in the percentage increase in the MSE is around 10% between the two
regression models.
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Figure 4.28: Importance matrix results for the random forests regression algorithms performed for both a)
Aqua and b) Terra models. LST stands for “land surface temperature (Ts), and PWV for precipitable water
vapor (or PW).

4.3.7.1.2 MODIS regression models validation

The validation of the efficacy of the models was tested for January 2017 (from DOY 001 to 031) daily
data, which corresponds to the testing dataset. Since the best-performing linear regression (LR) model
in the training section was the one where the MODIS MOD13A1 NDVI product was used and the best-
performing machine learning regression model was the random forests (RF) model, these two were utilized
to predict the near-surface air temperature for the testing dataset. Once the model was applied to the
dataset, the pixel values at the weather station locations were extracted and compared to the measured
weather station NSAT. The results are shown in Figure 4.29, where the model-predicted NSAT corresponds
to the values in the ordinates axis.

The results were statistically better for Aqua than for Terra models. Overall, the best-performing
model was the machine learning random forests regression applied to the Aqua data (Figure 4.29b), with
the highest Pearson’s correlation coefficient and the second lowest RMSE. It is interesting to note that
even though the Pearson’s correlation coefficient was lower for Terra-MODIS data, the RMSE in the
multiple linear regression model (Figure 4.29c) was lower than the best-performing Aqua-MODIS results
using the random forests regression. Furthermore, it is possible to observe different data behaviors for
lower “morning” temperatures derived from Terra-MODIS measurements (∼10:00 AM), compared to
the “around-noon” data derived by Aqua-MODIS (∼14:00 PM), indicating that the data acquisition at
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Figure 4.29: NSAT regression models applied to the testing dataset (January DOY 001 to 031, 2017). Each
ordinate axis represent the predicted NSAT applying a) Multiple linear regression model for Aqua-MODIS
data, b) machine learning (ML) random forests (RF) regression for Aqua-MODIS data, c) Multiple linear
regression model for Terra-MODIS data, and d) machine learning (ML) random forests (RF) regression
for Terra-MODIS data. For each regression, the NDVI used was the MODIS MOD13A1 product. For each
plot, the diagonal black line represents y = x, r is de Pearson’s correlation coefficient, and RMSE is the
root mean square error.

“around-noon” time performed better from an statistical point of view. Overall, it is possible to observe
that the models had a slight trend to underestimate the NSAT, since most of the data-points where under
the y = x line, however Chanco’s weather station data was completely overestimated in the Aqua models.
Note that this weather station is located around 5 km from the Pacific Ocean.

On the other hand, there where some high NSAT values registered by the weather stations for the
testing dataset. The NSAT distribution, measured at weather station, is shown in Figure 4.30 for both Aqua
and Terra overpass time. These values (above 38◦C) were all registered in January 26th, the day the “Las
Máquinas” wildfire was on its peak. The weather stations that registered over 40◦C were Sauzal, Santa
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Figure 4.30: Weather station (WS) NSAT histograms and boxplots for a) Aqua-MODIS training dataset
(January 2012 - 2016), b) Aqua-MODIS testing dataset (January 2017), c) Terra-MODIS training dataset
(January 2012 - 2016), and d) Terra-MODIS testing dataset (January 2017).

Sofía and Cauquenes, which happen to be the closest weather stations to the event. Moreover, on the same
day at around 11:00 AM the weather stations at the same locations registered NSAT values over 36◦C,
which abruptly escapes from mean NSAT values within the ROI. The regression models were not properly
trained for such temperatures, which thus had an impact on the testing results obtained.

Finally, the best NSAT predictors for Aqua/Terra-MODIS were the machine learning random forests
(Figure 4.29b) and the multiple linear regression (Figure 4.29c), respectively. Therefore, these models are
used for the NSAT calculation in the estimation of the Canadian Fire Weather Index for both Aqua and
Terra datasets (see Section 4.3.7.7).
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4.3.7.2 VIIRS-SNPP regression models for NSAT

The same methodology used for MODIS was applied to VIIRS-SNPP data. The idea behind the use of
multiple satellite-products is to cover as many hours of the day as possible for the FWI estimation, having
both a high-temporal and medium-spatial resolution.

4.3.7.2.1 VIIRS regression models training

Since the same methodology as in MODIS data was applied to VIIRS-SNPP data, the same regression
algorithms were studied. The results are shown in Figure 4.31 for VIIRS data of January DOY 001-031
from 2012 to 2016, where the ordinates axis has the predicted NSAT values using the corresponding
regression model. As in both Aqua/Terra-MODIS results, the best multiple linear regression model was the
one that uses the NDVI from MODIS MOD13A1 product (Figure 4.31c), while the best machine learning
regression algorithm was the random forests. Both regression models achieved the highest Pearson’s
correlation coefficient (r), and the lower RMSE for their category. The findings with VIIRS-SNPP data
exhibit the best-performing statistical results for the predicted NSAT with the random forests regression
algorithm.

Since the best performing regression model was the random forests, the importance matrix of the model
was studied, whose results are shown in Figure 4.32. As it is possible to observe, there is a similar behavior
as in the Aqua/Terra-MODIS importance matrix (cf. Figure 4.28). The most important variable for the
model is the LST (land surface temperature, Ts), i.e. if the variable is not included in the model, there will
be a percentage increase of the mean squared error (MSE) around 17.4%. Moreover, the importance of
both the NDVI and precipitable water vapor (PW or PWV), by means of the percentage increase in the
MSE, was higher compared to the Aqua/Terra-MODIS results. The increment of the node purity for LST
is around the same value as the Aqua-MODIS results, however the node purity for PWV is 54% higher
than for Aqua-MODIS. This means that the VIIRS-SNPP random forests regression algorithm considers
PWV a more important variable since if this one is not within the model, there will be an increase in the
Gini index, i.e. a more impure result.

4.3.7.2.2 VIIRS regression models validation

The validation of the best-performing VIIRS-SNPP regression models were applied to January 2017 DOY
001 to 031 data, i.e. the testing dataset. The results can be seen in Figure 4.33. As it is possible to observe,
even though in the training phase the best-performing model was the random forest regression algorithm
(ML-RF), the predicted NSAT achieved better statistical results with for the multiple linear regression
model (LR). Moreover, the Pearson’s correlation coefficient for the latter is close the one obtained with the
random forest regression model with Aqua-MODIS data. Nevertheless, a 0.8◦C difference was found in
the RMSE between the VIIRS-SNPP results and the Aqua-MODIS.

This results might be due to the fact that higher NSAT values were measured by the weather stations
within the VIIRS-SNPP validation dataset (satellite overpass time). For example, on January 26th, six of
the eight weather stations within the ROI registered NSAT values of 41.64 ± 1.55◦C.

In Figure 4.34 it is possible to observe both boxplots and histograms for the NSAT distribution data
within the weather station for the training and testing datasets (acquired at the satellite overpass time). The
interquartile range (box) of the testing (or validation) dataset is displaced towards higher temperatures.
Moreover, the mean value, represented by the red diamond, is also displaced to higher temperatures for the
validation dataset, in addition, a higher number of outliers are observed.
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Figure 4.31: NSAT VIIRS regression models. Each ordinates axis represents the predicted NSAT
applying a) Multiple linear regression model using daily MODIS MOD09GA NDVI data, b) multiple
linear regression model using VIIRS VNP21A1 NDVI data, c) linear regression model using MODIS
MOD13A1 NDVI data, d) machine learning (ML) decision trees (DT) regression, e) machine learning
(ML) support vector regression (SVR), and f) machine learning (ML) random forests (RF) regression. For
all machine learning regressions, the NDVI used was the MODIS MOD13A1. For each plot, the diagonal
black line represents y = x, r is the Pearson’s correlation coefficient, and RMSE is the root mean square
error.

