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ABSTRACT

Hyperspectral remote sensing of wildfires combines principles of emitted
radiation with advanced spectrometry to model wildfire area and temperature, as well as
background land cover classification, at the subpixel level. Yet airborne hyperspectral
sensors face problems of inconsistent spatial resolutions and have limited spatial and
temporal coverage. A proposed hyperspectral/thermal infrared satellite, the Hyperspectral
InfraRed Imager (HyspIRI), will provide hyperspectral data over a spectral range of 350-
2500 nm at a spatial resolution of 60.0 m. Hyperspectral radiance data have previously
been shown to allow fire detection and retrieval of fire temperature, although these
abilities have not been demonstrated at spatial resolutions coarser than 16.1 m. For this
study, four hyperspectral images containing active fires were acquired by the Airborne
Visible-Infrared Imaging Spectrometer (AVIRIS), with spatial resolutions ranging from
3.8 t0 16.1 m. By resampling these AVIRIS images to coarser spatial resolutions and by
modeling fire area, fire temperatures and background land cover, the impacts of spatial
resolution on fire detection and temperature retrieval were simulated. Multiple
endmember spectral mixture analysis (MESMA) methods were used to model fire
temperature and background land cover types. Modeling at coarser spatial resolutions
produced larger areas of low fire temperatures with lower modeling error than modeling
at finer spatial resolutions. Modeling results comparing 60.0 m data with and without a
Gaussian point spread function validated pixel aggregation resampling as a suitable

approximation of coarser spatial resolution imagery. Coarser spatial resolution



hyperspectral data, such as that collected by the future HyspIRI sensor, are likely to
model more fire area and lower temperatures when compared against simultaneously
acquired higher spatial resolution data. Increasing the saturation thresholds of SWIR
channels could greatly improve the fire detection and temperature modeling capabilities

of a HyspIRI-like sensor.
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1 INTRODUCTION

Wildfires are a growing problem in the United States, especially as the wildland-
urban interface continues to expand. The average annual area burned over the last nine
years was a considerable 28,504 km?, compared to an annual area of 16,858 km? over the
last 50 years (National Interagency Fire Center, 2010). In addition to endangering human
life and disturbing ecosystems, wildfires emit large amounts of pollutants, including CO»,
into the atmosphere. The negative impacts of wildfires add to already growing concerns
regarding the carbon cycle and global climate change.

Remote sensing has appropriately become a tool of choice for examining and
evaluating the effects of wildfires on the environment. This is due to its ability to easily
map fires and fire impacts over large areas. Its ability to measure reflected and emitted
electromagnetic radiation at high spectral resolutions provides valuable information on
the impacts of fire on vegetation (e.g., Drewa et al., 2002), soils (e.g., Kokaly et al.,
2007), and potentially even behavior of active fires (e.g., Riafio et al., 2003). Although
remotely sensed information represents a snapshot in time, repeat acquisitions allow
researchers to detect change and discern patterns over time, such as the regeneration of
vegetation in a burned area.

One specific type of remote sensing, hyperspectral imaging, is a growing research
area which can provide much needed information for studying wildfires and their
behavior. Hyperspectral sensors are imaging spectrometers which measure the distinct

spectral responses of various phenomena of interest based on their physical or chemical



properties (Jensen, 2007). Hyperspectral sensors have many contiguous spectral bands—
hundreds, compared to the dozen or fewer typical on most sensors—that can measure
large portions of the electromagnetic spectrum. This information allows researchers to
discriminate between different objects or land cover types in an image. Applications of
hyperspectral remote sensing include image classification and vegetation mapping (e.g.,
Hoefen et al., 2010), change detection (e.g., Canty, 2009), and more recently fire
detection and temperature mapping (Dennison & Roberts, 2009; Dennison et al., 2006).

Hyperspectral data improve upon another major application of remote sensing—
modeling of mixtures of multiple radiance signals comprising a single pixel (e.g., Adams
et al., 1993). The large number of bands allows percentages of land cover types to be
calculated within each pixel, which can then be used to calculate the total fractional area
of each land cover type. The Advanced Visible Infrared Imaging Spectrometer (AVIRIS)
is a widely used airborne hyperspectral sensor, with 224 contiguous spectral bands
recording electromagnetic data at 10 nm increments between approximately 400 and
2500 nm (Vane et al., 1984). AVIRIS has a spatial resolution ranging from 4.0 m to 20.0
m, depending on the altitude of the sensor.

Hyperspectral remote sensing of wildfires combines principles of emitted
radiation with advanced spectrometry to model wildfire size and temperature, as well as
background land cover classification, at the subpixel level. Yet AVIRIS, like all airborne
sensors, faces problems of varying spatial resolutions, and has limited spatial and
temporal coverage. The National Research Council Decadal Survey on NASA Earth
science applications recommended the development of a hyperspectral/thermal infrared

Tier 2 satellite mission (National Research Council, 2007). The proposed Hyperspectral



InfraRed Imager (HyspIRI) is currently in design stage at NASA. The VSWIR
hyperspectral sensor proposed for HysplIRI is being designed to measure data
contiguously across the range of 380 — 2500 nm at 10 nm increments, with a proposed
spatial resolution of 60.0 m. With spectral capabilities similar to AVIRIS, HyspIRI will
have the potential to detect fires and to retrieve fire temperature, although these abilities
have not been demonstrated at the relatively coarse spatial resolution of 60.0 m. By
resampling AVIRIS images to coarser spatial resolutions and modeling fire area, fire
temperatures and background land cover, the impacts of spatial resolution on fire
detection and temperature modeling can be simulated.

This study had four principle objectives: (1) To resample four AVIRIS images
with active wildfires to spatial resolutions ranging from their initial resolution to
approximately 60.0 m; (2) to observe and assess the performance of fire detection and
temperature modeling on images resampled to coarser spatial resolutions; (3) to apply a
Gaussian point spread function to one fire image to better simulate actual imagery from
the planned HyspIRI VSWIR sensor, and assess the performance of the fire detection and
background modeling at 60.0 m; and (4) to determine whether there is a threshold within
the range (4.0-60.0 m) beyond which fire detection and temperature modeling are too
inconsistent or are no longer useful. By addressing each of these objectives, it was hoped
that significant trends could be noted and information presented to NASA scientists and
collaborative researchers which are relevant to HyspIRI development, while the sensor is

still in its design stage.



2 BACKGROUND

Remote sensing instruments measure electromagnetic energy reflected from or
emitted by an object. For emitted radiation, colder temperature objects (i.e., background
temperatures ranging from 300-500 K) emit most of their radiance in the thermal infrared
(812 um) and middle infrared (3—5 pum) regions of the electromagnetic spectrum. Hotter
temperature objects (i.e., smoldering and flaming combustion above temperatures of 500
K) emit more of their radiance in the shortwave infrared (SWIR) portion of the spectrum
(1.4-2.5 um). Planck’ s Law calculates emitted blackbody radiance at a specific
wavelength for asurface at a certain temperature. If radiance is known and a blackbody is
assumed, the radiative temperature of the object can be estimated using Planck’s Law.