As in the case for both Aqua/Terra-MODIS results, the temperature increase in the the validation
dataset might be the cause of the random forest regression model results, since the model was not trained
for such temperatures (see Figure 4.34). Hence, the higher NSAT values found in the testing dataset were
classified within the highest temperatures of the training dataset, which were lower, since the algorithm
only learned up to the NSAT training data. However, as it is possible to observe from Figure 4.33b, the
greatest data dispersion was found at lower temperatures. The main two differences between VIIRS-SNPP
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Figure 4.32: Importance matrix results for the random forests regression algorithms performed VIIRS-
SNPP data. LST stands for “land surface temperature (Ts), PWV for precipitable water vapor (or PW) and
NDVI for normalized difference vegetation index (MODIS MOD13A1 product).

and Aqua/TERRA-MODIS are a) the satellite overpass time, and b) the pixel resolution. Thus, it is
expected that these variables are the ones affecting the results obtained.
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Figure 4.33: NSAT VIIRS regression models validation. Each ordinates axis represent the predicted
NSAT applying a) Multiple linear regression (LR) model, and b) machine learning (ML) random forests
(RF) regression. Both regression models used MODIS MOD13A1 NDVI data. For each plot, the diagonal
black line represents y = x, r is de Pearson correlation coefficient, and RMSE is the root mean square error.

Finally, since the NSAT with the best statistical results was the one estimated with the linear regression
model, this data is going be used for the Fire Weather Index determination for the VIIRS-SNPP datasets
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Figure 4.34: Weather station (WS) NSAT histograms and boxplots at VIIRS-SNPP overpass time for a)
training dataset (January 2012–2016), and b) validation dataset (January 2017).

(see Section 4.3.7.7).

4.3.7.3 NSAT from surface energy balance

The other method used to obtain the NSAT is through an energy balance applied to the surface. The
model is presented in equation (3.9) (see Section 3.4.7.3 in page 44). The best results were found for
Aqua-MODIS data, and are shown in Figure 4.35. This means that the land surface temperature used was
the one from MODIS MYD11A1, latent heat flux from MODIS MYD16A2, NDVI was used from both
MYD13A1 vegetation indices and computed from MODIS MOD09GA surface reflectance product. Wind
speed is the same one used in Section 4.3.7.4 for Aqua-MODIS data (based in MYD11A1 land surface
temperature product time).

The results in Figure 4.35 exhibit RMSE above 10◦C for the energy balance (EB) models, and the
results of EB-2 (Figure 4.35b) are slightly better (with NDVI computed from MODIS MYD09GA surface
reflectance product) than those of EB-1 (Figure 4.35a, computed with NDVI from the MODIS MYD13A1
product). With the ambition to study better statistical results, a machine learning random forests regression
was applied to both datasets from Figures 4.35a and 4.35b following the equation below.

NSATws ∼ NSATEBk , (4.5)

where NSATws is the NSAT measured at the weather station (dependent variable) and NSATEBk is
the NSAT calculated by the energy balance using the k method (k ∈ {1, 2}, 1: EB-1 with NDVI from
MYD13A1, and 2: EB-2 with NDVI from MYD09GA) as the independent variable. The regression model
was built with 500 trees. Once the model was computed, the predicted NSAT was analyzed against the
weather station data, whose results can be observed in 4.35c for the EB-1 data and in 4.35d for the EB-2
data. The findings exhibit a better statistical performance in terms of the Pearson’s correlation coefficient
(r) and the RMSE compared to the NSAT solely derived from the energy balance models. Moreover, these
results are statistically better than the NSAT obtained for either MODIS or VIIRS data in Section 4.3.7.1
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Figure 4.35: NSAT calculated with a) energy balance (EB) with NDVI obtained from MYD13A1 product
(which is called EB-1), b) energy balance with NDVI calculated from MYD09GA (EB-2), c) machine
learning random forest (RF) regression model prediction for EB-1, and d) machine learning random forests
(RF) regression model prediction for EB-2. The random forests regression was carried out using the
weather station’s NSAT as the endogenous variable and the EB NSAT as exogenous variable.

and Section 4.3.7.2.

Finally, the distribution and evolution of the NSAT results for each methodology studied can be seen
in Figure 4.36. As it is possible to observe, all satellite-derived methodologies reached their maximum
NSAT values a day or two prior to the start of the fire (VIIRS, Terra, Energy balance), or in the starting
day of the event (Aqua). Note that the fire start date corresponds to the vertical dashed line in Figure 4.36b.
In addition, the NSAT distribution exhibits a high variation for both Terra and VIIRS-SNPP data, where
several outliers (or atypical values) are found, which means that there are various data points above and
under the maximum 1.5 times the interquartile range (defined by the boxplot whiskers). Furthermore, it is
clear that mean NSAT values for Aqua, VIIRS and Energy balance are close and under 1◦C difference,
which makes sense since their acquisition time is in the afternoon and ranges from 14:00 to 16:00. In
contrast, the mean NSAT derived from Terra data was 23.68 ± 2.85 ◦C, around 6◦C lower than the mean
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Figure 4.36: Near-surface air temperature a) distribution and b) evolution within the ROI between DOY
001–031 of 2017. The results are for Aqua-MODIS, Terra-MODIS, VIIRS-SNPP and Energy balance
satellite-derived NSAT.

value obtain by the other satellites, which is explained by the fact that Terra’s overflight time is in the
morning (around 10:00 AM).

4.3.7.4 Wind speed

Wind speed was simulated at a fine-resolution (around 770 m) in WindNinja software (Forthofer et al.,
2014) using the mass-conservation algorithm with weather station data as the point of initialization. At
first, a total of 13 weather stations were used: the ones within the ROI (see Figure 3.5 in page 44), and
others outside of it. This was done because some weather stations did not have wind speed measurements
or wind direction, which are required by the Wind Ninja’s algorithm to perform the wind speed simulation.
From the 13 weather stations, only 9 satisfied the conditions for the simulation within the time-frame of
analysis. The ones within the ROI were: Cauquenes, Chanco, Coronel de Maule, Los Despachos, Santa
Sofía and Sazual, while the other ones outside of it were: San Javier, Yerbas Buenas and Pencahue, located
at the east of the ROI.

The next step was to build a landscape file, which is a multi-band raster used by WindNinja to under-
stand the terrain in order to perform the simulations. This file was built in FlamMap software (Finney,
2006) with topographic information (elevation, slope and aspect), as well as wildland fuels information
(canopy cover and fire behavior fuel models; cf. Section 3.4.7.1 in page 43).

On the other hand, from VIIRS-SNPP Deep Blue Aerosol (DBA) 6-min swath product (Hsu et al.,
2019) it is also possible to obtain the wind speed. However this gridded product comes at a 6 km spatial
resolution. Using the passing time of each VIIRS-SNPP DBA daily product, the weather station data was
filtered and stored at that time, which was then used for wind speed simulation in WindNinja with point
initialization.

With the interest of studying the similarities and/or differences between the wind speed obtained
from VIIRS-SNPP and the WindNinja’s simulated results, WindNinja’s wind speed rasterized results
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Figure 4.37: VIIRS-SNPP Deep Blue Aerosol retrieved wind-speed versus WindNinja’s simulated wind
speed results. The values correspond to pixel centroids extracted from daily images from January 2017
DOY 001 to 031 from both VIIRS-SNPP DBA product and WindNinja rasterized simulation results. The
diagonal black line represents y = x, r is the Pearson’s correlation coefficient and RMSE is the root mean
square error.

were resampled using a bilinear interpolation to match both the extent and resolution of the VIIRS-SNPP
DBA product, i.e. from ≈770 m to 6 km pixel resolution. The centroid value of each pixel and for
each daily-image was extracted and stored in an R data frame simultaneously. The results are shown in
Figure 4.37 for daily images of January 2017 DOY 001–031.

The results in Figure 4.37 show that VIIRS-SNPP DBA product had a bias to overestimate wind speed
values derived from WindNinja’s simulation at the same pixel-centroid location, and that there is a meager
linear correlation between both variables.

With the aim to study the relation between VIIRS-SNPP DBA wind speed against measured wind
speed at weather stations, Figure 4.38 was built. First, the average VIIRS-SNPP DBA overpass time for
the temporal range of analysis was at 15:52 PM, while the average time for the weather stations data
retrieval was 15:50 (the algorithm filters the weather station data for the closest acquisition time of the
VIIRS-SNPP DBA image), and the mean time difference was 15.87 ± 8.98 minutes.

The results in Figure 4.38a show that VIIRS-SNPP overestimated the wind speed for most of the
weather station records within January 2017, DOY 001–031. In order to study a possible improvement of
these results, both a linear regression model and machine learning random forests regression was applied
to the data. The results are shown in Figure 4.38b and 4.38c. The plot in Figure 4.38b corresponds to the
predicted VIIRS-SNPP wind speed (WS; ordinates axis) using the linear regression model between the
weather station wind speed as the dependent variable and VIIRS-SNPP wind speed as the independent
variable. The Pearson’s correlation coefficient for Figure 4.38b was the same as in Figure 4.38a, however
the root mean square error decreased to the half while using the linear regression model.

From a statistical point of view, the wind speed prediction results using the machine learning random
forests regression algorithm (Figure 4.38c) improved substantially compared to the wind speed results
derived directly from the VIIRS DBA product, achieving the highest Pearson’s correlation coefficient and
the lowest RMSE.

This last approach was achieved using the randomForest package in R (Liaw & Wiener, 2002),
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Figure 4.38: Wind speed (WS) results and analysis. a) Retrieved VIIRS-SNPP Deep Blue Aerosol (DBA)
wind speed and the corresponding weather station wind speed (the data was extracted using shapefile
points of each weather station), b) Predicted VIIRS wind speed using a linear regression model (LR)
where the dependent variable was the weather station wind speed and the independent variable was the
VIIRS-SNPP DBA wind speed, and c) Predicted VIIRS-SNPP wind speed using machine learning random
forests (RF) regression, the regression variables were the same as in b). The diagonal black line represents
y = x, r is the Pearson’s correlation coefficient and RMSE is the root mean square error. Results are from
January 1 to 31, 2017, for a total of n = 245 samples.

establishing 100 trees and a regression-solver type. More trees did not yield better results. Therefore, it is
possible to conclude that applying random forests regression to the VIIRS-SNPP Deep Blue Aerosol wind
speed rasters should statistically improve the accuracy of the wind speed data within the region of interest.
Other machine learning algorithms were tested, including decision trees and support vector regression,
however their results were not as good as those obtained with random forests.
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4.3.7.5 Relative humidity

Once NSAT was calculated for each satellite-sensor, the dew-point temperature, Tdew, was obtained for the
first five pressure levels of MODIS M*D07 (M*D means for both MYD and MOD products, i.e. Aqua and
Terra, respectively) atmospheric profile 5-min L2 swath product (Borbas & Menzel, 2017), and Equation
(3.19) was used to compute the relative humidity (RH). Note that the five pressure levels used are those
that matches the maximum altitude of the ROI.

The time differences between the previously-estimated NSAT (acquired from land surface temperature
product) and MODIS MD07 atmospheric products can be seen in Table 4.4. Note that for NSAT computed
with Terra-MODIS, product Terra-MODIS MOD07 was used for Tdew, with a mean difference time of
97.54 minutes between both of them. For NSAT computed with Aqua-MODIS, product Aqua-MODIS
MYD07 was used for Tdew, with a mean difference of almost 100 minutes. Finally, for NSAT estimated
with VIIRS-SNPP, product Aqua-MODIS MYD07 was used for Tdew, since the time difference was the
lowest.

Table 4.4: Local time differences between the satellite sensors used to compute NSAT and the M*D05_L2
product to calculate relative humidity. These results were based on the January 2017 DOY 001-031 data.

Satellite used for NSAT Tdew product NSAT avg. time Tdew avg. time Time difference (min)

Terra-MODIS MOD07_L2 10:10 11:45 97.54 ± 26.25
Aqua-MODIS MYD07_L2 14:00 15:38 99.16 ± 22.86
VIIRS-SNPP MYD07_L2 15:20 15:42 42.24 ± 26.65

For each RH raster, the pixels-data was extracted to analyze its distribution and evolution within the
ROI. The results are shown in Figure 4.39. From Figure 4.39a it is possible to observe that mean values,
represented by the black diamond within each boxplot, were reasonably close. Mean values for Aqua data
was RHaqua = 39.04 ± 17.99 (%), while for Terra data RHterra = 36.62 ± 17.18 (%), and for VIIRS-SNPP
data RHviirs = 37.46 ± 16.73 (%). From Figure 4.39b it is possible to observe that there is some missing
data, since those images were completely covered by clouds, specially for VIIRS-SNPP passing time
through January DOY 005 to 015, 2017. There is no clear trend for lower RH values after the starting date
of the wildfire, represented by the vertical dashed line, however RH≈30% was observed within the most
catastrophic days of the fire: January 25 and 26.

Furthermore, Figure 4.40 exhibits the validation analysis for the relative humidity results calculated by
each satellite-sensor against measured relative humidity at the weather stations for January 2017, DOY
001 to 031. As it is possible to observe in Figure 4.40a 4.40b and 4.40c, which correspond to the RH
derived from the satellite data against the measured RH at the weather stations, there is no indication of a
correlation between the data. In fact, it is possible to appreciate a considerable dispersion of the data.

For example, for both Aqua-MODIS and VIIRS-SNPP results, “Chanco’s” weather station data (gray
dot), was mostly underestimated and found to be isolated from the data, while for Terra-MODIS the
Chanco’s results were part of the data dispersion. Since both Aqua-MODIS and VIIRS-SNPP information
is acquired at the afternoon (see Table 4.4), relative humidity is mainly under 50%, however “Chanco”
weather station is located at around 5.5 km from the coast of the Pacific Ocean, and hence this might be
the reason for higher RH values.

In order to attempt a possible improvement of the RH derived from satellite information, a machine
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4.3. LasMáquinas wildfire Chapter 4. Results

0

25

50

75

100

Aqua Terra VIIRS−SNPP

Satellite sensor

R
el

at
iv

e 
hu

m
id

ity
 (

%
)

a)

0

20

40

60

80

100

Jan−04 Jan−09 Jan−14 Jan−19 Jan−24 Jan−29

Month−day (for 2017)

R
el

at
iv

e 
hu

m
id

ity
 (

%
)

Aqua Terra VIIRS−SNPP

b)

Figure 4.39: Relative humidity values for each satellite sensor during January 2017 DOY 001 to 031
within the ROI. a) relative humidity boxplots data distribution, and b) mean relative humidity evolution. In
a), the diamond in each box represent the mean RH values. In b) the dashed vertical line corresponds to
the “Las Máquinas” wildfire start time.

learning random forests regression was applied to the data using the RH measured at the weather station as
the dependent variable and the satellite-derived RH as the independent variable. The results are shown
in Figure 4.40d, 4.40e and 4.40f for Aqua-MODIS, Terra-MODIS and VIIRS-SNPP data, respectively.
For each regression model, a total of 500 trees were established. From the predicted values with the
random forest regression results, it is possible to observe that the regression algorithms improved the
results considerably, obtaining higher Pearson’s correlation coefficient and lower RMSE values. Therefore,
this regression models will be applied to the corresponding satellite-sensor RH raster data for the FWI
estimation.

4.3.7.6 Precipitation

Since the dates under analysis are within the austral summer (January 2017), rainfall was close to zero.
In fact, a brief analysis using the data from the weather stations for each study day and summing all
precipitation, the results show a mean and standard deviation of 0.008±0.055 mm. Considering all IMERG-
GPM raster data per day, the mean and standard deviation was 0.311±0.158 mm, which are slightly higher
than the weather station data. However, the following considerations should be taken into account. The
pixel resolution of the IMERG-GPM product is ≈11 km, and most of the high values were found near
the Pacific Ocean. Comparing the pixel values with the weather station data, a RMSE = 0.125 mm and
r = 0.005 was found.
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Figure 4.40: Validation of satellite-sensor RH results against weather station RH data for a) Aqua-
MODIS, b) Terra-MODIS, c) VIIRS-SNPP, d) Predicted Aqua-MODIS RH data with Random Forests (RF)
regression, e) Predicted Terra-MODIS with Random Forests(RF) regression, and f) Predicted VIIRS-SNPP
RH data with Random Forests (RF) regression. For each plot, the diagonal black line represents y = x, r is
the Pearson’s correlation coefficient and RMSE is the root mean square error.
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4.3.7.7 Fire Weather Index from remote sensing data

Once NSAT, relative humidity (RH), precipitation (PP), and wind-speed (Ur) are estimated for each
satellite sensor, the following step is to determine the initial conditions for the FWI calculation, i.e. the
rasterStack containing the FFMC, DMC and DC. These variables were obtained using the Coperni-
cus/ECMWF fire danger indices historical data for the last 11 days of December from 2010 to 2016 (see
Section 3.4.7.7). The mean of these was computed and the resulting rasters are shown in Figure 4.41.
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Figure 4.41: Initial conditions of the FFMC, DMC and DC for the Fire Weather Index calculation.