Temperature modeling for wildfires is complicated, however, by the fact that
most fire pixels are mixed, containing an averaged spectral radiance value for fire and
nonfire areas. Additionally, there may be multiple flames present within a single pixel
which emit at different temperatures. Subpixel area of fire and background land cover can
be modeled using spectral mixing models, which estimate the fractions and spectral
radiances of endmembers. Endmembers are spectrally pure signatures of a given land
cover type (or specific fire temperature, in the case of wildfires), gathered from either
field-measured spectra, relatively pure pixels in the image, or modeled radiance that
accounts for atmospheric effects through radiative transfer modeling (Eckmann et al.,

2008). The general equation for spectral mixing is:



Linix = i fiL; (1)

where L; is the spectral radiance of each endmember, f; is the fractional area of each
endmember in the pixel, and Lnix is the total mixed spectral radiance for the pixel. In the
case of modeling fire in SWIR wavelengths, the fraction and radiance terms can represent
reflected solar radiance or emitted radiance from afire. The first spectral mixing model
applied to temperature retrieval of wildfires was developed by Dozier (1981) for the
Advanced Very High Resolution Radiometer (AVHRR), which hasa 1.1 km spatial
resolution. This method uses atwo endmember case which employs two broadband
AVHRR channelsat 4 ym and 11 pm to spectraly discriminate between fire and nonfire

(cool background) endmembers. The method uses the following equation:

L/l = f}ireﬁ(li Tfire) + fbackgroundﬁ(li Tbackground) (2)

where L, is the spectral radiance at a wavelength A, ffir. @d fyackgrouna A€the
respective fractional areas of fire and background, 5(4, T) is a Planck function, and ;..
and Ty crgrouna A€ thetemperatures of the fire and the background, respectively.
Eckmann et al. (2008) note that the method is based on the following assumptions: all
objects and background emit as blackbodies, a hot object has a single, uniform
temperature, and that atmospheric effects are minimal.

In light of these limitations, the Dozier (1981) method has been altered for various
applications. Giglio et a. (2003) provided an alternative method using fire radiative

power (FRP) for the Moderate-Resolution |maging Spectroradiometer (MODIS) satellite,



similarly using the ratio of increased radiance between 4 um and 11 um wavelengths to
detect fire pixels. Improvements were made upon the method by using a combination of
shortwave bands (e.g., Green, 1996; Giglio et a., 2003; Dennison et al., 2006). Giglio
and Kendall (2001) improved the method by generating a three endmember linear mixing
model, which includes a reflected solar radiance fraction and a shade radiance, which
contains scattered radiance from the atmosphere. The fraction and the shade radiance

allow the fractional areasto fluctuate separately, thereby enhancing the model.

2.1 FireDetection in Hyperspectral Data

With acloser look a hyperspectral fire modeling, there have been several
previous applications of fire detection and both temperature and land cover modeling.
Concerning fire detection, three indices using AVIRIS spectral bands have been
proposed. Vodacek et al. (2002) proposed a potassium emission index based on a near
infrared band combination (of 770 and 780 nm), which highlights a potassium emission
feature that implies burning vegetation. Dennison (2006) introduced a carbon dioxide
absorption index using a combination of three bands to indicate reduced CO, absorption
caused by the limited path length of emitted radiance. Both indices are based on fine
spectral features and prone to background noise (Dennison & Roberts, 2009).

Dennison and Roberts (2009) used kappa matrices to compare all potential
combinations of AVIRIS bands, and termed the most accurate combination (two bands
centered at 2061 and 2429 nm) the Hyperspectral Fire Detection Index (HFDI). They
then evaluated the performance of HFDI against the potassium emission index (V odacek
et a., 2002) and the carbon dioxide emission index (Dennison, 2006) on AVIRIS scenes

of the 2007 Zaca Fire and the 2008 Indians Fire in California (Fig. 1). They found that



HFDI outperformed the other indices, producing less background noise. Y et despite this
success, the authors did find that the new index showed significantly lower accuracy
when modeling temperatures below normal flaming combustion temperatures (below 750
K) and for the very hottest fire temperatures (above 1400 K). Dennison and Roberts
(2009) recommend that HFDI be used in conjunction with additional temperature
modeling methods, and that further investigation be conducted to assess the performance

of HFDI at coarser spatial resolutions for future satellite hyperspectral sensors (e.g.,

HysplRI).

2.2 Hyperspectral Temperature M odeling

There have also been previous temperature modeling applications using SWIR
hyperspectral data. Green (1996) used observable spectral differences between emitted
radiance and reflected solar radiance to model temperature. Dennison et al. (2006)
improved upon the Green (1996) methods by applying multiple endmember spectral
mixture analysis (MESMA; Roberts et a., 1998) to modeling fire temperatures. This
method involves a spectra library of endmembers, and establishes the best fit
combination of endmembers for each image spectrum. Dennison et al. (2006) used
MESMA to compare and select the best fit combination of a reflected solar radiance
endmember (from a spectral library of selected image endmembers), an emitted radiance
endmember (from a spectral library of modeled emitted radiance endmembers for
temperatures ranging from 500-1500 K), and a shade (no measured radiance)
endmember. While the method was computationally intensive and produced some errors
due to smoke and sensor saturation in the SWIR, it effectively combined temperature

modeling and fire fractional area with background land cover classification. Dennison



and Matheson (2011) improved upon the Dennison et al. (2006) fire temperature
modeling by using HFDI for fire detection, as well as separate spectral libraries of
background endmembers for smoke, nonsmoke, and fire pixels. They compared similar
modeling methods using imagery from both AVIRIS and the MODIS/ASTER Airborne
Simulator (MASTER), acquired simultaneously onboard a NASA ER-2 platform flying
over the 2008 Indians Fire in central coastal California, USA. This study assessed
differences in fire detection and temperature retrieval when applied to hyperspectral and
multispectral data, but did not examine the potential effects the two sensors’ different

gpatial scales had on the modeling.

2.3 Spatial Rescaling

A primary limitation on the ability to characterize land cover or model
temperatures in remotely sensed imagery is the spatial resolution of the imagery itself.
Coarser spatial resolutions can result in aloss of spatial and spectral information, and
gpatial resolution effects are a frequent research question in the field of remote sensing.
Ling (1997) found that variability among the values of a Landsat TM reflectance/
absorptance biomass index decreased with coarsening spatial resolution. Walsh et al.
(1997) also demonstrated that biomass variation was scale dependent, noting a smoothing
of NDVI values at coarser resolutions.

There have been many studies that have used multiscale approaches to examine
vegetation and temperature retrieval, respectively. Anderson et al. (2007) used datawith
differing spatial scales acquired from airborne and spaceborne sensors to produce a land-
atmosphere transfer scheme to compare changes in land temperatures at high temporal

and spatial resolutions. Three-endmember modeling methods similar to those used by



Dennison et al. (2006) were used to assess subpixel fire propertiesin MODI S data
(Eckmann et al., 2008; Eckmann et al., 2009; Eckmann et al., 2010). In these studies, fire
area modeled from the coarser-resolution MODI S data was compared with fire-flagged
area from the simultaneously acquired finer-resolution Advanced Thermal Emission and
Reflection Radiometer (ASTER) data as a form of accuracy assessment. To date, no
studies have examined the impact of spatial scaling on hyperspectral temperature
retrieval.

With regards to vegetation, Nelson et al. (2009) coarsened both Landsat TM and
ETM+ imagery to facilitate forest boundary detection, but found that different thresholds
must be set depending on the spatial resolution to avoid under- and over-detection of a
boundary. Rahman et al. (2003) used spatial upscaling—or coarsening of spatial
resolution—to determine the best spatial resolution needed to study properties of
grassland and chaparral using AVIRIS data. Schaaf et al. (in press) combined spatial
scaling and MESMA to map vegetation in the Uintah Mountain Range, Utah, USA,
across three spatial resolutions of AVIRIS hyperspectral data: 20.0 m, 40.0 m, and 60.0
m. This study found that the results of the MESMA modeling of vegetation did not vary
drastically across the spatial resolutions (reported accuracies were 87.6% at 20.0 m,
86.1% at 40.0 m, and 83.3% at 60.0 m, each resulting from when the endmembers
selected from the 20 m data were used). Similar spatial scaling analysis for fire detection
and temperature modeling using hyperspectral data may provide valuable information for

the development of future coarser spatial resolution hyperspectral sensors like HyspIRI.
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Figure 1. False color composites of the 2003 Simi (left) and 2009 Station (right) Fires.
Both composites use bands centered at 1.7 um (red), 1.1 um (green), and 0.66 pm (blue).
The Simi composite contains a white border of the subset used for the Gaussian data and

subsequent comparison.