However, it is necessary to mention that the actual pixel resolution of the FFMC, DMC and DC is
0.25° × 0.25° (≈ 28 km). Therefore, the first step was to resample the FFMC, DMC and DC rasters to
the extent and resolution of the corresponding input data for each FWI computation e.g. the variables
were resampled to NSAT images estimated with Aqua-MODIS data in order to compute the FWI from
Aqua-MODIS information (the resolution of Aqua-MODIS is the same as in Terra-MODIS, but different
for VIIRS-SNPP), which are the results shown in Figure 4.41. Is due to the resampling procedure that a
noticeable gradient is observed through each image. All the variables displayed equal behavior, i.e. higher
values towards the East of the ROI.

The FFMC, DMC and DC are placed together in a rasterStack object, and in conjunction with
NSAT, precipitation, RH and wind speed, the Canadian Fire Weather Index was calculated. It is worth
mentioning that there were days in which the images had missing values (NA, not available pixels), and if
that was the case, the estimated FFMC, DMC and DC obtains NA as a result. Therefore, if the previous
happened, the algorithm was designed to compare both the calculated and previous FFMC, DMC and
DC, and if there is any NA within the former, it will be filled with the previous pixel values for the
corresponding variable.

The Fire Weather Index results are shown in Figure 4.42 for all the datasets. Note that each row corre-
sponds to a satellite-sensor product, and the second column for each row corresponds to the approximated
FWI (FWIapp, cf. Section 3.4.7.8). The FWI estimated with Aqua/Terra-MODIS data, VIIRS-SNPP-WN
(WindNinja), and Energy Balance used the wind speed simulated by WindNinja, while FWI VIIRS–DBA
(Deep Blue Aerosol, Figure 4.42g and 4.42h) were calculated using the wind speed derived from the DBA
product (see Section 4.3.7.4). As it is possible to observe, all the datasets, excepting the FWI VIIRS-DBA
results, exhibit an increase in the FWI during the wildfire, achieving, in some cases, maximum atypical
values of FWI > 100. In addition, the FWIapp results are considerably close to the CFFDRS FWI (calcu-
lated with precipitation, FFMC, DMC and DC; first column in Figure 4.42), although exhibiting some
overestimation. In addition, FWI maps were generated throughout January DOY 023 to 028, the results
are shown in Figure 4.43.
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Figure 4.42: Results of the FWI using its mean values, standard deviation (colored areas), and maximum
value at the ROI for a) Aqua-MODIS data, b) Aqua-MODIS & FWIapp, c) Terra-MODIS data, d) Terra-
MODIS & FWIapp, e) VIIRS-WN (WindNinja wind speed) data, f) VIIRS-WN & FWIapp, g) VIIRS-DBA
(deep blue aerosol wind speed) data, h) VIIRS-DBA & FWIapp, i) Energy balance data, and j) Energy
balance & FWIapp. The vertical dash line corresponds to DOY 020, the starting day of the event.

98
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Figure 4.43: Fire weather index estimated with Aqua, Terra, VIIRS-SNPP and Energy balance. Note that
the maximum FWI values for the color palette was set to 150, since above that value only a few pixels
were found, which corresponded to fire locations. This was done to observe larger differences between the
FWI values from 50 to 100.
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In addition, it is possible to observe significant differences between Aqua’s and Terra’s FWI results.
For Aqua (Figure 4.42a), the mean FWI was 39.08 ± 11.93 and the mean of the maximums FWI was
76.40 ± 37.84, while for Terra (Figure 4.42c) the mean FWI was 27.50 ± 7.04 and the mean of the
maximums FWI was 52.09 ± 23.71. Moreover, the standard deviation values are lower for Terra’s FWI,
which means that the FWI values are more consistent over time. These findings could be due to the
overpass time of each satellite, since the average flyover time of Terra is around 10:00 AM, while the
average flyover time of Aqua is around 14:00 PM. This corresponds to the reason why the FWI was also
studied from VIIRS-SNPP data, since the overpass time of this satellite is later than Aqua’s, and is around
15:40 for the land surface temperature and precipitable water vapor products (see Table 4.4). Using the
simulated wind speed obtained from WindNinja (Figure 4.42e) for VIIRS-SNPP data, the mean FWI was
40.90 ± 12.49, while the mean of the maximums FWI was 76.58 ± 29.33, resulting in the highest FWI
values found within these three satellite products.

On the other hand, the VIIRS-SNPP FWI results using wind speed derived from the Deep Blue Aerosol
product (Figure 4.42g) exhibited the lowest maximums FWI results for the “afternoon” datasets, i.e. all
FWI results but Terra-MODIS. Furthermore, since the same variables, except for the wind speed, were
used to calculate the FWI from the VIIRS-SNPP data, it is possible to conclude that the latter variable was
the responsible for the results obtained, where a mean FWI of 40.13 ± 9.18 and a mean of maximums FWI
57.63 ± 11.24 were found.

Further, the FWI derived from the NSAT based on the surface energy balance methodology (Figure
4.42i) obtained the highest maximums FWI values. The mean FWI was 39.38 ± 11.84 and the mean of
the maximums FWI was 79.74 ± 37.96, which are considerable close to VIIRS-SNPP results, although
exhibiting higher standard deviations.

In addition, if the trend of the mean FWI prior to the fire is analyzed (from January 1st to 19th), all the
datasets exhibit a positive slope. For example, the slope for Aqua’s (Figure 4.42a) mean FWI tendency
was 0.34 (see Table 4.5). Hence, the positive slope from the trend analysis for the FWI for such values
might be an indicator for wildfire risk. Nevertheless, further studies are required to conclude its efficacy
through this FWI approach.

Finally, the FWI map (Figure 4.43) shows a similar behavior throughout the days within each satellite-

Table 4.5: FWI mean values tendency analysis for the pre-event results (from January 001 to 019).
Maximum FWI was settled to 150 in order to not affect the scale, since the amount of cells with that or
higher values are under two pixels within the ROI.

FWI dataset Slope Intercept

Aqua 0.34 37.69
Aqua-app 0.16 41.52
Terra 0.29 26.4
Terra-app 0.13 29.22
VIIRS WN 0.31 42.64
VIIRS WN-app 0.15 46.63
VIIRS DBA 0.61 36.43
VIIRS DBA-app 0.49 39.81
Energy Bal. 0.29 38.61
Energy Bal.-app 0.09 42.52
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derived FWI estimation. However, Aqua, VIIRS-SNPP and the Energy balance methodology exhibited
higher FWI than Terra, which was expected since NSAT was much lower for the Terra because of its
flyover time. It is interesting to notice that on January 23, all the south of the ROI (within the Cauquenes
municipality) manifested FWI > 67, which represents an extreme risk. Moreover, the orange-to-red pixels
displaying high FWI values are actually not quite useful since these corresponds to wildfires in the south
of the ROI. Additionally, on January 24th, a the day prior to the catastrophic events that took place in Santa
Olga, the FWI derived from Aqua and the surface energy balance methodology exhibited FWI values
around 50-67 in Constitución and near Santa Olga (blue dot). This behavior was partly repeated on January
25th only for the FWI derived from the energy balance methodology. On the night of that day, the fire
propagated to the north of the ROI from Empedrado to Constitución, burning the village of Santa Olga.
This is why there is no data in the northern ROI for January 26th, as the fire plume obstructed the satellite
sensors.

4.3.7.8 Fire Weather Index at weather station

Using the weather stations data within the ROI, the FWI was calculated using both the CFFDRS methodol-
ogy/equations (Van Wagner & Pickett, 1985), using the cffdrs package in R (Wang et al., 2017a), and the
approximated Fire Weather Index (FWIapp). The results are shown in Figure 4.44.

Each peak value in Figure 4.44 corresponds to 12:00 – 14:00 hours data. As it is possible to observe,
higher FWI values were achieved during the event, specially in weather stations such as Santa Sofia,
Odjfell, Los Despachos and Coronel de Maule, all located towards the south of the ROI at the Cauquenes
municipality. Note that the highest values were found for January 25th and 26th. Furthermore, from the
burned area results (see Figure 4.10 in page 65), the area burned in the southern ROI during January 25th

and 26th was increasing about 6 km north of the Odjfell weather station, 10 km southeast of the Santa Sofia
weather station, and 8 km east of the Los Despachos weather station.

It seemed interesting to study the FWI differences derived from the CFFDRS equations (Van Wagner
& Pickett, 1985) and the approximated FWI (Avila et al., 2022), whose results are shown in Appendix F
(cf. Figure F.1). The results exhibit a statistically strong relation between them, and hence this confirms
that the FWI approximation in the austral summer at the ROI is a suitable approach if variables such as the
FFMC, DMC and DC are not available.

4.3.7.9 Fire Weather Index validation

Using both the FWI derived from remotely-sensed data (see Section 4.3.7.7) and the fire weather index
derived from weather stations data (see Section 4.3.7.8), a validation was carried out comparing the FWI
pixel values at which the weather stations are located and at the closest overpass time of the corresponding
satellite product. The results are shown in Figure 4.45.

Overall, from a statistical point of view, the best-performing FWI product was the approximated FWI
using Terra-MODIS dataset, with the highest Pearson’s correlation coefficient and lowest RMSE, followed
by the Terra-MODIS FWI calculated with the FWI equations.

Another interesting result is to analyze the FWI derived from the European Centre for Medium-Range
Weather Forecasts (ECMWF) ERA-5 reanalysis (Vitolo et al., 2020, 2019). This is a 0.25° × 0.25° product
(≈ 28 km), and hence around 20 pixels cover the entire ROI. Then, the FWI values corresponding to
the pixel at the location of the weather stations are extracted. Since the product is simulated at 12:00,
the FWI derived from the weather station data at that time was used. The results can be observed in
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Figure 4.44: Results of the FWI at the weather stations within the ROI with a) the cffdrs package i.e.
with an initial condition of FFMC, DMC, DC, latitude and batch processing through time, and b) with the
approximation method (see equation (3.22) in Section 3.4.7.8). The black vertical dashed-line corresponds
to DOY 020, the starting day of the event.

Figure 4.46. The findings show that even for such high spatial resolution, accurate FWI values can be
obtained. Nevertheless, this is a reanalysis product and therefore is only available every ≈ 2 months.
Furthermore, the FWI derived from ERA-5 exhibits a similar behavior to the FWI derived from Aqua,
Terra, and VIIRS data. It would be interesting to study its differences, but since the products time of
acquisition is not the same, the analysis becomes irrelevant.

It is interesting to observe that, overall, the results are at least not strongly overestimated or underesti-
mated, which means that the approach of the FWI estimated using remotely-sensed data and simulated
wind speed is not overstated considering that this data can be used on a daily-basis at a ≈1 km pixel
resolution and for free, which is useful in developing countries such as Chile to monitor wildfire risk from
a fire weather point of view.
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Figure 4.45: Fire weather index calculated at weather station (abscissa) versus a) FWI from Aqua-MODIS,
b) FWI approx. from Aqua-MODIS, c) FWI from Terra-MODIS, d) FWI approx. from Terra-MODIS, e)
FWI from VIIRS-SNPP with WindNinja’s (WN) wind-speed, f) FWI approx. from VIIRS-SNPP with
WindNinja’s wind-speed, g) FWI from VIIRS-SNPP with Deep Blue Aerosol (DBA) wind speed, and h)
FWI approx. from VIIRS-SNPP with DBA wind-speed. The diagonal black line corresponds to y = x.
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Figure 4.46: Fire weather index derived from ECMWF ERA-5 reanalysis data against FWI calculated at
the weather stations. All the data is at 12:00 PM from January DOY 001 to 031, 2017.

4.3.7.10 FWI discussion

Bowman et al. (2019) studied the FWI for all the fires that took place within the austral summer of
2016–2017 in Central Chile using ERA-5 reanalysis data. The FWI results obtained in their study shows a
similar behavior during the days of analysis in this study (Bowman et al., 2019, cf. Fig. 4). The maximum
mean FWI was obtained during January 24th to 26th, 2017, whose value was around 60, and are the same
mean FWI results obtained in this study on January 24th by the FWI derived from both Aqua and surface
energy balance.

On the other hand, the FWI validation through weather station data shows that the capability of this
methodology is not strongly overestimating nor underestimating the FWI, nevertheless more calibration
points (weather stations) are required to conclude its efficiency for Central Chile.

The FWI evolution shows an upward trend before the event (from January 1st to 19th, 2017), and hence
this might be a good indicator of the fire weather conditions within the ROI. However, the Fire Weather
Index only shows a meteorological-based wildfire risk, which must be accompanied with other variables
such as the fuel moisture content, or any other fuel-related variable.

A timeline of the event with the burned area, FWI and NSAT evolution is shown in Figure 4.47. Note
that the burned area of MODIS MCD64A1 for a given day corresponds to the last 24 hours, and hence
the values on January 26th includes the fires in Santa Olga the night of January 25th. Additionally, the
maximum FWI values do not correspond to Santa Olga or close to its proximity, but have been detected at
the south of the ROI in fires near Cauquenes. Nevertheless, the FWI map (see Figure 4.43) exhibits high
FWI values (above 50) in Constitución municipality prior to the event from VIIRS-SNPP, Aqua-MODIS
and the Energy balance, which are classified as extreme values.
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Figure 4.47: Event timeline, daily burned area, FWI, and NSAT evolution. Note that the timeline events
were taken from ONEMI (2017b), and the active fires are within the Maule region.

Finally, the methodology proposed in this study exhibits the possibility to acquire the FWI within the
same day, since MODIS and VIIRS-SNPP data is available within the day.
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A framework to study the anatomy of the “Las Máquinas” wildfire was conducted using Earth Observation
tools derived from multiple satellite-sensor products at a medium spatial resolution. The findings suggest
that this methodology is useful for developing countries like Chile, where the acquisition of variables
related to wildfire risk, such as the Canadian Fire Weather Index, can be obtained on a daily basis for
free, and to provide insights on catastrophic events, which could be useful for forensic and public policy
purposes.

Prior to the event, abundant and healthy vegetation was found within the ROI, with NDVI values above
0.5 for all the municipalities. The days before the event, Empedrado registered NDVI values around 0.67,
and 16 days later (until the following satellite-sensor product was acquired) its mean NDVI decreased
substantially to around 0.36 due to the fire, which makes it the most affected municipality based on
the flora damage point of view. The affected species were mainly Pinus radiata, Vachellia caven and
Nothofagus glauca, whose total burned area was 129,700, 13,700 and 13,500 ha, respectively. Moreover,
the national park “Los Ruiles” within the Empedrado municipality had mainly Nothogafus alesandrii trees,
an endangered species, and according to CONAF (2017b) the fire destroyed over the 90% of its surface.

In addition, some affected municipalities like Empedrado and Chanco had not experienced wildfires
for several years according to the Global Fire Atlas database. This, together with high NDVI values
indicate a high fuel availability at least for those municipalities. Moreover, average maximum temperatures
obtained with ERA-Interim reanalysis and calibrated data by the CR2 exhibited mean values (for the whole
ROI) of around 29◦C the month prior to the event, being the highest value registered by the product since
1979 for the region of interest. Additionally, the SPI shows from both IMERG and CR2 data that there
had been a severe and persistent drought since 2009. Therefore, the high fuel availability, high tempera-
tures and severe drought manifest a high wildfire risk, which is even higher if the WUI component is added.