3 METHODS

3.1 ImageData

The AVIRIS sensor has an instantaneous field of view of 1 milliradian, which
produces varying spatial resolutions in acquired data depending on the height of the
platform. Each of the four AVIRIS scenes used in this research was acquired from one of
two aerial platforms: an ER-2 used for high altitude missions, or a Twin Otter that flies at
lower altitudes and acquires finer spatial resolution images. Data for al fireswere
delivered as radiometrically calibrated products, with geometric correction and
geographic referencing provided by an onboard global positioning system and inertial
data (Boardman, 1999). A SWIR-NIR-red composite of each fire scene is shown in Figs.
1and 2.

At approximately 21:05 UTC on October 27, 2003, the AVIRIS sensor onboard a
NASA Twin Otter platform collected data over the Simi Fire in the Santa Susana
Mountains north of Los Angeles, California, USA. The Simi Fire burned atotal of 438
km? from its start on October 25 to November 5, 2003. The platform averaged a 5.6 km
altitude over the flight line, producing a4.0 m spatial resolution in the AVIRIS image.

The Zaca Fire burned nearly 1,000 km? from July 4, 2007 to September 2, 2007 in
the San Rafael Mountains in Santa Barbara County, California, USA, making it one of
the largest and most expensive fires in California history (California Department of
Forestry and Fire Protection, 2007). The AVIRIS sensor onboard a Twin Otter platform

acquired data over a portion of the active fire area at approximately 15:00 UTC on
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August 12, 2007. The average altitude of the platform during data acquisition for this
flight line was 5.6 km, producing an image spatial resolution of 3.8 m.

In June 2008, the Indians Fire burned approximately 300 km? of the Santa L ucia
Mountains along the central coast of California, USA. AVIRIS data were acquired from
an ER-2 platform on June 11, 2008 at approximately 20:50 UTC. The average altitude of
the platform during image acquisition was 19 km, producing a spatial resolution of 16.1
m for the AVIRIS scene.

The 2009 Station Fire burned 650 km? from August 16 to October 16, 2009 in the
San Gabriel Mountains in Los Angeles County, California, USA. On August 31, 2009,
data were gathered for the then full extent of the fire area by AVIRIS onboard an ER-2
platform. The majority of the active fire was covered in four flight lines, with avarying
gpatial resolution ranging between 10.0 and 12.0 m. The imagery from run 10 was
selected for this study because it contained a large portion of the actively burning fire and
was minimally covered by a large pyrocumulus cloud present over other portions of the
active fire. The average atitude of the platform during acquisition of this image was 14.2
km, producing a spatial resolution of 10.7 m.

The center wavelengths and full-width half-maxima of AVIRIS bands change
over time as the sensor is upgraded, so bands were subset independently for each AVIRIS
scene. Spectrafrom each scene were visually examined to determine which bands
contained water vapor absorption or scattering from smoke. Bands with wavelengths
shorter than 1.2 um contained degradation from smoke scattering (Dennison et al., 2006),

and other bands centered near atmospheric water vapor absorption features were rejected.
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A total of 95 NIR and SWIR bands were used for modeling the Zaca, Indians and Station
Fire scenes, and 96 bands were used for modeling the Simi Fire scene.

To test the effects of spatial scaling on fire detection and temperature modeling,
each of the fire images was resampled using pixel aggregation. The images were
resampled by a doubling resample factor until atarget spatial resolution close to 60.0 m
was reached (Table 1). The resample factor was not doubled after the 42.8 m resolution
of the Station Fire, since an 85.6 m resolution was beyond the proposed resolution of
HysplRI. Instead, the 10.7 m Station data was resampled by a factor of six, producing an
image with a spatial resolution of 64.2 m. By maintaining a whole-number resampling
factor, the aggregating of spectra from finer-resolution pixels into each coarser-resolution
pixel was controlled for each fire. A saturation mask was used during the resampling to
prevent saturated spectrafrom being averaged with nonsaturated spectra of other nearby
pixels. The saturation mask assigned null values to bands with saturated spectra, thus
keeping the resampled pixels from being spectrally distorted.

The pixel aggregate method gives equal weighting to all of the original pixels as
they are averaged into coarser resolution pixels during resampling. The radiance within a
single 64 m pixel created from 256 original 4.0 m pixels would be the mean of the
radiance values of the 256 original pixels. However, the pixel aggregate method does not
provide an accurate approximation of the point spread function of a coarser resolution
sensor. A more realistic point spread function for a sensor with a~60.0 m spatial
resolution would more heavily weight the radiance reflected from or emitted by the
center of the instantaneous field of view. For this reason, a Gaussian point spread

function resampling method was used on a subset of the Simi Fire image. A 25 by 25
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pixel kernel was generated with a full width half maximum (FWHM) of 15 pixels (60.0
m), the proposed spatial resolution of HysplRI VSWIR. The kernel was applied to the 4.0
m image using a convolution filter, and the resulting image was then resampled to 60.0
m. The pixel aggregate resampling method was also used to resample the original 4.0 m
saturation-masked subset by a factor of 15 to a60.0 m spatial resolution, so that the
impacts of the two spatial resampling methods could be directly compared.

The radiance values of the two 60.0 m images were compared at four AVIRIS
channels (Fig. 3). Aswavelength increased, more zero values were observed for the
Gaussian resampled data which corresponded with nonzero values in the pixel aggregate
data. These zero values resulted from the saturation mask being applied to alarger area
(25 x 25 pixels) for the Gaussian resampled image. When the masked pixels are
excluded, radiance values were strongly correlated at all four wavelengths (Fig. 3). The
strongest correlation occurred at 597 nm, with an R? of 0.9987. The weakest correlation
occurred in the SWIR at 1603 nm, with an R?of 0.9879, and a RMSE of 0.2539 pWem’
’g™'nm*. RMSE values did increase for the three wavelengths beyond the visible range,
but the highest RMSE value (0.2748 pWem™?sr'nm™) was found at 1098 nm. The lowest

RMSE was 0.0552 pWemsr*nm®, and occurred in the visible range at 597 nm.

3.2 Modeling
This research closely followed the fire temperature modeling methods used in
Dennison and Matheson (2011), with some adjustments due to the spatial scaling. The
HFDI was used to flag pixels likely to contain fire (Dennison and Roberts, 2009). HFDI

isaratio of two SWIR bands centered around 2.43 um and 2.06 pm:
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HEDI = (L2.43ym— L2.06pm)

(L2.43um* L2.06pm)

Surfaces with elevated temperatures emit higher radiance at longer SWIR wavelengths
relative to reflected solar radiance. HFDI will increase when fire is present within a pixel,
allowing discrimination of pixels containing emitted radiance from fire. The index
produces values ranging from -1 to 1, with high positive values indicating a greater
likelihood of fire in a pixel, and lower values indicating a lesser likelihood of firein a
pixel. The threshold for fire detection is dependent on solar zenith angle and atmospheric
water vapor concentration (Dennison and Roberts, 2009), so an appropriate threshold
must be selected by the user. HFDI was calculated for each AVIRIS scene and at each
gpatial resolution using the bands with center wavelengths closest to 2.06 and 2.43 pum.
The following threshold values were empirically selected for the four fire scenes: 0.00
(Simi), -0.15 (Zaca), 0.00 (Indians), and -0.10 (Station).

Pixels with HFDI values below these thresholds were modeled using a two-
endmember linear spectral mixing models to map background land cover. This model has

the form:

Ly = foglang + fslas + &

where L, is the radiance measured by the sensor a each wavelength, L, isthe radiance
of the background endmember at that wavelength, L, is the radiance of the shade
endmember accounting for atmospheric scattering, f,,, and f; arethe fractions of each
endmember which sumto 1, and ¢, isthe residual error. The sum of the residual errors

for all wavelengths was used to calculate root mean square error (RMSE). All unsaturated

(3)

(4)
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pixels with HFDI values exceeding the indicated thresholds were modeled with a three-

endmember linear spectral mixing model to retrieve fire temperature:

L/l = feleem + fbgL/lbg + f:sLls + & (5)

where L, isthe radiance of the emitted radiance endmember at wavelength A, and f,,,
isits associated fraction.

The emitted radiance and shade endmembers were modeled using the radiative
transfer modeling software MODTRAN (Berk et d., 1989), while the background
endmembers were acquired from each of the four finest spatial resolution AVIRIS
scenes. The same modeled emitted and shade endmembers were applied to each
resolution of each fire scene. The background endmembers acquired from the finest
resolution image were also applied to the coarser resolutions, in order to isolate the
effects of changing spatial resolution on fire detection and temperature modeling.

To create the emitted radiance spectral libraries, atotal of 101 blackbody
endmembers were modeled for each fire scene for temperatures ranging from 500 — 1500
K at 10 K intervals. Temperatures lower than 500 K were not used because Dennison et
al. (2006) and Dennison and Roberts (2009) observed that the limited radiance that did
exist in the SWIR for these cooler fire temperatures was unreliable for fire detection and
temperature modeling.

A mid-latitude summer atmospheric model was used for each of the scenes.
Image visibility for all images was set to 23 km, which is an overestimate of the visibility
within the smoky portions of the scenes, but which accurately approximated the scattered

solar radiance of dark objects in the less smoky portions of the scenes. A 5 km visibility
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was tested for the Indians Fire scene, but showed no change in the emitted radiance
endmembers at wavelengths used in the MESMA modeling (Dennison and Matheson,
2011). ACORN (ImSpec LLC) reflectance retrieval software was used to produce an
average atmospheric water vapor concentration in areas near the fire of each scene. The
water vapor values for each fire were: 493 atm-cm for the Indians Fire, 864 atm-cm for
the Simi Fire, 898 atm-cm for the Zaca Fire, and 1069 atm-cm for the Station Fire.
Emitted radiance spectra produced by MODTRAN were convolved to AVIRIS bands
using band centers and FWHM for each dataset.

Like the emitted radiance endmembers, the shade endmembers were modeled for
each fire scene using MODTRAN. This endmember contains only modeled atmospheric
scattering, without emitted or reflected radiance (Eckmann et al., 2008). Each of the
generated shade endmembers was convolved to AVIRIS band centers and FWHM.

Background radiance endmembers were used to account for reflected solar
radiance. Similar to Dennison and Matheson (2011), separate libraries were generated for
smoky and nonsmoky portions of the image to avoid misclassification due to smoke.
During the MESMA modeling, pixels were classified into one of three categories. those
containing smoke, those likely to contain fire, or those containing neither smoke nor fire.
A smoke mask was generated for the original spatial resolution of each fire scene using a
maximum likelihood classification. The masks were spatially resampled to the coarser
resolutions using pixel aggregate resampling, which rounded averaged mask values to the
nearest whole number for smoke or nonsmoke classification. For the subset of the Simi
Fire scene with the Gaussian point spread function applied, the original 4 m smoke mask

was resampled to 60.0 m using nearest neighbor resampling.
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The background endmembers were selected from collected spectrafor six land
cover classes from each original finest resolution image. All of the scenes were acquired
over mountainous areas in either central or southern California, areas which share some
broad vegetation characteristics. For example, dense and sparse stands of chaparral and
other shrubs are common in the region, taller stands of oak forest are located in riparian
areas and north-facing slopes, and grasses are found in disturbed areas (Dennison et al.,
2006). Other nonvegetation land cover types used for background modeling included soil
and rock features, grouped into the same class, and ash. In the Indians Fire scene, a
second class of ash was created to prevent over-modeling of grass in the smoke portion of
the image. This over-modeling of grassin earlier model runs was likely because many of
the ash spectrain the clearly burned smoke portion of the image contained absorption
features similar to ligno-cellulose absorption features in the SWIR, characteristic of
nonphotosynthetic vegetation like senesced grass (Dennison and Matheson, 2011).

An iterative endmember selection algorithm (Schaaf et a., in press) was used to
find the reduced set of background endmembers that was till able to accurately classify
the selected background spectra. Kappa coefficient (Cohen, 1960) was used to assess the
accuracy of background spectrum classification. The iterative endmember selection
algorithm was run until the kappa coefficient reached a minimum of 0.895, or until the
improvement in kappa gained by adding additional endmembers reached a threshold of
0.0025. The final selected endmembers were then divided into the three categories,
smoke, nonsmoke, and fire, with some overlap between the nonsmoke and fire categories.

The fire category endmembers used for modeling fire-flagged pixels included soil/rock
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and ash endmembers from smoky portions of the image, which were also included in the
library to be used to model smoke-flagged pixels.

The number of selected background endmembers, along with their associated
kappa coefficients, is summarized for each fire in Table 2. For al fires, the endmembers
were divided into three broad vegetation classes (grass, chaparral/shrubland, and
oak/riparian forest) and at least two nonvegetation classes (ash and soil/rock). Thefire
endmember libraries for each scene consisted of the nonvegetated smoke endmembers,
with the exception of the Station Fire. Due to varying concentrations of smoke in the
within that scene, all 26 endmembers were used in the smoke library, and 21 of the 26

endmembers were used in the nonsmoke library.

3.3 Multiple Endmember Spectral Mixture Analysis

Each radiance image, paired with a smoke mask and an HFDI mask, was modeled
using MESMA. If a pixel had an HFDI value higher than the HFDI threshold, it was
modeled with three endmembers: an emitted radiance endmember, a shade endmember,
and a background endmember from the fire library. If a pixel had an HFDI value lower
than the threshold, it was modeled with two endmembers: a shade endmember, and a
background endmember from the smoke library if the smoke mask flagged that pixel, or a
background endmember from the nonsmoke library if no smoke was present.

The model used singular-value decomposition to fit al possible combinations of
endmembers from the appropriate libraries in order to solve for the endmember fractions
that best modeled each pixel spectrum. Saturated bands were removed from modeling

using the saturation radiance value for each band, and pixels were required to have two or
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more nonsaturated bands for modeling. Endmember fractions were constrained to
between 0 and 1. The model producing the lowest RM SE was assigned to each pixel.
Modeled temperature and fire fractional areas were compared between all the
resolutions of each fire scene. Modeled temperatures were summed by fire fractional area
to calculate the area modeled at each temperature at each spatial resolution. The
Kolmogorov-Smirnov (K-S) statistic, a nonparametric test (Massey, 1951), was used to
compare the histograms of area modeled at each temperature across the range of spatial
resolutions. A p-value threshold of 0.05 was used, with values lower than this indicating
afailureto rgject anull hypothesis of no difference between two temperature area
distributions. Total area of fire detection was directly compared between all spatial
resolutions using the Lee-Sallee shape index (Lee and Sallee, 1970). Thisindex is
generated by dividing the intersecting area between the two shapes of modeled fire area
by the union of the two areas. Vaues range from 0 to 1, where O indicates no agreement

and 1 indicates total agreement.