The severity of the fire derived from the dNBR analysis from both Landsat-8 and Sentinel-2 data
exhibits high severity pixels within the Constitución and Empedrado municipalities. Furthermore, the most
affected zones were those near the village of Santa Olga, which was completely decimated by the fires
on the night of January 25th, where the burned area between that day and the next was about 85,000 ha
according to the MODIS MCD64A1 product. Additionally, the FRP derived from both VIIRS-SNPP and
MODIS data recorded energy release values over 2,000 MW within a 7-km radius of Santa Olga. The
location of this village corresponds to an accurate description of the Wildland-Urban Interface, as it is
surrounded by forests and its topography varies considerably nearby.

Air quality during the event was studied using the VIIRS-SNPP Deep Blue Aerosol (DBA) product,
and the results showed a high presence of both high-altitude smoke and pyrocumulonimbus. To the
author’s best knowledge, there is no report mentioning the formation of pyrocumulonimbus during the
fire, which is interesting and gives the opportunity to do more research about it. In addition, Aerosol
Optical Depth (AOD) was also acquired from the DBA product, and the results show an average AOD
around 1.0 for January 25th and 26th, which also displayed maximum AOD values over 4.5, meaning
that there were pixels in which the sunlight was completely blocked due to high amounts of particles in
the atmosphere derived from the fire. Furthermore, carbon emissions were studied using the Global Fire
Emissions database, and a high amount of carbon particles were found during the fire in January, with a
mean of 197.49 g·C·m−2, versus average values of 5.27 g·C·m−2 in the previous seven years for the same
month.

The Canadian Fire Weather Index (FWI) is a numeric rating of fire intensity used in the Canadian Fire
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Danger Rating System, and in this study was calculated at a landscape-scale using daily remotely-sensed
images at a medium resolution derived from both MODIS and VIIRS information. Near-surface air
temperature is required for the computation of the FWI, and was calculated using multiple linear regression
models, machine learning regression algorithms, and by applying a surface energy balance.

Overall, the best-performing regression models used to obtain the NSAT were those that applied
machine learning and, in particular, random forests regression to the training dataset (e.g. r = 0.955
and RMSE = 1.144◦C for Aqua data; cf. Figure 4.26). However, when the models were applied to
the testing dataset, the pixels-validation against measured NSAT at the weather stations showed lower
Pearson’s correlation coefficients and higher RMSE results. When analyzing the data, the main difference
found between the training and testing datasets was that the latter recorded higher temperatures, which
affected the machine learning random forests regression algorithm, as the machine was not trained for
such temperatures. For the MODIS-derived datasets, the best performing regression algorithm was the one
applied to the Aqua data with random forests, where a Pearson’s correlation coefficient of r = 0.73 and
RMSE = 3.34◦C were obtained. But for the morning data, i.e. derived from Terra-MODIS, the multiple
linear regression model achieved better statistical results than the random forests. The largest errors in
NSAT estimation were found towards the Pacific Ocean coast, particularly at Chanco weather station,
where generally the NSAT values were overestimated or underestimated by the regression models, which
may be due to the high variability of ambient temperature in a short period of time at the coast. Therefore,
further studies are required to conclude on the effectiveness of NSAT estimates at the coast using the
proposed methodology.

On the other hand, the NSAT calculated using the surface energy balance obtained the worst statistical
results, displaying RMSE values over 11◦C. However, after applying a random forests regression to
the results using the weather station NSAT as the dependent variable, the results improved considerably,
displaying r = 0.893 and RMSE = 2.3◦C for the energy balance model using the NDVI derived from
the daily surface reflectance product, i.e. EB-2 using MODIS MYD09GA, thus resulting in the best
performing model to explain the near-surface air temperature.

As there was no correlation between the calculated relative humidity (RH) and the RH measured at the
weather stations, the calculated RH also went through a pseudo-calibration procedure using the weather
station RH as the dependent variable. This calibration was carried out using machine learning random
forests regression, resulting in r values over 0.86 and RMSE under 9% of the RH.

In general, the Canadian FWI results showed the same behavior, although variations were found
between the maximum FWI values for each of the satellite-sensor data used to compute the FWI. For
example, the estimated FWI using the Aqua data achieved a maximum FWI of 200, while the approximate
FWI using the same data resulted in a value of 225 on the same day. Moreover, the mean FWI values
obtained are similar to those reported by Bowman et al. (2019) (cf. Fig. 4), who used ERA-Interim
reanalysis data for all the fires that took place in Central and Southern Chile, and was around 60 between
January 24th and 28th. The FWI index evolution did not show critical FWI values (over 100) near Santa
Olga. However, extreme FWI values ranging from 50 to 83 were found on January 24th in Constitución
near Santa Olga, i.e. one day before the catastrophe. In addition, the FWI evolution from January 1st to
19th showed an upward trend of the FWI, which can be interpreted as an increasing wildfire-risk within the
ROI.

A validation of the FWI estimated from remotely-sensed data was carried out by comparing it with
the FWI measured at weather stations. The results show that the use and application of a remote sensing
methodology to calculate the FWI is feasible, since the results are neither strongly overestimated nor
underestimated, however it would be interesting to study this approach for more wildfires in other
Mediterranean regions, and to have even more control points (weather stations), since, as could be seen in
the present work, there was a lack of them in the ROI.
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A. Download satellite images

There are multiple sources or data-hubs from where to download satellite images. In this section the ones
used for this study will be mentioned and briefly described.

A.1 Download via NASA’s EarthData

This server might be the most used and known data-hub to download satellite images. The steps to
download an image are the following.

1. Visit EarthData website and create an account in the following link: https://urs.earthdata.nasa.gov/
(accessed in May 2022).

2. Once your account is created, go to: https://search.earthdata.nasa.gov/search and login to your
account at the top right corner.

3. At the top left section of the webpage are several tools to filter for your data. You cab set the time
frame of analysis, spatial extent of your region of interest, etc. In the search bar write the desired
product name. A list of the matching collections will appear if the product being searched exists
or has images within the time frame and extent of your region of interest. Click on the product
to see the granules. If only some of them are needed, the “download single granule data” option
can be used. If more data is needed, click download all. This will redirect you to another page,
where a summary of the data selected, amount of images an estimated size will be displayed. Select
“download all”, and a new page will come forth. Click on save the data, and a *.txt file will be
downloaded.

4. Find the downloaded *.txt file and change format to *.dat (generic data file) by changing the
“.txt” to “.dat”.

5. The following steps will use Cygwin64 Terminal2 software to download multiple images from the
*.dat file.

6. If Cygwin64 is being stalled for the first time, place its directory in the main disk (usually C:\).
Once installed in C:\ go C:\cygwin64\home\User directory and place the *.dat file there. Open
Cygwin64 Terminal and run the following codes.

i. Write the following and click enter.

1 touch .netrc

ii. Using wget, type the following code and click enter.

1 wget --load-cookies .urs_cookies --auth-no-challenge=on --keep-session-
cookies --user=your_username --ask-password --content-disposition --no-
check-certificate -i your_downloaded_file.dat

Note that you have to replace your_username for your EarthData username and
your_downloaded_file.dat for your *.dat filename. Once done, the GUI will ask for
your EarthData password. If everything was correctly done, the images will start downloading
and will be stored in the same directory where the *.dat was placed.

2Download link: https://www.cygwin.com/
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A.2 Download MODIS products in R

Assuming R (R Core Team, 2021) is installed and running in your system (in this case an example for
Windows machine is described), the steps to download a MODIS product are almost straightforward.

1. Install the MODIStsp package (Busetto & Ranghetti, 2016) in R using the following code.

1 install.packages("remotes")
2 library(remotes)
3 install_github("ropensci/MODIStsp")

2. Once installed, type and run in R:

1 MODIStsp::MODIStsp()

3. This will open a Graphics User Interface of MODIStsp in the web-browser.

4. In “Product and layers”, select both the MODIS product and layer you want to use (you can also
select the product version and platform i.e. Terra or Aqua).