21

Figure 2. False color composites of the 2008 Indians (left) and 2007 Zaca (right) Fires.
Both composites use bands centered at 1.7 um (red), 1.1 pum (green), and 0.66 um (blue).
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Table 1. Spatial information of the four original fire scenes and their coarsened
resolutions.

Fire Simi Zaca Indians Station
Platform  Twin Otter Twin Otter ER-2 ER-2
Platform Altitude (km) 5.6 5.6 19.0 14.2
Original Resolution (m) 4.0 3.8 16.1 10.7
Resampled resolutions (m) 8.0, 16.0, 7.6,15.2, 322,644 214,428,
32.0,64.0 30.4, 60.8 64.2

Table 2. Summary of the background endmembers and their respective kappa coefficients
selected for al resolutions of each fire.

Total
Background Non Veg. Nonveg.
Fire Endmembers K smoke Smoke Fire Classes Classes
Simi 37 0.896 19 18 8 3 2
Indians 63 0.801 34 29 14 3 3
Zaca 23 0.899 14 9 4 2
Station 26 0.899 26 21 3 2
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Figure 3. Scatterplots comparing radiance values (in pWemsr nm™) at four wavelengths
of pixels from a subset of the Simi Fire using two different spatial resampling techniques.



4 RESULTS

Modeled temperatures (Fig. 4) and fire fractional area (Fig. 5) were visually
compared for the all resolutions of the Simi Fire scene. For visualization purposes, a
subset of the modeled temperatures and fire fractional area is displayed, including the 60
m resolution subsets comparing the two resampling methods (Figs. 4f-g and 5f-g). Fig. 4
illustrates very similar trends in temperature distribution across all spatial resolutions.
The majority of the fire was modeled with temperatures between 500 and 1000 K, with
the hottest temperatures modeled in pixels along the fire front. Results were similar to
Dennison et al. (2006), who found that the majority of pixels were modeled with
temperatures above 750 K. Cooler temperatures were found in areas ahead of the fire
front, due to scattering of emitted radiance coming from the hot-burning fire front
(Dennison and Matheson 2011). Along the fire front, fewer high-temperature pixels were
modeled at coarser resolution. Thiswas likely due to saturation masking during
resampling. There is a large hotspot along the fire front where temperatures appear to
cool down as the spatial resolution coarsens. The saturated center of this hotspot grows
larger in area as spatial resolution coarsens. As spatial resolution coarsened, fewer
isolated low-temperature pixels were modeled behind the fire front.

The 60.0 m Gaussian resampled image (Fig. 4g) contains a few additional pixels
modeled with fire temperature compared to the 60.0 m pixel aggregate resampled image
(Fig 4f). Most of the additional pixels in the Gaussian resampled image were modeled

with low fire temperatures. Notably, the Gaussian resampled image had fewer modeled
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pixels along the fire front due to the saturation masking procedure. The Gaussian
resampled image had 64 pixels masked as saturated, twice as many pixels masked in the
aggregate resampled image.

Similarly, spatial distributions of fire fractional areas appeared to remain
consistent across multiple spatial resolutions (Fig. 5). In general, the highest fire
fractional areas were modeled along the fire front. In the areas ahead of the fire front
where cooler temperatures were modeled, corresponding fire fractional areas were also
low. Again, larger saturation areas were left unmodeled at coarser resolutions. As spatial
resolution coarsened to 64 m, fire fractional area greatly increased in areas behind the fire
front. The few pixels modeled in the Gaussian resampled data that were not modeled in
the aggregate resampled data possessed low fire fractions. Higher fire fractional areas
appeared to be more spread out in Fig. 5g compared to Fig. 5f.

The modeled temperature and fire fractional area for the full fire extent of the
Simi Fire and for the other fire scenes are provided in Figs. 6 — 13. Results for the other
fires displayed similar patterns across coarsening spatial resolution as the Simi Fire.
Highest temperatures and fire fractions were found in areas along the fronts of fires,
although with coarsening spatial resolution, fire fractional areaincreased in areas behind
the fire. Low temperatures with low fire fractional area were modeled over nonfire pixels
located ahead of the fire fronts, with the exception of the Zaca Fire, where an apparent
nonfire portion of the subset near the fire hot spot was modeled with low temperatures
(Fig. 11), but with high fire fractional area (Fig. 12). This area could have contained
subcanopy ground fires. Temperatures gradually cooled and varied less with coarsening

gpatial resolution, while fire fractional area gradually increased. The number of small,
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isolated hotspots with modeled burning temperatures also decreased with decreasing
gpatial resolution.

By multiplying the dimensions of each pixel by itsfire fractional area, total area
modeled at each temperature was calculated and compared with HFDI-flagged area for
each fire scene (Table 3). In al cases, a coarsening of spatial resolution corresponded
with an increased fire area. HFDI flagged far more area for fire, since area was assessed
based on entire pixels, rather than fire fractional area. The trend for the Zaca, Indians and
Station Fires was that the coarsest resolution modeled approximately 1.5 times the
original resolution’stotal modeled fire area. However, the Simi Fire 64 m data modeled
more than three times the total fire area of the 4.0 m data. HFDI detected fire in a higher
number of pixels and larger area for the Simi data than for the other scenes, both for the
original resolution (211,212 pixels or 3,379,392 m?) and for each subsequent resampling
(e.g., 1215 pixels or 4,976,640 m’ at 64.0 m). While the difference in HFDI area between
the finest and the coarsest resolutions of a fire scene was also greatest for the Simi Fire (a
47% increase in flagged area from 4.0 m to 64.0 m data), the difference was not as great
asthe total modeled fire area for the Simi Fire (a 172% increase in modeled area from 4.0
m to 64.0 m). For the Simi Fire 60.0 m resampling comparison, both HFDI and the
temperature modeling calculated slightly more area for the Gaussian resampled data than
for the aggregate data.

The histograms of total fire area for each temperature were plotted on a
logarithmic scale to highlight differences across awide range of area (Figs. 14 — 18). All
histograms exhibit the broad trend of decreasing area with increasing fire temperature,

regardless of spatial resolution. Area modeled between 500 K and approximately 850 K
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increased with coarsening resolution for the Simi Fire (Fig. 14). It isclear that increase in
areamodeled at coarser spatial resolutions (Table 3) is coming from this temperature
range. Thistrend reverses from 850 to approximately 1150 K, with finer spatial
resolutions exhibiting higher modeled area. Only the two finest resolutions, 4.0 m and 8.0
m, modeled area for the hottest temperatures from approximately 1400 to 1500 K. The
highest temperatures modeled for the three coarsest resolutions were 1410 K for 16 m,
1390 K for 32.0 m, and 1270 K for 64.0 m. The largest area was modeled for the lowest
temperature (500 K) for al resolutions except for 32.0 m, which peaked at 570 K, and
64.0 m, which peaked at 740 K.

By plotting the total area modeled at each temperature for the two 60 m resampled
subsets of the Simi Fire (Fig. 15), minor differences between the two resampling methods
became clearer. The modeled area was similar between the two results across all
temperatures, although the Gaussian data generally yielded more modeled area for
temperatures between 500 and 800 K. The range with the largest area difference between
the two resampling techniques was between 500 and 550 K. The results from the 60.0 m
pixel aggregate resampled image produced its largest modeled areaat 700 K, while the
60.0 m Gaussian resampled image had the largest modeled area at 540 K. For
temperatures beyond 800 K, both resampling methods produced a comparable results,
although the Gaussian resampled image had one pixel modeled at 1270 K, while the
aggregate resampled image had a cooler maximum temperature of 1190 K.