5. In “Spatial/Temporal options”, select the date range for your images and the MODIS tiles. If you
select more than one tile, it will automatically perform a mosaic of the images. You can also add a
shapefile (in geographic coordinates) of your region of interest. In these options it is also possible to
select the output product coordinate system. I suggest using WGS84 Geographic coordinates system,
i.e. EPSG:4326. For this study, EPSG:32719 was used, which corresponds to WGS84 UTM Zone
19-South coordinate system. Select “user defined” projection, and under projection name write 4326.
You can even resample the data by selecting an specific spatial resolution. Note that a resampling
occurs when reprojecting the image from Sinusoidal (MODIS original projection) to Geographic
coordinates, and thus a resampling method is required. Choose near for nearest neighbor (if the
product has a qualitative variable e.g. land cover products) or bilinear for a bilinear interpolation (if
the product has a continuous variable e.g. NDVI products).

6. Finally, in the “Output Format and Folders”, select the download method as http, place your
NASA’s EarthData username and password. In the output options, you can select the output format,
save the data as a rasterStack, among others. If you are downloading an specific product, you
can select “Yes” in the “Apply Scale/Offset” so your downloaded product has the corresponding
values, i.e. it will apply the scale factor to the data. Select an output folder where the processed
images will be stored and an output folder for the original *.HDF files and click “Run MODIStsp”.

A.3 Download Landsat-8 and Sentinel-2 images

Both Landsat-8 and Sentinel-2 images can be downloaded in the United States Geological Survey (USGS)
EarthExplorer hub. The steps are the following.

1. Go to EarthExplorer an create an account in the following link: https://ers.cr.usgs.gov/login (accessed
in May 2022)

2. Once your account is created, go to: https://earthexplorer.usgs.gov/ and login to your account at the
top right corner.
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3. At the left of the EarthExplorer GUI, fill the search criteria. You can either use Path/Row or GNIS
as geocoding method. If Path/Row is used (Worldwide Reference System, WRS-2), you will need
to provide the path/row values of your region of interest, or in “KML/Shapefile Upload” you can
upload a shapefile of your region of interest in geographic coordinates.

4. Select a date range, cloud cover, etc.

5. Go to the “Data Sets” tab and search for either Landsat-8 or Sentinel-2 datasets.

6. If Landsat-8 images is what you are looking for, under Landsat go to Landsat Collection 2 Level-2
and from there select Landsat 8-9 OLI/TIRS C2 L2. This product correspond to images that have
undergo several correction procedures such as terrain correction, atmospheric correction, among
others.

7. If Sentinel-2 images are those required, click on Sentinel and select Sentinel-2. This images
correspond to level-1 product, which are not atmospherically corrected and thus pixel values are at
the top-of-atmosphere (TOA). The correction can be done in R using the sen2r package (Ranghetti
et al., 2020), or in The Sentinel-2 Toolbox3 developed by the European Space Agency (open access).

B. Work with raster data in R

There are quite a few ways to work with satellite images or rasters. These ways refer to several software
based on Geographic Information Systems (GIS), which can be free and open-source to paid. The most
used ones are QGIS (free and open-source, QGIS Development Team, 2009), ENVI (paid), ArcGIS (paid),
etc. In addition, there has been a wide open-source libraries or packages development within Python
(vanRossum, 1995) and R (R Core Team, 2021) languages for GIS.

In this work, all image processing was carried out in the free and open-source R language. The basis
of the latter rely in its easiness of use within geographic information system, powerful data analysis, and
not to mention its wide helpful and supportive community. For the reader, R version used was 4.1.X in
Windows 10, 64-bit.

The following sections will focus on the use of R and some of its libraries for geographic information
system or raster data analysis.

B.1 Geo-processing

There are several geo-processes while working with satellite images. Most of them are carried out using
the raster package (Hijmans, 2020). Note that in R it is possible to specify a function from certain library
using, for example, raster::thefunction(), where raster is the library and thefunction() is, for
the sake of redundancy, the function of that library being used.

An example of some geo-processes are the following.

a) Opening a raster file. For this, there are several libraries. For GeoTIFF images (*.tif extension),
use the raster library. For NetCDF (*.nc or *.nc4 extension) and HDF5 (*.h5 extension) use
the ncdf library (Pierce, 2021). Assign a variable to each image. An example where an image is
opened and stored in the x variable is shown below.

3Download the software from: https://sentinel.esa.int/web/sentinel/toolboxes/sentinel-2
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1 x <- raster::raster(’your_image.tif’)

b) Raster math. Suppose that a raster is stored in the x variable, and corresponds to a “land surface
temperature” product. However, the units of the pixels within the image are in Kelvin, and you want
to use it in degrees Celsius. Hence, the following code can be used to achieve the latter.

1 y <- x - 273.15

Which means that the new variable “y” will be a new raster image or Raster* object with the
same extent, resolution and number of cells than x, but 273.15 will be subtracted to each pixel and
hence the units of “y” will be in degrees Celsius. This is also applicable to multiple rasters and
for all mathematical expressions (sum, multiplication, division, etc). For example, if you want to
compute the mean between two rasters r1 and r2, it is possible to use R base stats and run the
following code.

1 r <- mean(r1,r2, na.rm = TRUE)

Otherwise, it is possible to generate a rasterStack object from the two rasters and calculate the
mean with the raster library.

1 s <- raster::stack(r1,r2)
2 r <- raster::calc(s, fun = mean , na.rm = TRUE)

N.B. the na.rm = T means that NA values (missing values) will not be considered while computing
the mean.

c) Reprojection. Usually when a satellite image is downloaded, it comes with a certain projection (e.g.
WGS84 Geographic in latitude and longitude). Most analysis using pixel dimension would need a
reprojection to work with metric pixel values, and thus reprojecting the images is required. Typically,
the image is reprojected to UTM (Universal Transverse Mercator) coordinate system. In this study
the WGS84 UTM Zone 19-South was used, and hence pixels were geo-transformed to meters. The
reprojection of an image affects both its area, shape, distance and scale, and thus mathematical
processes such as interpolation are carried out. Suppose you have a raster in geographic coordinates
assigned to the r variable and want to reproject it to UTM Zone 19-South, the following code should
be used.

1 utm_19s <- "+proj=utm␣+zone=19␣+south␣+ellps=WGS84␣+towgs84=0,0,0,0,0,0,0␣+
units=m␣+no_defs"

2 r2 <- raster::projectRaster(r , crs = utm_19s)

where utm_19s is the desired coordinate system (WGS84 UTM Zone 19-South), and r2 is the
reprojected raster of r. Note that it is also possible to specify the interpolation method, which can
be nearest neighbor or bilinear.

d) Crop and mask. A satellite image will typically cover more surface than your region of interest. This
is when crop and mask functions are useful. To crop and mask a raster, an extent surface is needed.
For this, usually a vector-polygon data is used (frequently called shapefiles due to its most-common
format – *.shp). This shapefile can be opened using the rgdal library (Bivand et al., 2022) using:

1 shp <- rgdal::readOGR("C:/data/my_shapefile.shp")
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where the only parameter is the directory and name of the file. Suppose that the raster variable name
is assigned to the r variable. The crop and mask can be done using the following.

1 crop <- raster::crop(x = r, y = extent(shp))
2 mask <- raster::mask(x = crop , mask = shp)

This functions crops the r raster to the extent of the shapefile (shp), and afterwards it uses the
shapefile geometry to mask the data, i.e. it converts to NA (or no-data value) everything outside of it.

e) Resample. If multiple images are used for certain raster analysis, the same resolution and extent is
usually required, otherwise interpolation should be performed, or a conversion of the raster data to
a data frame (which is a table or a two-dimensional array-like structure). Suppose you have two
rasters r1 and r2 with the same projection, but r1 has different dimensions (and thus different pixel
or spatial resolution) than r2. Say you want r2 to have the same dimensions as r1, the following
code should be used for resampling r2.

1 r2.1 <- raster::resample(r2,r1,method=’bilinear’)

As a result, r2.1 is a raster with r2 values interpolated to the extent and dimensions of r1. Note
that method stands for the interpolation method. If a continuous variable within the raster data
is studied, then a bilinear interpolation is recommended, while if the rastar data is categorical, a
nearest-neighbor (which is ’ngb’) interpolation should be performed.

f) Extraction. This was substantially used in this work to extract pixel values at certain weather station
points. Therefore, a shapefile of points or polygons is needed. Say the shapefile “shp” has the points
in the same projection than raster r of land surface temperature (LST). If you want to obtain the
corresponding LST pixel value at a specific weather station location, the following code can be used.