Histograms for the five resolutions of the Zaca Fire (Fig. 16) demonstrate smilar
patterns to those of the Simi Fire, albeit on a smaller scale, since the fire captured in the

scene was much smaller. For the range of temperatures from 500 to approximately 900 K,
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greater area was generally modeled for coarser resolutions. Peak area was modeled at 520
K for all spatial resolutions except for 60.8 m, which peaked at 560 K. Area drops
considerably for temperatures beyond 900 K for all spatial resolutions, but unlike the
Simi Fire, coarser resolutions up to 30.4 m have a small area modeled at 1500 K. Thereis
agap in modeled temperature for all spatial resolutions between the range of 1340 and
1460 K. Coarser spatial resolutions have alarger gap; for example, the gap for 30.4 m
dataranges from 1020 to 1490 K, while the gap for 3.8 m data only ranges between 1340
and 1490 K.

For the Indians Fire scene (Fig. 17), the three resolutions produced similar
distributions for low temperatures between 500 and 600 K. The peak area modeled for al
resolutions was at 550 K. Total area modeled at each temperature produced similar
histograms for the Station Fire (Fig. 18). The Station Fire was larger, so more area was
modeled for awider range of temperatures. With the exception of the temperature range
510 - 680 K, area modeled for temperatures below 1050 K remained consistent across all
gpatial resolutions. All resolutions modeled the largest area at 500 K. 10.7 mand 21.4 m
gpatial resolutions produced reduced modeled area for 510 — 540 K, while coarser spatial
resolutions modeled no area within this temperature range. For hotter temperatures, more
areawas generally modeled by the finer spatial resolutions.

The results from the Kolmogorov-Smirnov nonparametric tests between the
temperature-area distributions at each spatial resolution are summarized in Table 4. For
all of the fires, the distributions from the finest resolution data and from the coarsest
resolution data were statistically different. With the exception of the Zaca Fire, al of the

fire scenes display atrend where each resolution’s distribution could not be considered
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statistically different from that of the next coarsest resolution. The Zaca Fire's
distributions were statistically different between the 15.2 m and 30.4 m resolutions, and
between the 30.4 m and 60.8 m resolutions. The small size of the Zaca Fire within the
AVIRIS scene could have contributed to the significance differences between these
gpatial resolutions. For example, at 60.8 m, only 52 pixels in the scene were flagged as
likely to contain fire by HFDI. Another exception to the overall trend occurred in the
Station Fire scene, where the distributions for 21.4 m and 64.2 m could not be considered
statistically different. The K-Stest between the two 60.0 m subsets of the Simi Fire
produced a D-gatistic of 0.069 and a p-value of 0.963, indicating a high correlation
between the histogram distributions.

Spatial agreement in fire detection area between different spatial resolutions, as
assessed by the Lee-Sallee index, was consistently highest for the comparison of the
finest resolution and the first resampled resolution (Table 5). Agreement was higher for
closer spatial resolutions (e.g., 8.0 mand 16.0 m), and decreased for more widely
separated spatial resolutions (e.g., 8 mand 32 m). Table 5 also shows a pattern of
decreasing Lee-Sallee values between sequential resolutions as spatial resolution
coarsened (e.g., values along the diagonal for each fire). Overall agreement was best
between the 3.8 m and 7.6 m resolutions of the Zaca Fire, with a Lee-Sallee value of
0.909. Interestingly, the Zaca Fire also contained the pair of resolutions that produced the
poorest agreement, a Lee-Sallee value of 0.669 between the 30.4 mand 60.8 m
resolutions. Comparison between the two 60.0 m subsets of the Simi Fire produced a

Lee-Sallee value of 0.832, indicating fair agreement.
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Mean RM SE values were assessed for pixels modeled at four selected
temperatures across al spatial resolutions of each fire scene (Table 6). Reference
temperatures of 500, 700, 900, and 1100 K were selected, but two scenes (the Simi Fire
60.0 m subsets and the Zaca Fire) had poor representation at those temperatures so
alternative temperatures were selected (Table 6). Where the coarsening factor was
doubled from the previous resolution, the number of pixels modeled at each temperature
decreased approximately by a factor of 2 as spatial resolution coarsened. Higher modeled
temperatures produced higher mean RM SE values, but mean RM SE values also tended to
decrease as spatial resolution coarsened. For the Simi subset, temperatures were selected
for which both resampling methods modeled a comparable fire fractional area.
Correspondingly, both methods modeled a similar number of pixels for each temperature.
For all shown temperatures except for 1190 K, the pixel aggregate resampled data
produced higher mean RM SE values than the Gaussian resampled data. Examination of
residual spectral trends showed that residuals were largest near atmospheric water vapor
absorption features, similar to trends observed by Dennison and Matheson (2011).

Background endmembers were modeled similarly across all spatial resolutions of
all four fire scenes. An example is shown for the subset of the Simi Fire, including the
two 60.0 m subsets comparing the two resampling methods (Fig. 11). Qualitatively,
classifications across all spatial resolutions match up very well with land cover as it
appears in the radiance images, although more and more detail was lost with coarsening
gpatial resolution. The saturated areain the fires (in red) can be seen growing larger with
coarser spatial resolutions. More pixels were saturated in the Gaussian resampled image

aggregate resampled image, although the saturated areas are spatially co-located. Minor
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differences in the background classification occurred because of the difference in
resampling methods. These differences consisted mostly of conflicts between soil/rock
and ash, grass and soil/rock, and between the three vegetation classes. Background

endmember modeling results for all of the scenes are shown in Fig. 19 — 23.
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Figure 4. Modeled temperatures for a subset of the Simi Fire scene at spatial resolutions
of 4.0 m (a), 8.0 m (b), 16.0 m(c), 32.0 m(d), 64.0 m (e), 60.0 m pixel aggregation
resampled (), and 60.0 m Gaussian resampled (g).
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Figure 5. Modeled fire fractional area for a subset of the Simi Fire scene at spatial
resolutions of 4.0 m (a), 8.0 m(b), 16.0 m(c), 32.0 m (d), 64.0 m (e), 60.0 m pixel
aggregation resampled (f), and 60.0 m Gaussian resampled (g).
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Figure 6. Modeled temperatures for the Simi Fire scene at spatial resolutions of 4.0 m (a),
8.0m(b), 16.0 m(c), 32.0 m (d), and 64.0 m (e).
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Figure 7. Modeled fire fractional area for the Simi Fire scene at spatial resolutions of 4.0

m (a), 8.0 m (b), 16.0 m(c), 32.0 m (d), and 64.0 m (e).
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Figure 8. Modeled temperature for the Indians Fire scene at spatial resolutions of 16.1 m
(@), 32.2m (b), and 64.4 m (c).



Figure 9. Modeled fire fractional area for the Indians Fire scene at spatial resolutions of
16.1 m (@), 32.2 m (b), and 64.4 m (c).
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Figure 10. Modeled temperature for the Zaca Fire scene at spatial resolutions of 3.8 m
(@, 7.6 m(b), 15.2 m(c), 30.4 m(d), and 60.8 m (e).
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Figure 11. Modeled fire fractional area for the Zaca Fire scene at spatial resolutions of
3.8m(a), 7.6 m(b), 15.2m(c), 30.4 m(d), and 60.8 m (e).
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Figure 12. Modeled temperature for the Station Fire scene at spatial resolutions of 10.7 m
(@), 21.4 m (b), 42.8 m(c), and 64.2 m (d).
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Figure 13. Modeled fire fractional area for the Station Fire scene at spatial resolutions of

10.7m(a)

, 42.8 m(c), and 64.2 m (d).
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Table 3. Total modeled fire area for all spatial resolutions of each fire scene.