1 my_shp <- rgdal::readOGR("C:/data/my_weather_station_points.shp")
2 r.ext <- raster::extract( x = r , y = my_shp , method = "bilinear")

r.ext will be a numeric R vector with a length equal to the amount of weather stations or points
within the shapefile. The method selected can be ’simple’ or ’bilinear’. The first one retrieves
the corresponding pixel value where the point is located, while the second one returns an interpolated
value within four nearest raster cells. It is also possible to set a buffer which will make a radius
around each point and will extract the cell values.
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C. International Geosphere-Biosphere Programme classification

Table C.1: MCD12Q1 International Geosphere-Biosphere Programme (IGBP) legend and class descrip-
tions. Obtained from: Sulla-Menashe & Friedl (2018).

Name Value Description
Evergreen Needleleaf Forests 1 Dominated by evergreen conifer trees(canopy>2m).Tree cover>60%.
Evergreen Broadleaf Forests 2 Dominated by evergreen broadleaf and palmate trees(canopy>2m).

Tree cover>60%.
Deciduous Needleleaf Forests 3 Dominated by deciduous needleleaf(larch) trees (canopy>2m).Tree

cover>60%.
Deciduous Broadleaf Forests 4 Dominated by deciduous broadleaf trees(canopy>2m).Tree cover>60%.
Mixed Forests 5 Dominated by neither deciduous nor evergreen (40-60%of each) tree

type (canopy>2m). Tree cover>60%.
Closed Shrublands 6 Dominated by woody perennials(1-2m height), >60% cover.
Open Shrublands 7 Dominated by woody perennials(1-2m height), 10-60% cover.
Woody Savannas 8 Tree cover 30-60% (canopy>2m).
Savannas 9 Tree cover 10-30% (canopy>2m).
Grasslands 10 Dominated by herbaceous annuals(<2m).
Permanent Wetlands 11 Permanently inundated lands with 30-60% water cover and >10% veg-

etated cover.
Croplands 12 At least 60%of area is cultivated cropland.
Urban and Built-up Lands 13 At least 30%impervious surface area including building materials, as-

phalt, and vehicles.
Cropland/Natural Vegetation Mo-
saics

14 Mosaics of small-scale cultivation 40-60% with natural tree, shrub, or
herbaceous vegetation.

Permanent Snow and Ice 15 At least 60%of area is covered by snow and ice for at least 10 months
of the year.

Barren 16 At least 60%of area is non-vegetated barren (sand, rock, soil) areas
with less than 10% vegetation.

Water Bodies 17 At least 60%of area is covered by permanent water bodies.
Unclassified 255 Has not receivedamap label because of missing inputs.
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D. NDVI and NDWI pre-fire data distribution

Figure D.1 shows the data distribution for both NDVI and NDWI within each municipality in the ROI
prior to the event, i.e. from 2010 to 2016 data.
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Figure D.1: Pre-fire a) averaged NDVI and b) averaged NDWI values for 2010 – 2016 data. The rhombus
within each boxplot represents the mean data values.

E. IGBP detail for land-use categories

Forest category within the land-use type must be expanded in order to understand the IGBP values of 1, 2,
8 and 9. Therefore, the Land Use Inventory was used to extract another variable within its dataset: the
“detailed land-use type”, which carries a more specific description of the land type including a total of
39 categories, along with, for example, plantations, native forests, rivers, grasslands, among others. The
results are shown in Figure E.1.
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Figure E.1: Pre-fire Land Use Inventory (LUI) − “detailed land-use type” surface area for IGBP categories
1, 2, 8 and 9 (from year 2015), within the ROI. Of the 39 categories found for the ROI, only 16 were within
pixel values of the IGBP 2015 image, and 9 of them met the imposed condition of a minimum surface area
of 650 ha (for each IGBP category).

From Figure E.1 it is possible to observe that for IGBP = 1 (evergreen needleleaf forests) category,
the main classification variables for the detailed land-use type from the LUI are plantations and native
forests. The sum of the latter variables is around 13,700 ha, which is close to the 14,300 ha of the “Forests”
land-use type category in Figure 4.19 for IGBP = 1. This behavior can also be evidenced for IGBP = 2
(evergreen broadleaf forests) and IGBP = 8 (woody savannas). Nevertheless, for IGBP = 2 there is an
increase in the “mixed forest” land-use type category, and for the IGBP = 8 there is less mixed forests
and more shrublands, agricultural lands, crop-meadow rotation and arborescent shrublands. For savannas
(IGBP = 9) there is a mixture of all the variables mentioned before, however the presence of plantations is
at around the same surface-area of agricultural land, native forests, and agricultural lands.

Therefore, it is possible to conclude the following. IGBP = 1 is mainly composed of plantations and
native forests, categories that correspond to 72.5% and 11.9%, respectively, of the total surface area of
evergreen needleleaf forests within the ROI, while mixed forest is 3.6% of the total surface area. For
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IGBP = 2, the surface area of plantations, native forests and mixed forests correspond to 78.6%, 10.8%
and 4.9%, respectively, of the total surface area of evergreen broadleaf forests within the ROI. Hence, the
aspect-ratio of IGBP 1 and 2 for the three variables mentioned before, are considerably close.

Hence, at this point, the question that arises is about the different species for each detailed land-use
type. As in the affected species analysis (cf. Section 4.3.5), the rasterized-species data was extracted using
the detailed land-use type studied before to extract the species within each land-use type. The results are
shown in Figure E.2.
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Figure E.2: Pre-fire LUI “species” surface-area for several “detailed soil-use types” within the ROI. Of the
9 categories for the “detailed soil-use type” (y-axis of Figure E.1) found for the ROI, only 7 of them met
the settled condition of a minimum surface-area of 100 ha. The same criteria was applied to the species i.e.
a minimum surface-area of 100 ha.

The findings suggest that the species that hold the most surface-area within the ROI are: Pinus radiata,
Vachellia caven and Eucalyptus globulus. The first and last ones are mainly in the Plantation “detailed
land-use type” category, while the second can be found in several categories. The evergreen needleleaf
forests (IGBP = 1) was mainly composed by plantations and native forest, however their surface area for
the plantation category should be considerably wider, since the main species within the plantation category
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corresponds to needleleaf vegetation, i.e. Pinus radiata. Furthermore, it seems that the algorithm for
IGBP is considering pixels with vegetation such as Vachellia caven to the Native Forest category, which
would explain the surface-area of that category within IGBP = 1. Nevertheless, if the latter is true, its
surface-area should be larger.

On the other hand, for evergreen broadleaf vegetation (IGBP = 2) the amount of plantations and native
forests has a larger surface-area with respect to IGBP = 1. At least for the Native Forests category, this is
consistent with the results shown in Figure E.2, since the species within that category are mainly broadleaf
vegetation.

For woody savannas (IGBP = 8), a more detailed analysis is required to conclude on the results, since
it seems clear that plantations surface-area within the latter should be larger, yet its definition states that
are lands with canopy cover between 30% and 60%, while IGBP = 1 and 2 are > 60%, hence those values
should not be the same. Nevertheless, the amount of agricultural lands, shrublands, crop-meadow rotation
and arborescent shrubland surface-area is larger than for IGBP 1 and 2, which is reasonable since the main
species within the latter “detailed land-use type” corresponds to Vachellia caven (also known by Roman
Cassie), a small tree or shrub.

Finally, savannas (IGBP = 9) , whose definition is basically the same as “woody savannas”, with the
difference that its canopy cover is between 10% and 30%, has even more shrublands, agricultural lands,
crop-meadow rotation and arborescent shrublands than woody savannas.

F. Other Fire Weather Index results

The relation between the CFFDRS FWI and the approximated Fire Weather Index (FWIapp) is shown in
Figure F.1.
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Figure F.1: Comparison of the FWI calculated using the cffdrs package versus the approximated FWI
using weather station data.
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