Total HFDI -
Flagged Area  Total Modeled
Resolution (m?) Fire Area (m?)
SIMI
64.0 m 4,976,640 1,022,406
32.0m 4,154,368 656,209
16.0m 3,720,448 475,394
8.0m 3,471,616 405,503
40m 3,379,392 376,365
SIMI RESAMPLING COMPARISON
60.0 m Pixel
Aggregate 2,138,400 383,645
60.0 m Gaussian 2,300,400 463,766
INDIANS
64.4m 10,837,052 3,499,755
32.2m 10,125,779 3,146,770
16.1m 9,745,259 2,896,847
ZACA
60.8 m 192,225 59,789
304 m 177,439 58,162
15.2m 169,583 47,069
7.6m 168,890 41,154
3.8m 169,901 39,202
STATION
64.2m 20,612,322 3,546,167
42.8m 20,525,767 3,160,673
21.4m 20,236,794 2,683,086
10.7m 20,067,807 2,493,645
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Figure 14. Histograms showing total area modeled at each temperature for all spatial

resolutions of the Simi Fire. Temperatures for which no area was modeled are not shown,
which produces “missing lines” between some individual points.
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Figure 15. Histograms showing total area modeled at each temperature for a subset of the
Simi Fire comparing two resampling methods at two spatial resolutions. Temperatures for
which no area was modeled are not shown, which produces “missing lines’ between
some individual points.
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Figure 16. Histograms showing total area modeled at each temperature for all spatial
resolutions of the Zaca Fire. Temperatures for which no area was modeled are not shown,
which produces “missing lines” between some individual points.
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Figure 17. Histograms showing total area modeled at each temperature for all spatial
resolutions of the Indians Fire. Temperatures for which no area was modeled are not
shown, which produces “missing lines’ between some individual points.
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Figure 18. Histograms showing total area modeled at each temperature for all spatial
resolutions of the Station Fire. Temperatures for which no area was modeled are not
shown, which produces “missing lines’ between some individual points.



Table 4. Kolmogorov-Smirnov statistics for comparisons of area modeled at each
temperature for all spatial resolutions of the Simi, Indians, Zaca, and Station Fires.

a7

Shaded values have corresponding statistically significant p- values, indicating that the

distributions are significantly different.

SIMI
80m
16.0m
32.0m
64.0 m

ZACA

7.6m
152m
304 m
60.8 m

40m

80m 160m 320m

0.1089

0.2178

0.1782

0.2376

0.2178

0.2277

0.3663

0.3465

0.2574

0.1782

3.8m

7.6 m

152m 304 m

0.0990

0.2079

0.1287

0.3960

0.3168

0.1881

0.6238

0.5446

0.4158

0.2277

INDIANS
32.2m
64.4m

STATION
21.4m
42.8m
64.2m

16.1m

32.2m

0.1262

0.2816

0.1748

10.7 m

21.4m

42.8m

0.1188

0.2277

0.1683

0.2772

0.2376

0.1089

Table 5. Lee-Sallee shape index results comparing the area of all pixels modeled with a

fire fraction for all spatial resolutions of the Simi, Indians, Zaca, and Station Fires,

respectively.
SIMI 80m 160m 320m 640m
40m | 0.853 | 0.767 | 0.67/6 | 0.570
8.0m 0.815 | 0.707 | 0.591
16.0m 0.768 | 0.627
320m 0.701
ZACA 76m 152m 304m 60.8m
3.8m| 0.909 | 0.851 | 0.750 | 0.606
7.6m 0.885 [ 0.770 | 0.610
152m 0.810 | 0.634
304 m 0.669

INDIANS
16.1m
32.2m

STATION
10.7 m
21.4m
42.8m

322m 644m
0.806 | 0.706
0.761
214m 428m 64.2m
0.828 | 0.744 | 0.701
0.797 | 0.739
0.788




Table 6. Mean RMSE values (in pWem™sr'nm™) for pixels modeled with specific
temperatures at all resolutions of each fire scene.

Spatial
Resolution
40m
80m
16.0 m
32.0m
64.0m

60.0 m
Gaussian
60.0 m
Aqggregate

10.7 m
21.4m
42.8 m
64.2m

16.1m
322m
64.4 m

3.8m
7.6m
15.2m
30.4m
60.8m

SIMI
500 K 700 K 900 K 1100 K
Mean Mean Mean Mean
Pixds RMSE Pixds RMSE Pixds RMSE Pixds RMSE
9,696 0.0339 7,270 0.2025 2,877 0.2837 371 0.4390
2,342 0.0329 1,928 0.1750 763 0.2857 113 0.3499
595 0.0327 514 0.1469 206 0.2487 23 0.3033
126 0.0342 120 0.1149 46 0.1749 9 0.1923
29 0.0332 29 0.0603 8 0.0692 1 0.0543
SIMI Subset
550 K 720 K 930 K 1190 K
Mean Mean Mean Mean
Pixds RMSE Pixds RMSE Pixds RMSE Pixds RMSE
9 0.0466 25 0.0577 7 0.0482 1 0.0004
8 0.0501 18 0.1174 6 0.0957 1 0.0004
STATION
500 K 700 K 900 K 1100 K
Mean Mean Mean Mean
Pixds RMSE Pixds RMSE Pixds RMSE Pixds RMSE
16,565 0.0273 2,270 0.2374 1,747 0.3754 241 0.4869
4,178 0.0273 639 0.2275 380 0.3366 57 0.4850
1,134 0.0272 147 0.1672 115 0.2877 10 0.2321
561 0.0270 51 0.1717 31 0.3525 12 0.2414
INDIANS
500 K 700 K 900 K 1110 K
Mean Mean Mean Mean
Pixds RMSE Pixds RMSE Pixds RMSE Pixds RMSE
1,142 0.0751 617 0.2543 192 0.5604 19 0.7975
269 0.0781 153 0.2049 49 0.5738 5 0.3296
74 0.0706 58 0.1610 13 0.2945 1 0.2043
ZACA
520 K 710 K 950 K
Mean
Pixdls RMSE Pixels Mean RMSE Pixes Mean RMSE
2,133 0.1309 133 0.3635 106 0.9434
532 0.1291 37 0.3239 31 0.8249
150 0.1202 11 0.2065 8 0.6266
35 0.1205 1 0.0724 4 0.7196
9 0.1062 1 0.0267 1 0.1288
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. Saturated Grass
. ChaparrallShrubIand. Soil/lRock
Oak Forest . Ash

Figure 19. Background endmembers mapped from the Simi Fire scene at spatial
resolutions of 4.0 m (a), 8.0 m (b), 16.0 m(c), 32.0 m (d), 64.0 m (€), 60.0 m pixel
aggregate resampled (f), and 60.0 m Gaussian resampled (g).
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Grass

M soiliRock

Ash

Figure 20. Background endmembers mapped for the Simi Fire scene at spatial resolutions
of 4.0 m(a), 8.0 m(b), 16.0 m(c), 32.0 m (d), and 64.0 m (e).
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. Saturated

. Chaparral/Shrubland
Soil/Rock

Grass

Sparse Shrubland
Oak Forest

Figure 21. Background endmembers mapped for the Zaca Fire scene at spatial resolutions
of 3.8 m(a), 7.6 m(b), 15.2 m(c), 30.4 m (d), and 60.8 m (e).
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- Saturated
Ash 1
Ash 2

. Soil/Rock
B Chaparral/Shrubland

Oak/Riparian Woodland
Grass

Figure 22. Background endmembers mapped for the Indians Fire scene at spatial
resolutions of 16.1 m (a), 32.2 m (c), and 64.4 m (d). “Ash 1" lacks SWIR absorption
features, and “Ash 2" exhibits apparent lignocellul ose absorption.



. Saturated
Grass

. Oak Forest
Chaparral/Shrubland
Soil/Rock

. Ash

Figure 23. Background endmembers mapped for the Station Fire scene at spatial
resolutions of 10.7 m (&), 21.4 m (b), 42.8 m (c), 64.2 m and (d).
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5 DISCUSSION

Coarsening spatial resolution did have an effect on modeled fire area and
temperature, although the general distributions of temperature and fire fractional area
remained similar. Modeling at coarser resolutions produced larger areas of low fire
temperature with lower modeling error. During spatial resampling, the radiance spectra of
many smaller pixels (4, 16, 64, or 256) were averaged into those of a single larger pixel.
Smaller pixels with higher radiance values from hotter fire temperatures were averaged
with more numerous lower radiance values from cooler fires and nonfire background
reflected radiance. This explains the increase in modeled fire fractional area for cooler
temperatures as spatial resolution coarsened. Hotter temperatures were still modeled at
coarser resolutions, although the modeled fractional area for these temperatures remained
low, comparable to the area modeled for finer spatial resolutions.

One of the limitations of temperature modeling is the assumption of single
temperature blackbody emission, even though fire is spatially and temporally dynamic
and highly variable across the smallest of spaces. The emitted radiance measured within a
single pixel can come from multiple combusting fuel elements, even at very high spatial
resolutions. Thus, modeled temperature is an effective temperature based on the shape of
emitted radiance and should not be directly equated with the kinetic temperature of the
fire. Decreases in RMSE with coarsening spatial resolution indicate that fire emission
may more closely resemble blackbody emission when radiance is averaged over larger

areas. Collection of in situ data could improve understanding of the spatial distribution of
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fire temperature and emitted radiance. Odion and Davis (2000) evaluated fire temperature
and soil heating in chaparral stands using Tempilac paints, which melt at specific
temperatures, on the soil surface (Tempil, Plainfield, New Jersey, USA). While fire
temperatures fluctuate at different heights from the surface (Brooks, 2002), the use of
temperature sensitive materials or thermocouples within a stand of burning vegetation
could offer a reasonable first approach to surveying in situ temperature variability.
Saturation of the AVIRIS instrument had a major impact on modeling, especially
at coarser spatial resolutions where longer wavelength bands were frequently masked.
While the saturation mask ensured that saturated bands in high radiance pixels were
excluded from modeling, it also resulted in a loss of valid information when the same
bands were discarded from adjacent nonsaturated pixels included in the resampling. The
AVIRIS saturation threshold in the SWIR as evaluated from the Simi Fire data was
approximately 30 pW cm™ sr™ nm™. To find a more appropriate saturation threshold for
the HyspIRI VSWIR instrument, temperature and fractional area from the Simi Fire 60.0
m Gaussian resampled data were used to calculate blackbody emission spectra for all
bands. The pixel with the highest emitted radiance possessed a temperature of 940 K and
a fire fractional area of 81%. Peak radiance for a blackbody with these characteristics
occurs in the SWIR at 178 uW cm™ s nm™ when accounting for the modeled
atmospheric conditions for the Simi Fire AVIRIS image. Therefore, an ideal SWIR
saturation threshold for HyspIRI VSWIR should be at least higher than this radiance
value. It should be noted that this threshold was calculated from unsaturated bands. A

higher threshold might result if data from bands saturated by the hottest areas of the four
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fires could be analyzed, although these hot spots would also likely have low fractional
areas within a 60.0 m pixel.

Spectral averaging with spatial resampling also had an effect on background
endmember modeling. Variability of land cover was reduced in coarser resolution images
when compared to finer resolutions. The broad land cover characteristics did remain
consistent across all spatial resolutions, and confusion between widely different land
cover types (e.g., oak forest vs. soil/rock) were rare, even for the coarsest resolution data
for each fire scene. Classification accuracies were not assessed due to the lack of in situ
data for all fires. Additionally, this study did not examine the use of endmembers
retrieved from coarser spatial resolutions in the MESMA modeling. Endmember
selection from finer spatial resolutions can improve overall accuracy (Clarke et al., 2001),
while selection from coarser resolutions can decreases accuracy (Schaaf et al., in review).
Relatively lower accuracy may therefore be expected when modeling with endmembers
selected from resolutions closer to 60.0 m, but this remains to be tested, since no pre-fire
in situ reference data existed for the fires used in this study.

RMSE decreased with coarsening spatial resolution. This implies that the spatially
averaged spectra more closely resemble the spectral shape of a single temperature-
emitting blackbody than spectra at finer resolutions. A caveat must be introduced here,
since for temperatures at or higher than 1100 K, often only a single pixel was modeled
from the coarsest resolution of each fire scene. For example, for each of the two 60.0 m
subsets of the Simi Fire, only four bands were used to model a single pixel with 1190 K
spectra (Table 6). The modeling algorithm ensured that at least two bands remained

unsaturated to model temperature; however, Eckmann et al. (2008) recommended that a
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minimum of four bands be used for temperature modeling. While the high spatial and
spectral resolutions of AVIRIS data lend themselves well to modeling temperature even
with only two bands, it is recommended that future MESMA modeling with HyspIRI data
uses a minimum of four unsaturated bands to adjust for HyspIRI’s coarser spatial
resolution. Alternately, by adjusting the saturation thresholds of HyspIRI’s SWIR

spectral channels, as previously suggested, less saturation would occur, resulting in a

higher number of bands left unsaturated for modeling temperature.



6 CONCLUSIONS

This study examined the performance of HFDI fire detection and MESMA
temperature modeling across multiple spatial resolutions of four AVIRIS datasets
containing actively burning wildfires. A saturation mask was used to ensure that saturated
spectrawould not distort radiance values in the spatially aggregated data. Spatial
aggregation was compared to a more accurate Gaussian point spread function at 60.0 m
resolution, and the two resampling techniques were found to produce similar results.
Modeling results supported the viability of hyperspectral fire detection and temperature
modeling of data with spatial resolutions similar to HyspIRI’ s proposed 60.0 m by 60.0 m
pixel dimensions. No threshold within the spatial range of 4.0 —60.0 m was detected for
the four images that limited the reasonable performance of HFDI and MESMA modeling.
That being stated, coarser hyperspectral data, such asthat collected by the future HyspIRI
sensor, may be expected to model more fire area at lower temperatures when compared
against smultaneously acquired higher spatial resolution data.

Wildfires are complex and hazardous, and can produce both devastating and
renewing effects on human and natural systems. Remote sensing is one of the better tools
for observing wildfire, but cannot by itself assess or anticipate fire behavior. When used
in conjunction with in situ data and lab measurements, however, remotely sensed data
may provide snapshots of fire patterns that can be used to better understand and more

effectively manage wildfire as a physical phenomenon.
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Hyperspectral data, particularly in the SWIR region of the spectrum, are critical to
modeling the emitted radiance of wildfires. The proposed HysplRI sensor promises vastly
superior temporal resolution to AVIRIS, providing lower cost global coverage that will
allow for more dynamic analysis of wildfire temperature patterns, burn severity, and post-
fire succession. Further research in these areas can further improve modeling of wildfire
properties. Adjustments to saturation thresholds in SWIR channels on the HyspI RI
VSWIR sensor—higher than 178 pW cm™ ™ nm™* based on modeled temperatures and
fractions from one AVIRIS scene—could ultimately provide more unsaturated bands for

more effective fire detection and temperature modeling.
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